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CHAPTER 1

Introduction
“The Wheel of Time turns, and ages come and pass,
leaving memories that become legend. Legend fades to
myth, and even myth is long forgotten when the Age that
gave it birth comes again. In one Age, called the Third
Age by some, an Age yet to come, an Age long past, a
wind rose along the Erasmus Bridge. The wind was not
the beginning. There are neither beginnings nor endings
to the turning of the Wheel of time. But it was a
beginning.”
— Robert Jordan, The Wheel of Time
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Chapter 1. Introduction
Sora recently visited his doctor because he had constant headaches,
often felt nauseous, and had blurry vision. His doctor referred
him to the hospital, where he came under the care of Egwene, a
neuro-oncologist, who explained to him that he might have a brain
tumour and that she wanted to take a scan of his brain. Shocked
and a bit worried by this news, Sora went into the MRI scanner,
which he was told could make an image of the tumour inside his
head. At the same time Sora was getting out of the scanner, his
scans were being analyzed by a computer that could pick up on
details of the scan invisible to the human eye. The computer used
these scan details to determine several tumour characteristics
related to the aggressiveness of the tumour. A couple of minutes
later, Sora walked back into the office of Egwene, who had already
looked at the scans and the tumour characteristics provided by the
computer. Based on Egwene’s experience with these tumours and
the information provided by the computer, she could comfort Sora
and tell him that the tumour did not appear to be very aggressive.
Together they discussed possible treatment options and the best
course of action from here on out. By analyzing the scan using a
computer directly after the scan was made, Sora could go home
without worrying about the results of his scan, and Egwene could
rest assured knowing that she could optimally tailor the treatment
to Sora’s specific situation.

Although the above story is currently (unfortunately) still fictional, research in
medical imaging has rapidly evolved over the last couple of years, bringing the existence
of such automated analysis systems closer to reality than ever before. However, there
is still a gap to bridge before they can find their way into the clinic. Therefore, in this
thesis, I focus on automated systems that analyze MRI scans of glioma patients and
provide clinicians with additional information earlier in the clinical decision making
process, enabling them to provide care that is more tailored to each patient.

1.1

Glioma

When cells reproduce, genetic mutations can occur that result in the uncontrollable
growth of the cells. This uncontrollable growth of new cells is commonly known as
cancer. When the cancerous cells lump together, the single mass that they form is
called a tumour. Tumours can originate from and occur almost everywhere in the
human body, and the location where the tumour occurs is not always the same as
the location from which the cancerous cells originate. When the cancerous cells form
a tumour in the location from which they originate, the tumour is called a primary
tumour. Hence, primary brain tumours are tumours located in the brain that are
formed by cells that mutated from (healthy) brain cells.
Since different types of brain cells exist, the cancerous cells can have mutated from
these different cells. Therefore, primary brain tumours are categorized by the type
of brain cells from which they mutated, with gliomas being the most prevalent [1].
Gliomas are tumours which cancerous cells mutated from glial cells. Glial cells, which
play a supporting role in the central nervous system, are the most abundant cell type
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in the brain [2]. Although glioma have a low incidence compared to other cancers,
around 1.7 % globally, they are one of the deadliest with a median survival of nine
months in the worst case to fifteen years in the best case [1, 3, 4]. Unfortunately,
no cure exists for glioma but there are several treatments that can prolong the life
expectancy and/or quality of life of patients. Since no two glioma are the same, the
treatment is tailored to each specific case in order to deliver the best possible treatment
for each patient. Therefore, it is important to categorize glioma in a clinically relevant
way, to support the clinical decision making process, leading to better patient care.

1.2

Categorization of glioma

Historically gliomas were categorized based solely on their histopathological appearance,
that is, the appearance of the tumour cells under a microscope. Up to 2016, the
World Health Organization (WHO) recognized four different types of glioma based
on the type of glial cell visible in the tumour tissue: astrocytoma, oligoastrocytoma,
oligodendroglioma, and glioblastoma multiforme (GBM) (since 2016 known as just
glioblastoma)1 [5]. Classifying glioma based on their glial cell type is often called
typing. In addition to glioma typing, tumours were assigned a grade to indicate their
aggressiveness; this process is referred to as grading. The grade was either II, III, or
IV, with a grade IV glioma being the most aggressive. Although grade I glioma exist,
these are regarded as benign and as such are excluded from further consideration in
this thesis. Historically, grade II glioma were often referred to as low grade glioma
(LGG), and grade III and grade IV glioma were referred to as high grade glioma
(HGG). There is some relation between the type and grade of a glioma; glioblastoma
are grade IV glioma, the most aggressive type, while astrocytoma, oligoastrocytoma,
and oligodendroglioma are less aggressive and can be either grade II or grade III2 .
This categorization based on tumour typing and grading is suboptimal. Firstly,
histopathological categorization and tumour grading are very observer-dependent [6, 7].
Since clinical decision making depends on this categorization, this observer dependency
could lead to an inadequate treatment of the tumour [7]. Secondly, within these
categories, large differences between the survival of patients existed [8]. This suggests
a different underlying mechanism that determines the aggressiveness of the tumour
than what the categorization based on grade and type accounts for. For example,
some grade II and grade III glioma showed survival rates more characteristic of grade
IV glioma than other grade III glioma. It was found that this difference in survival
can be better explained by the genetic features of the tumour [8, 9]. Therefore, in
2016 the WHO updated the categorization of glioma to include these genetic features
and classification now depends less on the histopathology alone [10]. This update led
to better patient stratification and more objective categorization of glioma [11]. An
overview of the WHO 2016 guidelines and their relation to the previous guidelines is
presented in Figure 1.1.
1 For readers unfamiliar with the newly introduced terms, a glossary is available on page 245 as a
reference.
2 Officially glioblastoma are grade IV astrocytoma, however in practice these are always referred
to as glioblastoma, while astrocytoma refers to the grade II/III tumours.
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Grade
Histopathology
Pre-WHO 2016

IDH status

Grade II & III

Astrocytoma

Oligoastrocytoma

IDH-mutated

1p/19q status

1p/19q co-deleted

1p/19q intact

WHO 2016
Category

Oligodendroglioma
IDH-mutated
1p/19q co-deleted

Diffuse
astrocytoma
IDH-mutated

Grade IV

Oligodendroglioma

Glioblastoma multiforme

IDH-wildtype

IDH-mutated

IDH-wildtype

Diffuse
astrocytoma
IDH wildtype

Glioblastoma
IDH-mutated

Glioblastoma
IDH-wildtype

Figure 1.1: The World Health Organization (WHO) 2016 categorization of
glioma. The aggressiveness of the tumours increases from left
to right.
In the updated guidelines, glioma typing has become less relevant. The histopathology now only needs to distinguish (what were historically) astrocytoma and oligodendroglioma (LGG) on the one hand and glioblastoma (HGG) on the other hand.
with the introduction of the 2016 guidelines, the definition of LGG and HGG also
changed; grade III glioma are now often considered LGG instead of HGG. However,
this categorization is still a topic of debate and guidelines are continuously updated as
new evidence on better categorizations becomes available [12]. In this thesis, grade
II and III glioma are considered LGG and grade IV glioma are considered HGG, in
accordance with WHO 2016 guidelines. The new guidelines no longer recognize oligoastrocytomas; instead LGG can now only be either astrocytoma or oligodendroglioma.
This greatly reduces the observer variability as the genetic features are more clearly
defined than the histopathological features. Further categorization of the glioma is
now based on two genetic features: the isocitrate dehydrogenase (IDH) mutation and
1p/19q co-deletion. These are two genetic features that occur at specific parts of
the genome but only occur in the genome of the tumour and not in the genome of
the healthy tissue. When the IDH gene is normal (the same as the IDH gene of the
healthy tissue), the tumour is referred to as IDH-wildtype. If the IDH gene is mutated
from the normal gene, the tumour is an IDH-mutated tumour. The same holds for the
1p/19q co-deletion: if it is the same as the original chromosome it is 1p/19q intact, if
it mutated from the original it is 1p/19q co-deleted.
Within the LGG (what was previously astrocytoma, oligoastrocytoma, and oligodendroglioma), the following categories now exist:
• Diffuse astrocytoma, IDH-wildtype
• Diffuse astrocytoma, IDH-mutated and 1p/19q intact
• Oligodendroglioma, IDH-mutated and 1p/19q co-deleted
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No category exists for IDH-wildtype 1p/19q co-deleted glioma as it was found that all
1p/19q co-deleted tumours are also IDH-mutated [13]. Although the terms astrocytoma
and oligodendroglioma are still used in the updated guidelines, they no longer carry
the same meaning as before, since their categorization is no longer based on the glial
cell type but instead on the genetic features. Among the LGG, the oligodendrogliomas
have the best prognosis and the diffuse astrocytomas IDH-wildtype show the worst
prognosis [9]. Due to the aggressiveness of IDH-wildtype astrocytoma, it is even
suggested that these are actually misclassified glioblastoma [14, 15].
The WHO 2016 guidelines also categorize glioblastoma based on the IDH mutation
status, where IDH-mutated glioblastoma have a better prognosis than IDH-wildtype
glioblastoma. Although the guidelines currently only include the IDH mutation
status for the categorization of HGG, there is another genetic feature that plays
an important role in glioblastoma: O6 -methylguanine-methyltransferase (MGMT)
methylation. Patients with MGMT methylated tumours survive longer than patients
with MGMT unmethylated tumours [16, 17, 18]. Thus, although not used for glioma
typing, the MGMT methylation status is often relevant for clinical decision making
[11].
Not only do genetic features determine the aggressiveness of the tumour, but they
also influence the tumour’s response to certain treatments. For example IDH-mutated
glioma respond better to radiotherapy than IDH-wildtype glioma, and the 1p/19q
co-deletion status and MGMT methylation status might be predictors of the tumour’s
sensitivity to chemotherapy [19, 20]. Thus, it is important to know the genetic features
of a glioma, both for the prognosis of the patient and for deciding on the most suitable
treatment.
In current clinical practice, the genetic and histopathological features are determined from tumour tissue obtained through biopsy or resection. In the case of a biopsy,
a small part of the tumour is removed for analysis to decide on the further treatment
of the tumour. Thus, biopsies are not part of the treatment but are merely used to
decide on further treatment options. Resection is part of the treatment process and
involves surgically removing as much of the tumour as possible. Part of the removed
tumour can then be used for the genetic and histopathological analysis to decide on
follow-up treatments, such as chemotherapy and radiotherapy. Taking a biopsy or
resecting the tumour requires intrusive surgery, which not only puts an extra burden
on the healthcare system but also comes with a risk for the patient [21]. Therefore, it
would be beneficial if the genetic features of a glioma can be determined without the
need for a biopsy in cases where the sole purpose of the biopsy is to obtain tissue to
assist in clinical decision making.
A non-invasive method to determine the genetic features of the tumour not only
obviates the need for an intrusive surgical operation, but it can also provide relevant
information earlier in the treatment process, which can aid in the clinical decision
making. In the case of an asymptomatic tumour with a favorable genetic profile
a watch-and-wait approach may be considered since leaving the tumour untreated
might have less of a negative impact than the potentially damaging effect of the
treatment on the healthy tissue [22, 23]. Since magnetic resonance imaging is already
part of the standard clinical pathway for glioma patients, it is the ideal candidate
for a non-invasive way of identifying the genetic and histopathological features of the
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tumour.

1.3

MRI analysis of glioma

Magnetic resonance imaging (MRI) is an imaging technique that uses the magnetic
properties of protons, one of three elementary particles that form an atom, to create
an image. Although protons appear in all atoms, hydrogen atoms are of particular
interest. Water molecules contain two hydrogen atoms and since the majority of the
human body consists of water, hydrogen atoms (and thus protons) are abundant in the
human body, especially in soft tissue. This abundance of hydrogen atoms makes them
an ideal candidate to use for imaging. Furthermore, hydrogen atoms consist of a single
proton, simplifying their magnetic properties and thus making them easier to use in
the imaging process. An magnetic resonance imaging (MRI) scanner manipulates the
protons to form an image and can even manipulate them in different ways to obtain
different imaging contrasts. An example of an MRI scanner is shown in Figure 1.2.

Figure 1.2: A magnetic resonance imaging (MRI) scanner.
MRI is routinely used in clinical care to distinguish between healthy and diseased
tissue and to characterize the type of diseased tissue. Shortly after the first introduction
of MRI, it was proposed that the method could be used to identify tumours [24]. After
some improvements, the technique was first applied to the brain in 1980 [25], and in
the same year MRI was first used to investigate a brain tumour [26]. Since then, the
quality of MRI scans has vastly improved and MRI techniques have been developed
that can image various tissue characteristics. Some examples of MRI scans are shown
in Figure 1.3, showing different tissue characteristics, although many more techniques
to image other tissue characteristics exist. In these scans, the tumour can clearly be
seen, which provides the clinician with important information in a non-invasive way,
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with minimal risk for the patient. Therefore, MRI is part of the standard-of-care for
brain tumour diagnosis and treatment decisions.

(a) Pre-contrast T1-weighted scan.

(b) Post-contrast T1-weighted scan.

(c) T2-weighted FLAIR scan.

(d) T2-weighted scan.

Figure 1.3: Examples of MRI scans with different contrasts, the red arrows
point to the tumour. On some scans (a, b) the tumour appears
darker than the surrounding healthy tissue, whereas on others
(c, d) it appears as a bright lump. The different imaging contrasts provide clinically relevant information of the glioma; for
example, the fact that scan (b) shows a bright ring around a
dark center suggests that this is a glioblastoma.
MRI scans are already routinely being used to get a first indication of the aggressiveness of the tumour, mainly for tumour grading [27]. With the increasing
importance of genetic features of the tumours, research has focused on identifying
imaging markers that correlate with an underlying physiological aspect, in this case
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the genetic features of a tumour [28, 29]. The presence of these imaging markers in
MRI scans proves the potential of MRI as a non-invasive alternative to tumour biopsy.
However, their use in clinical practice is still limited.
A few limitations prevent the widespread clinical use of imaging markers for the
genetic features of a glioma. Firstly, the imaging markers have to be relatively simple,
because clinicians need to be able to quickly and easily (visually) extract them from
the scans. For example, most current clinically used imaging markers rely on 2D
measurements (whereas the tumour is of course 3D), or only consider a single point or
small area of the tumour instead of the whole tumour. As a result the information
included in these imaging markers is limited, whereas using more information could
lead to a better correlation with the physiological aspect of interest. Secondly, MRI
is a qualitative and not a quantitative measurement, meaning that only the contrast
of the scan and not its absolute value contains information3 . Because of this, scans
from the same patient from two different MRI scanners might have a similar visual
appearance, while resulting in different values for the same marker. This complicates
the use of these imaging markers as it is not possible to use their absolute value, which
means that they can never be truly objective. Thirdly, partly due to the previous point,
the imaging markers are often subjectively defined. Instead of defining a quantitative
imaging marker, qualitative imaging markers are used based on the interpretation of
the visual appearance of the tumour. For example, a score can be assigned to how
aggressive the tumour looks. This leads to imaging markers that are, similar to the
typing and grading that was done before, observer-dependent. Thus, although some
promising imaging markers have been found, there is a need for new imaging markers
and new methods that can include more information from the MRI scan, are more
objective, more consistent and, most importantly, do not put an additional burden on
clinicians.
This need for new imaging markers has caused a rise in popularity of automated
analysis methods, most notably machine learning methods. Machine learning methods
can be used to relate the scan characteristics of a patient with a clinical outcome,
where the clinical outcome of interest can range from the prediction of the genetic
features, a field which is commonly known as radiomics [30], to the automatic outlining
of a tumour on a scan. Figure 1.4 shows an example machine learning pipeline. The
main advantage of machine learning methods is that they do not require that the
relationship between the imaging marker and the clinical outcome is known. Instead
these methods can learn this relationship by themselves. Thus, they can be very
versatile tools which can be used with known imaging markers, in which case they
can find new relationships with the clinical outcome. They can also be used in cases
where no known imaging markers exist, in this case the scans themselves can directly
be used as an input, allowing the algorithm to find new imaging markers by itself.
This second approach, where the algorithm figures out the imaging markers by itself,
is a subfield of machine learning called deep learning. Machine learning and deep
learning have had quite an impact in medical imaging research, where the potential
of a methods that can be used to relate imaging markers to clinical outcomes in new
ways and discover previously unknown imaging markers was quickly realized [31, 32]
3 This is similar to food; it is easy to say that chocolate tastes better than Brussels sprouts, but
one cannot say that chocolate tastes 5 “taste units” and Brussels sprouts tastes 1 “taste unit”.
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Furthermore, by using automated methods, more comprehensive, observer-independent
imaging markers can be developed. Utilizing these strengths of automated methods
provides clinical experts with more and better information than the current visual
analysis, better supporting them in their decision making.

Train data

Machine learning model

New data

Model evaluation

?
Figure 1.4: Example of a machine learning pipeline in which patients belong
to one of two clinical outcome categories (symbolized by the
circles and squares). The machine learning model learns the
characteristic scan appearance of each category based on scans
from patients for whom the clinical outcome is known. Scans
of patients for whom the clinical outcome is not yet known are
evaluated by the model, which then predicts the likely clinical
outcome.
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1.4

Goals & outline of this thesis

In this thesis, I am addressing the problems related to the clinical use of MR imaging
markers in glioma by focusing on three main goals:
1. Develop observer-independent imaging markers for assessing the genetic features
of glioma that clinicians can use in a straightforward way
2. Provide tools and data to make research into new glioma imaging markers more
accessible, and applicable to a broader patient population
3. Provide clinically relevant information of glioma that is normally obtained from
invasive procedures in a non-invasive way using MRI scans, leveraging imaging
markers that can not be analyzed by the human eye
To achieve these goals, I focus on the use of automated methods, most prominently
on machine learning and deep learning methods. This thesis presents different applications of these automated methods for the improved image analysis of glioma and is
structured as follows:
Chapter 2 provides an in-depth introduction of machine learning methods for medical
image analysis, introduces common terminology, and discusses some of the issues
that can be encountered in machine learning research.
Chapter 3 presents automated methods to find new imaging markers for LGG, where
I specifically investigate a possible relationship between the location of the glioma
in the brain and its genetic features. This chapter fits with goal 1.
Chapter 4 uses the same methods as Chapter 3 to establish a relationship between
the genetic features that are relevant for HGG and their location. This chapter
fits with goal 1.
Chapter 5 presents an investigation into potential imaging markers in LGG, specifically for the 1p/19q co-deletion status. These imaging markers are automatically
extracted from the MRI scans to include more complex information than imaging
markers that could be extracted by hand. I use a machine learning method
to link the imaging markers with the 1p/19q co-deletion status and compare
the performance of this method with the performance of clinical experts. This
chapter fits with goals 1, 2 and 3.
Chapter 6 presents a method that automatically sorts a large number of MRI scans.
In this way, it is possible to quickly go from unstructured data from the clinical
practice to structured data that can be used for research. This chapter fits with
goal 2.
Chapter 7 presents the Erasmus Glioma Database (EGD), a dataset containing MRI
scans, genetic and histological features, and outlined tumours of patients with
glioma. This data is publicly available and can be used by other researchers to
develop and validate radiomics methods and automated segmentation methods.
This chapter fits with goal 2.
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Chapter 8 presents a method that can automatically predict the genetic and histological features that are required for the WHO 2016 subtyping, this method can
also simultaneously segment the tumour. In this way, the method provides most
of the clinical parameters that are currently of interest, and it does so within a
single method instead of relying on multiple methods. Furthermore, the method
is able to use the full 3D MRI scan, instead of relying on patches of the scans.
This chapter fits with goals 2 and 3.
Chapter 9 provides a general discussion of the results from this thesis and presents
possible future research directions. Here, I also provide an overview of the
potential clinical applications of the methods developed in this thesis and methods
from related research in the image analysis of glioma.

1
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CHAPTER 2

Radiomics: Data mining using quantitative
medical image features

“It’s a dangerous business, going out your door. You
step onto the road, and if you don’t keep your feet,
there’s no knowing where you might be swept off to.”
— J.R.R. Tolkien, The Lord of the Rings

13

14

Chapter 2. Radiomics

2

Abstract
Radiomics uses multiple image features from medical imaging
data to predict clinical variables. Various features can be constructed to describe the properties of the full image, or those of a
specific region of interest such as a tumour. These features may
be related to a wide variety of clinical variables, such as disease
characteristics, genetics, and therapy response. This can be done
through the use of machine learning, which enables the training
of a model on these features using data of patients for which
the relevant clinical variables are already known. The resulting
models may be used as a diagnostic aid for the prediction of labels
such as tumour phenotype and therapy response in new patients.
Thereby, radiomics can provide a non-invasive alternative for
invasive procedures, such as biopsies, to uncover disease characteristics or clinical outcomes. Radiomics therefore has a high
potential to be a valuable tool for clinical practice. This may
explain the rise in popularity of radiomics in the medical imaging
research field in recent years, resulting in many methods and
applications. This chapter provides a guide through the several
aspects of designing a radiomics study.

Based on: M. P. A. Starmans* , S. R. van der Voort* , J. M. Castillo Tovar, J. F. Veenland, S. Klein, and W. J. Niessen, “Radiomics: Data mining using quantitative medical image
features,” in Handbook of Medical Image Computing and Computer Assisted Intervention, S. K.
Zhou, D. Rueckert, and G. Fichtinger, Eds. Academic Press, 2020, ch. 18, pp. 429–456. doi:
10.1016/B978-0-12-816176-0.00023-5
* Contributed equally
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Introduction

Analysis of quantitative medical image features has been performed for several decades.
Early studies showed relationships between features and clinical variables through the
use of e.g. correlation coefficients and receiver operating characteristic (ROC) analysis
[33, 34]. In 2012, the area which considers multiple features simultaneously was coined
“radiomics” [30] and gained more attention. Currently, a typical radiomics study makes
use of large amounts of quantitative features combined with machine learning methods
to determine relationships between the image and relevant clinical outcomes. Deep
learning, which in recent years has gained more attention, shows many similarities
to radiomics. Especially convolutional neural networks could be a tool employed in
radiomics as an alternative or complementary to the hand-crafted features used in
radiomics.
Many studies have shown the potential of radiomics in various areas such as the
lung [35], liver [36], brain [37], kidney [38], throat [39], and sarcomas [40]. Studies also
vary in the use of imaging modality, e.g. magnetic resonance imaging (MRI), computed
tomography (CT), positron emission tomography (PET), mammography, and X-ray.
Several clinical outcomes can be predicted, such as survival [35], therapy response
liver [36], and genetic mutations [38] (a field which is often coined “radiogenomics”).
Lastly, applications are not only limited to diseased sites such as tumours, but can
also be applied to e.g. the musculoskeletal system, (healthy) organs, and other tissue
structures [41].
Although papers use similar approaches, the field of radiomics lacks standardization.
Several initiatives have tried to address this issue by providing roadmaps, schematic
reviews, standardization, and guidelines for creating a radiomics signature [32, 42, 43,
44]. Despite these efforts, a wide variety of approaches still exist.
This chapter provides a guide through the several aspects of designing a radiomics
study. An overview of popular approaches is provided, while focusing on the impact of
Imaging Data
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Figure 2.1: Overview of the radiomics pipeline.

2

16

2

Chapter 2. Radiomics

each step on the final result. The structure follows that of a typical radiomics pipeline
as illustrated in Figure 2.1 [32]. The first step is the gathering of data, as described
in Section 2.2. Next, the process of segmentation of the region of interest (ROI) will
be discussed in Section 2.3. The ROI can be used to extract several quantitative
radiomics features, as shown in Section 2.4. Using these features, several data mining
approaches can be employed that are discussed in Section 2.5. An overview of proper
design of a radiomics study combining these steps will be detailed in Section 2.6.
Several different software toolkits and their influence will be discussed in Section 2.7,
after which the chapter will be concluded in Section 2.8.

2.2
2.2.1

Data acquisition & preparation
Introduction

Every radiomics study starts with either prospectively or retrospectively collecting
data. At least two types of data have to be collected: imaging data and label data.
Apart from this, additional clinical data is usually collected, which are relevant for
the problem at hand.
This section will address the inclusion of patients and collection of clinical data in
Section 2.2.2, the collection of the imaging data in Section 2.2.3, and the collection of
label data in Section 2.2.4.

2.2.2

Patient selection

The first step in data collection is to decide which patients to include in the study.
When prospectively collecting data, the inclusion criteria are stated in the study
protocol. In the case of a retrospective study the inclusion criteria will be based on
data that is available for a group of patients. In the vast majority of the cases the
study will only comprise a single disease or organ of interest, for example the liver,
prostate, or brain. Therefore, a first approach would be to include all patients for
which there is imaging and label data available of a specific disease or organ. However,
this might not always result in a clinically relevant dataset, depending on the clinical
use case that should be addressed by the radiomics pipeline.
In clinical practice, it is possible that a pre-selection of patients is made based
on some imaging or clinical characteristics. For example, in the neuro-oncology field
a treatment decision is made based on the contrast enhancement of the tumour in
the MRI scan. Although one could include all patients with a tumour, without
considering whether they are enhancing or not, this would not lead to a clinically
relevant dataset since clinicians will primarily look at the enhancement regardless of
what other outcomes the radiomics pipeline might predict (e.g. survival or genetics).
Therefore, if the clinical aspect is not taken into account when constructing the dataset,
this could ultimately lead to solving a clinically irrelevant question. Furthermore, the
problem that is then solved could be either harder or easier than the clinical question,
misrepresenting the actual performance of the pipeline.

2.2. Data acquisition & preparation

2.2.3

17

Imaging data collection

Once the patients to be included in the study have been selected, the imaging data to
be used in the radiomics pipeline are collected. Radiomics is based on the hypothesis
that a relation exists between the imaging data and the label data. Therefore, it is
important to keep this hypothesis in mind when the imaging data is collected, to
ensure imaging data is collected which may contain predictive features. It is also
important to keep in mind that there should not be a bias in the selection of the
imaging data. For example, some of the patients in the dataset might have undergone
a clinical procedure such as a biopsy, which will influence the imaging data. Instead
of predicting the task at hand, the radiomics pipeline might then predict whether a
clinical procedure was performed. Therefore, it is important to select imaging data
that have been acquired before such a clinical procedure has taken place.
The diversity of the collected imaging data also plays a role. When collecting
imaging data from a single scanner or single institute, this might make it easier to solve
the task at hand as the data is likely more consistent. However, by collecting data
from multiple scanners and institutes a more realistic expectation of the performance
of the radiomics pipeline in routine clinical practice can be given, and the pipeline
might become more generally applicable.

2.2.4

Label data collection

In order to train and evaluate the radiomics pipeline, it is important to have label
data. The type of label data depends on the question that is addressed.
Label data can consist of manual labels provided by a clinician, or the result of a
clinical analysis, e.g. a genetic subtype derived from tissue analysis, or derived from
clinical follow-up such as survival time. In all cases the obtained labels might not
be perfectly accurate and might still be different from the ground truth. Especially
manual labels are not objective and can be observer dependent. Even when a clinical
analysis is used, which might seem to give an objective label, different methods can
lead to different labels [45, 46]. In the case where the labels are obtained from a
clinical procedure, one should therefore keep in mind the accuracy of this procedure.
As these labels are taken as the ground truth, flaws in their accuracy will influence
the performance and evaluation of the pipeline.
When collecting label data for patients, it is important to record when the label
data was collected. In the case of a tissue analysis it is best to use imaging data that
is as close as possible to the date of the tissue analysis, but before the actual analysis.
This is important since the tissue characteristics could change between the imaging
and analysis. If the labels are observed labels, the imaging data that is used should
correspond with the imaging data that was used to determine the label.

2.2.5

Conclusion

The acquisition of high quality data to be used in the radiomics pipeline is a very
important first step for a radiomics analysis. Without the foundation of a proper
dataset, the pipeline will most likely not achieve a good performance, nor will it be
possible to properly evaluate the pipeline, regardless of whether or not a model that
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can achieve good performance has actually been constructed. It is therefore important
to do quality assurance, both during the data acquisition and once the dataset has
been completely collected. If a method does not seem to work, it is also important
to keep in mind that this could be due to the data, either because of poor quality
or because the data that is being used might not have a relationship with what the
pipeline is trying to predict.

2.3
2.3.1

Segmentation
Introduction

Segmentation is an important part of most medical imaging processing pipelines,
which is also true for radiomics as it determines the ROI in the radiomics pipeline. In
general, two types of segmentation can be distinguished. Firstly, a ROI that indicates
a general region of interest for example the brain or the liver. Secondly, a ROI that
indicates a specific part like a tumour or an other disease within an organ. The first
type can be used to perform image normalization or to determine the location of a
disease with respect to the organ in which it is located. The second type is often used
to determine the ROI from which features are extracted.
Since segmentation is used in a lot of different medical imaging processing pipelines,
and many literature on the topic can be found, it will not be discussed in depth here.
However, it is important to note some particular aspects of segmentation which are
important in the radiomics pipeline. Therefore, we first provide a broad overview of
segmentation methods in Section 2.3.2, after which the impact of the segmentation on
the radiomics pipeline will be discussed in Section 2.3.3.
Note that while the majority of radiomics studies use segmentation, it is not a
strict requirement. Features can also be extracted on the full image. Alternatively,
approaches such as deep learning (see Section 2.5.4) may be able to determine the
most salient regions without an explicit segmentation.

2.3.2

Segmentation methods

Segmentation methods can be split into three categories: manual, semi-automatic,
and automatic. Each method has its own advantages and disadvantages.
Manual segmentation is usually performed by an expert: often a radiologist or
a specialized clinician. This is usually done in a slice-by-slice manner, but is also
possible in 3D, with the expert either encircling the ROI or annotating the voxels of
interest. While an advantage of this segmentation method is that we can utilize expert
knowledge, drawbacks of this method are that it is very time consuming and prone
to intra- and inter-observer variability, as can be seen in Figure 2.2. Thus, although
manual segmentation is usually regarded as the golden standard, it often has a large
variability, which can result in a large difference in the extracted radiomics values [47,
48].
Semi-automatic segmentation tries to solve some of the problems related to manual
segmentation. By assisting the segmentation with algorithms, for example by growing
the segmentation over a region or expanding the segmentation to other slices to
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Figure 2.2: Manual segmentations of multiple observers of a colorectal liver
metastasis on an axial slice of a CT scan.
eliminate the need for a slice-by-slice segmentation, the effort and time required from
the user can be reduced. There are a lot of variations in semi-automatic methods,
where some algorithms assist during (or even before) the segmentation, whereas others
help with finalizing the segmentation. Furthermore, by providing an initial “objective”
segmentation, semi-automatic algorithms aim to reduce the intra- and inter-observer
variability [47, 49]. However, inter-observer variability will still be present, as the
manual part of the segmentation and the settings of the algorithm influence the result.
Automatic segmentation methods do not rely on user interaction, and can be split
into two categories: learning based and non-learning based. Deep learning recently has
become very popular as a learning based method, where the segmentation is performed
by a neural network that is trained with labeled examples. A popular deep learning
approach is the U-Net architecture [50]. The advantage of this approach is that once
the method has been constructed, the segmentations can be performed relatively
quickly. Depending on the image, this can range from seconds to minutes, but it is
usually much faster than when user interaction is required. The disadvantage of deep
learning is that it usually requires a lot of labeled data to train an accurate model, as
well as a long training time, and specialized hardware (GPU) to construct the model.
These methods are often trained on the segmentations from a single observer, meaning
that the constructed model will have the same bias as the observer. Learning based
approaches might not generalize well, since an algorithm that has been trained on a
specific dataset might perform very poorly on a different dataset. Furthermore, the
segmentations that are used for the training data also still have to be done using a
manual or semi-automatic method.
Non-learning based methods are usually application specific, where properties of
the image and disease are used to perform the segmentation task [51]. Since these
non-learning based methods are application specific, a completely different method
has to be constructed when performing a different segmentation task.
An advantage of automatic segmentation methods is that they produce segmentations that are consistent and reproducible. This does not mean that the segmentation
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is accurate, but merely that if the same image is supplied to the algorithm multiple
times it will always yield the same segmentation. As such, the errors that the method
makes in the segmentation are systematic errors instead of incidental errors as in the
case of manual or semi-automatic methods.

2.3.3

Influence of segmentation on radiomics pipeline

In a radiomics pipeline the segmentations themselves are usually not the end goal, but
merely a means to the goal of classification. Therefore segmentations do not have to
be perfect in terms of accuracy. It is more important that they capture the essential
information that could be relevant for the subsequent radiomics analysis.
The effect of the segmentation on the radiomics pipeline depends on what the
segmentation is used for: either for normalization of the image or for the extraction
of features. If the segmentation is used for normalization, e.g. using a brain mask
to normalize a brain MRI, an inaccuracy in the segmentation will have an effect on
the features based on image intensity, see Section 2.4.2. A segmentation of a ROI
can also be used to calculate for example a relative location, which will then also be
impacted. Whether the influence of an inaccurate segmentation is large will depend
on the magnitude of the inaccuracy, as well as whether this is a consistent inaccuracy
or if it only occurs in a subset of the data.
On the other hand, there can be inaccuracies in the segmentation of the actual
ROI of the organ from which the radiomics features are extracted [48]. If such a
segmentation has an inaccuracy this will affect all features, instead of only the intensity
based features. The segmentation that is used for feature extraction usually has a larger
effect on the radiomics prediction than the segmentation that is used for normalization.
Segmentations can introduce both an overestimation and underestimation bias on
the results of the pipeline. There is an overestimation bias if there is a bias in the
segmentation towards one of the classes which is being predicted. It will then be easier
to predict this class, however if a different segmentation is given the results will not
be as good. There is an underestimation bias if inaccuracies in the segmentation lead
to variation of the features due to the segmentation and not just due to a difference
in label. As a result, the radiomics pipeline will have difficulty differentiating the
relevant from the irrelevant features leading to a reduced performance.

2.3.4

Conclusion

Although segmentation is usually not the main goal of the radiomics pipeline, it is an
important aspect to take into account in the pipeline. As has been discussed in this
section, segmentation can influence the radiomics pipeline in different ways, resulting
in a misrepresentation of the performance. Therefore it is important to be aware
of these effects in the radiomics pipeline and measure the sensitivity of the pipeline
to small changes in the segmentation. The robustness to these differences could be
improved by e.g. either creating a robust segmentation method or removing the need
for segmentation altogether.

2.4. Features
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Features
Introduction

Originating from computer vision, a feature is any piece of information which can
be relevant for solving the task at hand. In radiomics, features can be divided into
two groups. The first group consists of computational or imaging features, which are
extracted from the medical images in an automated way. The second group consists of
semantic features, which are not computed, but manually annotated. Semantic features
contain clinical factors which may be relevant for a radiomics signature. Examples
include tumour statistics, genetic profiles, and the age of the patient. A specific
combination of features, often selected for a certain application, is often referred to as
a radiomics signature.
Due to the wide variety of image processing methods available, many computational
features can be found in literature. This section will address the most commonly used
radiomics features in Section 2.4.2, some of the more recently developed and therefore
uncommon features in Section 2.4.3, the process of extracting computational features
in Section 2.4.4, and common methods used for feature selection and dimensionality
reduction in Section 2.4.5.

2.4.2

Common features

Several imaging features frequently occur in radiomics and are regarded as the basis of
radiomics features [52]. Different divisions can be made. Many studies use the group
of morphological features, which are used to describe the shape of an object. Another
set of features can be computed on the intensity data, either using the image or a
histogram of the image. These will be referred to as first order features, as they are
based on first order representation of the image, i.e. the intensity.
Most of the remaining features are computed using filtering operations or higher
order representations. Although these are often split in separate classes, these features
are all used to detect specific patterns or textures in the image. We therefore group these
features in a single class. These will be referred to as texture or higher order features,
since the statistics used in these features are based on higher order representations of
the image. This roughly follows the division as used by Zwanenburg et al. [44].
Morphological features
Morphological or shape features are used to describe the shape of an object. They are
based solely on the ROI and do not require the underlying image intensity data. See
Figure 2.3 for some examples.
Many features compare the ROI with a template, e.g. a sphere in 3D or a circle in
2D. These comparisons are used to define for example the compactness, roughness,
and convexity of an object [53].
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Figure 2.3: Four examples of morphological features.
First order features
First order features describe the distribution of gray levels or intensities in an image
using statistical measures [54]. Most first order features resemble observations clinicians
take into account as well, e.g. the mean and maximum intensity. Other statistics
are more difficult to directly estimate from the image as an observer, such as the
intensity skewness and kurtosis. These statistics potentially detect texture patterns,
thus overlapping with the texture feature class.
First order features can either be computed directly from the image, or derived
from the intensity histogram, i.e. after discretization of the gray levels in a number of
bins. Through discretization, some information is lost. Some features may however
be more robust to noise when derived from the histogram. For example, when the
maximum intensity on the image is caused by noise, discretization may remove such
an outlier. This trade-off between information loss and robustness is application
dependent and may not be trivial.
Higher order features
Higher order features are used to detect specific patterns in images, such as stripes or
blobs. A majority of the features require a transformation to another representation of
the image, e.g. through filtering, after which statistics are extracted from the results.
Although subgroups are originally aimed at detecting specific patterns, the majority
of texture feature classes are highly correlated.
Filter based Filter based features are constructed by computing statistical measures
on a filtered version of the image. Most filters are defined in both 2D and 3D. Two
filtering techniques commonly used for texture analysis in radiomics studies are the
Gabor filter and the Laplacian of Gaussian (LoG) filter [54]. After the filtering
operation, first order features can be extracted from the resulting image representation.
The Gabor filter consists of a Gaussian convolved with a plane wave and is used
to detect line patterns, see Figure 2.4 for examples. The LoG filter is created by
convolving the Laplacian operator with a Gaussian kernel and is used to detect blob
patterns.
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Figure 2.4: Gabor filters for various frequencies (f ) and angles (θ).
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Gray level matrix features A gray level matrix is constructed from the intensity
image by discretizing the image in a fixed number of levels, see Figure 2.5. This is
similar to the binning of the image when creating a histogram. Based on this matrix,
different texture matrices can be constructed which describe the distribution of gray
levels, of which the three most popular ones are discussed.
The grey level co-occurence matrix (GLCM) expresses how frequent combinations
of pixel intensities co-occur within a set distance in a specific direction, see Figure 2.5.
The grey level run length matrix (GLRLM) describes the run length distribution in
an image. A run length is defined as the length of a consecutive sequence of pixels or
voxels with the same gray level along a specific direction. The GLRLM thereby closely
correlates to the Gabor filter features in detecting stripe patterns. Lastly, the grey
level size zone matrix (GLSZM) expresses the distribution of connected components
or zones of the same gray level in the image. Each gray level matrix has its own set of
features that can be extracted from the matrix.

2.4.3

Uncommon features

The texture features mentioned above require relatively few computation steps and
detect relatively simple patterns. These low level features have therefore successfully
been used in many different radiomics approaches. However, new features are still
being developed. These often target patterns specific to an application and consist
of more advanced methods. Examples include the co-occurrence of local anisotropic
gradient orientations (CoLlAGe) feature, which is used to detect a form of heterogeneity
in brain images [55], and the RADIomic Spatial TexturAl descripTor (RADISTAT)
feature, which is also used to describe heterogeneity but for multiple applications
[56]. Additionally, image processing methods from other fields can be adopted to the
radiomics field, such as local binary patterns (LBPs) [57]. Hence the set of radiomics
features keeps growing steadily.

2.4.4

Feature extraction

Although the mathematics of the mentioned features is widely agreed upon, extracting
features is non-trivial. Most features require parameters to be set, for example for
scale and orientation. These parameters have to be tuned per application.
Additionally, several preprocessing steps are often involved before extracting the
features, see Figure 2.1. These can include among others discretization (e.g. for creating
a histogram or gray level matrix), resampling, and interpolation, normalization, and
histogram matching. These operations are applied to reduce the influence of unwanted
variations in the data due to for example scan protocol variations, as many features
are not robust to these types of variation [58].
Lastly, the alterations in the ROI can heavily influence feature extraction as
detailed in Section 2.3.3.
As stated earlier, all these (hyper)parameters have to be tuned per application
either manually or by using optimization methods. An alternative specifically for
features is to extract the features within a range of hyperparameter settings. Combining these features with some of the feature selection methods from Section 2.4.5
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could be used to automatically identify relevant hyperparameter settings. Various
machine learning methods from Section 2.5 are also able to identify which features and
thereby hyperparameter settings are optimal. However, this procedure can become
computationally expensive when a large search space is used for the hyperparameters.

2.4.5

Feature selection and dimensionality reduction

Due to the large amount of features used in a typical radiomics study, a form of
selection or dimensionality reduction is often required in order to build reliable models
[35]. Feature selection can be performed using simple ranking with statistical measures
such as a t-test. Other methods perform a step-by-step approach of either including
or excluding features, i.e. forward- or backward-selection, respectively, to estimate the
added value of features. Lastly, correlation measures can be employed, see Section 2.5.2.
Contrary to selecting features, dimensionality reduction methods reduce the amount
of features by combining multiple features in new, more informative features. One of
the most popular approaches for this is principle component analysis (PCA), which
transforms the feature space to components ranked based on the amount of variance
they express in the dataset [59]. These components can be linear combinations of the
original features, or non-linear combinations by using a kernel method.
Note that several selection and dimensionality reduction approaches use the actual
object labels. Hence these methods are supervised and should be trained and tested
on independent datasets, see Section 2.6.

2.4.6

Conclusion

Radiomics studies show a large overlap in the computational features used, which
have been described in this section. These features aim to describe various aspects
of the ROI, such as the shape, intensity distribution, and texture patterns. However,
variations in the feature computation between studies occur in feature extraction
and selection methods, but also due to the preceding steps such as segmentation and
preprocessing. Additionally, variations occur due to the choice of software as described
in Section 2.7.3. Selecting the appropriate features extraction methods for a particular
radiomics study therefore has to be done with care.

2.5
2.5.1

Data mining
Introduction

Several methods can be used to discover associations between the aforementioned
quantitative image features and the clinical factors of interest. Earlier work tried
to identify possible high-potential features by looking at the correlation matrix as
described in Section 2.5.2. More recent radiomics work makes use of machine learning
techniques as described in Section 2.5.3, which are often more advanced and are able
to use a combination of features. Lastly, deep learning has shown a lot of potential in
recent years in tasks similar to radiomics. Hence Section 2.5.4 will discuss how these
fields relate to each other.
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Correlation

A correlation matrix can be created by computing a correlation coefficient for each
radiomics feature and the clinical factor of interest. Features with high potential are
identified by thresholding the coefficient. A statistical test can be used to investigate
the significance of the association between these single high potential features or a
combination of them.
Methods vary in the statistical methods used for both calculating the correlation
matrix as well as testing the significance of association. Examples of correlation
coefficients used include the inter- or intraclass correlation, Pearson, and Spearman
coefficients [39]. Associations can be found with these coefficients, but also measures
like the concordance index or a t-test might be used [38]. For example, Aerts et al. [35]
make use of the χ2 -test to construct a correlation matrix, after which the concordance
index is used to estimate the performance of several signatures comprising of features
with a high correlation index.
Correlation coefficients and statistical tests are well standardized, have relatively
few parameters, and are relatively fast to compute. Finding the proper settings
therefore often can be achieved by an exhaustive search. Note however that correlation
measures are often restricted to univariate feature testing and lack the complexity to
create higher order signatures.

2.5.3

Machine learning

An alternative to correlation measure is the use of machine learning. Several machine
learning methods can provide multivariate testing and can fit more complex models,
but suffer from their own drawbacks such as potential over-fitting and the need
for parameter tuning. A wide variety of methods exists for both classification and
regression problems. The optimal choice depends on the complexity of the problem at
hand.
Less complex estimators (i.e. classification and regression methods) often model the
outcome as linear combinations of features. Simple features, e.g. first order intensity
features, generally provide too little information to determine significant relationships
in a linear manner. These estimators are therefore more suited for complex features,
e.g. higher order texture features. Examples include linear and logistic regression
[36], linear determinant analysis [40], nearest neighbors, decision trees, naive Bayes
estimators, and Gaussian processes.
Alternatively, Cox regression is a popular approach in regression problems, probably
due to its wide use in clinical survival studies. These methods model the impact of
each feature as a basis function, e.g. an exponential, modulated by a so-called hazard
ratio. The hazard ratio is used to identify the impact of the feature on the outcome of
interest. Cox regression is also a linear model.
More complex methods generally perform better in high-dimensional level feature
spaces (i.e. more features than patients). Due to the often large amount of radiomics
features, see Section 2.4, and often relatively small datasets, methods generally will
have to cope with high-dimensional features spaces. Popular choices therefore include
support vector machines (SVMs) [60] and random forests (RFs) [37]. Both SVMs
and RFs fare relatively well in high-dimensional features spaces, are often less prone
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to over-fitting than the previously mentioned estimators and can be both used for
classification and regression. Additionally, the complexity of both classifiers can be
tuned to the application.
Alternatively, the radiomics feature space can be mapped to a higher or lower
dimensional feature space prior to employing machine learning, see Section 2.4.5.
When mapping to a low-dimensional feature space, simple classifiers may work equally
well as or even better than more complex ones.

2.5.4

Deep learning

One of the most recent approaches in the analysis of medical imaging is deep learning
[61, 62]. In contrast to traditional machine learning methods, deep learning does not
require features as an input, but can directly learn features from the images and will
optimize these for the task at hand. In the field of medical imaging, and radiomics
specifically, deep learning has gained a lot of popularity in a short time as it eliminates
the need for handcrafted features. Deep learning might also increase performance of
the radiomics pipeline compared to traditional machine learning methods [31].
The most popular approach in deep learning for imaging is to use a convolutional
neural network (CNN). CNNs use convolutional filters that are trained to extract the
features, while the last layer of this network is a fully connected layer to predict the
final label. The popularity of CNNs started with AlexNet [63], but nowadays a lot
more CNN architectures have become popular like Inception [64], VGGNet [65] and
ResNet [66]. Although these architectures can often serve as a basis, performance
improves when tailoring a network for a specific task.
Although CNNs have multiple advantages, there are also disadvantages. It takes
a large amount of labeled data to train a CNN, especially to make it generalizable.
Although CNNs should generalize well in theory when enough data is provided (and
if there is enough heterogeneity in this data), in practice CNNs are still required to
focus on a specific, small task. Training a CNN takes a lot of time, even when using
specialized hardware. Where for example a SVM can be trained in a couple of minutes,
training a CNN usually takes at least a couple of hours up to a few days even on
specialized hardware. Furthermore a huge restriction on CNNs and in particular the
hardware, is the limited memory capability, which still restricts the widespread use of
3D CNNs.
To try and alleviate the problem of the need for a large dataset, transfer learning
has gained increasing popularity [62, 67]. The idea behind transfer learning is to train
a neural network with a dataset that is not (directly) related to the problem, and
finetuning the network using the data that is related to the problem. In this way, a
large dataset can be used to actually train the network, whereas only a small dataset
is required for finetuning. The results of CNNs are more difficult to interpret, since
it is not known which specific features are used by the CNN to make the prediction.
However, recent advances like attention maps try to solve this issue [68].
The field of deep learning is rapidly developing. The latest research focuses on
combining deep learning with more traditional machine learning approaches [69], but
new architectures and other approaches of doing deep learning are developed as well,
for example generative adversarial networks [70] and siamese networks [71].
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2.5.5

2

Conclusion

Correlation, machine learning, and deep learning can all be used to determine relationships between features and label data. The choice of method depends on the complexity
of the task at hand, but is also a matter of user preference and the amount of available
labeled data. The areas can also be combined and can potentially complement each
other. As for each area, a wide variety of methods exists, selecting the best approach
for an application is not always trivial.

2.6
2.6.1

Study design
Introduction

Perhaps the most important part of a radiomics pipeline is a correct study design to
test the performance of the pipeline.
In Section 2.6.2 the difference between the training, validation, and evaluation set
will be discussed, while Section 2.6.3 discusses how the different sets are obtained.
This section concludes with an overview of different evaluation metrics in Section 2.6.4.

2.6.2

Training, validation, and evaluation set

In this section a distinction between a training, validation, and evaluation (often also
called a test set) set will be made.
• A training set is a (sub)set of data that is used to train the pipeline.
• A validation set is a (sub)set of data that is used to optimize the parameters of
the pipeline.
• An evaluation set is a (sub)set of data that is used to evaluate the performance
of the pipeline.
The most important aspect here is that the three different sets are independent of
each other, aside from the label distribution. Especially keeping the training/validation
and evaluation sets independent is important, as a correlation in these sets could have
a large impact on the performance evaluation. For example, if a pipeline is based
on a slice-based approach, one can not include slices from the same patient in the
training, validation, and evaluation set. The pipeline could then learn the features of
the individual patients instead of learning a generalized representation of the dataset.
Often the training and validation set together are referred to as the train set,
where no clear distinction is being made between which data is used for training
and which data is used for parameter optimization. This is especially common in
traditional machine learning approaches where the validation of hyperparameters is
usually performed using a cross-validation.
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Generating sets

There are two ways of generating the different (sub)sets of data to use as the training,
validation and evaluation set. First of all, one can generate the sets by getting random
subsets of the data from a larger data set, this process is known as cross-validation.
Otherwise, a pre-defined separate set can be used as the evaluation set.
Cross-validation
Often in a radiomics pipeline, there is a single dataset with no clear distinction between
different subsets. Cross-validation can then be used to generate random subsets from
the data to be used as the different sets. Several methods of cross-validation exist [72].
One of the methods that is often used is K-fold cross-validation. In a K-fold
cross-validation, the data is split in K parts, called folds, each of them containing
N/K samples of the dataset, with N the total size of the dataset. One can then iterate
over the folds, usually taking 1 fold as the evaluation set. The remainder of the folds
can then be used as the training and validation set, where usually K − 2 folds are used
for training and 1 fold for validation. However, the exact number of folds for each
group can be freely selected, as long as samples from different folds are not mixed.
Another common method is leave-one-out, where one sample of the dataset is left
out as the evaluation set. This is a specific instance of K-fold cross validation with K
being equal to N .
Another method frequently used is random sampling, where a certain number P of
samples are randomly selected from the complete dataset to be used as the evaluation
set and the remainder as the train/validation set. This process is then repeated a
number of times to get different samples for the training, validation, and evaluation
set.
The main difference between the random sampling and K-fold sampling method, is
that with K-fold it is guaranteed that every sample will be in the different sets at least
once (if iterated over all folds). On the contrary, due to the stochastic nature in case
of random sampling this is not guaranteed, however when the number of iterations is
large enough a sample will on average occur an equal number of times in the different
sets.
Both methods can be performed in a stratified way, meaning that the distribution
of the samples from different classes will be the same in the different folds or in the
training, validation, and evaluation set. The advantage of using a stratified approach
is that otherwise the results might be skewed because the training or evaluation of the
method might then be biased towards a certain class.
Separate evaluation set
Besides generating training, validation, and evaluation sets from a single dataset, it is
also possible to have a separate data set that is used solely as a evaluation set, while
using cross-validation to generate the training and validation sets. This approach
is most suitable when there is a clear distinction between the datasets that would
create a logical separation of the data. For example, if an open source data set is
available or if data have been obtained from a different institute this would make a
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logical evaluation set. Of course, the evaluation set that is being used needs to be
representative for the dataset that is used for training and validation. In this case,
it is very important to keep the evaluation set purely as an evaluation set and not
to use it as a validation set as well. This means that the separate evaluation set can
only be used once the whole radiomics pipeline has been constructed and trained,
and nothing will be changed with the introduction of the evaluation set. This also
includes for example normalization, which can not be done on a group basis if the
evaluation is already included in the group, and the optimization of hyperparameters.
The advantage of using a separate evaluation set over cross-validation methods is that
in this way a typical performance in a new setting can be evaluated.

2.6.4

Evaluation metrics

A correct study design also involves the choice of appropriate metrics to evaluate the
pipeline. Often, the first choice for an evaluation metric is accuracy, which is reported
in almost every study. However, accuracy is in most of the cases an inappropriate
measure. Whenever there is a class imbalance in the evaluation data, accuracy will
always give a skewed view of the performance. For example, imagine a dataset where
there are 90 samples of class 1 and 10 samples of class 2. When the algorithm then
predicts class 1 for all samples, it has an accuracy of 90 %, while the performance is
clearly of no value.
Some metrics that alleviate this problem are the sensitivity and specificity, which
report the accuracy within a single class. However, often the total performance of the
pipeline over all classes is important. In that case two metrics that can be used are
the area under the ROC curve and the F1-score.
The ROC curve shows the true positive rate (TPR) (the sensitivity) vs the false
positive rate (FPR) (1 - the specificity) for various thresholds of the classifier [73].
The area under the receiver operating characteristic curve (AUC) is the area under
the ROC curve, which can vary between 0 and 1, with 0.5 being equal to random
guessing. When reporting the AUC it is helpful to show the corresponding ROC as
well, since although two curves can have the same AUC they can have a very different
shape. Finally, the F1-score, the harmonic mean of precision and recall (sensitivity),
and average precision are other metrics which are robust against imbalanced datasets.
An overview of all these measures and their exact definitions are described by Sokolova
et al. [74].
Confidence intervals
Reporting metrics on a single evaluation set can be very misleading, especially when a
cross-validation approach is used. If cross-validation is used and performance on only
one evaluation set is shown, this still gives no clear indication of the performance of
the pipeline. The current split of training and evaluation set might be very ideal or
non-ideal and result in a high or low score. Furthermore, there is no clear reason as to
why a specific train/evaluation split would be chosen to be presented in the results.
The results will also not be easily reproducible, as a different split will lead to different
results. In the case of metrics like the accuracy and AUC a better option is to use a
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confidence interval. Often the 95 % confidence interval is chosen to be reported. When
plotting the ROC it is also helpful to plot the confidence “bands” along with the curve
[75].
When reporting the confidence interval it is important to keep in mind that the
confidence intervals need to be adjusted because of the cross-validation that is being
applied. More details about this confidence interval correction are given by Nadeau et
al. [76].

2.6.5

Conclusion

Measuring the performance of a radiomics pipeline is the last step in the construction
of the pipeline, and is often the result that one is interested in. Depending on the
performance, changes to the pipeline may be made to achieve better results. As
discussed in this section, it is important to use a proper study design and select the
appropriate measure to analyze the performance of the pipeline. Especially when
presenting the results of a pipeline this is important as otherwise a fair comparison
between methods can not be made. When evaluating a published pipeline it is also
important be aware of these pitfalls, and to be aware that the presented and the actual
performance of the pipeline might differ.

2.7
2.7.1

Infrastructure
Introduction

In the previous chapters, a theoretical basis for radiomics pipelines has been presented.
Implementation and execution of such a pipeline requires appropriate hardware for
storage of the data and results and software for the execution. Due to the rise of
popularity of radiomics in recent years, several research groups have created their own
toolkits. Therefore, a wide variety of feature toolboxes, storage solutions, segmentation,
and classification software packages have been created. Although all packages do
use the same theoretical basis, variations in outcomes occur due to implementation
differences.
The standardization of infrastructures is not studied much. A majority of the
radiomics related papers do not mention the toolboxes used and do not release the
used code publicly. Additionally, the settings of a toolbox such as initialization,
approximation, and discretization methods are little mentioned. Hence, replication
of the results, comparison with other methods, and applying existing methods to
new areas is complicated. Recently, there has been some attention to standardization
of biomarkers, providing a solid theoretical basis for many radiomics features [44].
Similar initiatives for radiomics infrastructures could provide a valuable asset for the
research field.
The impact of software variations and the current status of software will be discussed
in this section. It covers data storage and sharing solutions in Section 2.7.2, feature
toolboxes in Section 2.7.3, learning toolboxes in Section 2.7.4 and standardization of
radiomics pipelines in Section 2.7.5. Segmentation software will not be discussed, as
this area is already widely covered in (non-radiomics) related works.
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Data storage and sharing

A lot of data and data types are involved in radiomics. Usually data is stored on a
local hard drive, and experiments are run using the data from there. However, in this
way it is easy to mix up data for different subjects, to lose data, or to lose overview of
the data. Furthermore there is no easy way of sharing the data, and to restrict access
to the data.
XNAT is a (medical) imaging platform that can store imaging data in a standardized
way [77]. On XNAT, imaging and clinical data can be stored together, and are easily
accessible through either the web interface or the API. If during the analysis of the
data something goes wrong it is then easy to go back to the original data on XNAT,
and data cannot be easily mixed up. Furthermore, because the data is stored on XNAT
in a standardized way, it is easy to run experiments, also for others.
Apart from imaging data, there is usually a lot of clinical data collected as well.
Although XNAT is able to store non-imaging data, this is not its strong point and often
other tools are used in combination with XNAT. For example OpenClinica, which is
a tool for clinical data management [78]. It allows for the tracking of a patient, and
association of clinical data with different visit moments.
Another platform that can store images and clinical data is ePad [79]. Not only
does it allow for the storage of medical images, it intends to collect quantitative
imaging features, which are often extracted in radiomics.
Although no single solution might be the best, it is clear that using a data
platform has advantages over using data stored locally on a hard disk. Having a more
standardized approach to collect and store data, on whatever specific platform, will
most likely prevent a lot of problems in the development of the radiomics pipeline.
Furthermore, by making data access easier, radiomics research is also able to expand
faster.

2.7.3

Feature toolboxes

Features can be seen as the core part of radiomics, which could explain the wide variety
of toolboxes available. These toolboxes differ among others in software language, the
features they implement, the preprocessing applied, and the routines to compute
features. As these variations influence the final result, it is important to select the
correct toolbox for each application.
Court et al. [80] mention five different toolboxes for radiomics, each having their
own specific advantages and drawbacks. One of these is IBEX [81], a MATLAB and
c/c++ based platform. Although mainly a feature toolbox, it also has capabilities for
displaying images and their corresponding features as well as several preprocessing and
feature selection methods. One of the more recently developed and popular toolboxes
is PyRadiomics [82], a Python based platform. PyRadiomics includes most of
the features mentioned in Section 2.4.2, including several filters that can be applied
to the image. However, PyRadiomics is solely a feature extraction toolbox, thus
it does not provide any segmentation or learning solutions. Another major player
is CaPTk [83], which was originally developed for the quantitative analysis of brain
tumours. CaPTk is based on the Insight ToolKit (ITK), the Visualization
ToolKit (VTK), and OpenCV. It not only includes feature extraction and feature
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selection, but also segmentation and preprocessing, including visualization options.
Lastly, PREDICT is a feature toolbox that additionally provides preprocessing, feature
selection and several machine learning capabilities through scikit-learn, see also
Section 2.7.4 [84].
Although these platforms all use the same basis of radiomics, there are many
differences. There is a large overlap in features, but each platform has a different
set of features that can be extracted. Each platform additionally is combined with
different segmentation and preprocessing methods. Moreover, the different back-ends
(e.g. MATLAB, Python, and OpenCV) may cause further variations in outcome. As
there is not yet a computational standard in radiomics, it is difficult to assess which
feature toolbox would therefore be most suitable for a specific application.
The platforms also share some similar drawbacks. There are a lot of possibilities
provided in terms of configurations, but there is often no best setting or optimization
process. Users will have to tune the parameters and settings themselves for each
application. Radiomics often involves high throughput batch-processing of numerous
images. Some of these toolboxes can be wrapped in command line executables, which
has to be done by the user. Others only provide graphical user interfaces through
which each image has to be processed manually.

2.7.4

Learning toolboxes

As the area of machine learning is much older than radiomics, the software solutions are
better organized. In Python, the main machine learning toolbox is scikit-learn,
which incorporates many classification and regressions methods, along with useful
methods such as dimensionality reduction and model selection. MATLAB has the
native Statistics and Machine Learning Toolbox. Both are mainly based on c/c++
implementations such as libsvm [85].
For deep learning, the community is more scattered. Most toolboxes are based
on Nvidia’s CUDA and are Python based, although MATLAB has the native Neural
Network Toolbox. One of the first widely used toolboxes is Theano [86]. However,
as Theano will not be supported in the future, a popular alternative is Google’s
TensorFlow [87], which is used in the Keras [88] (which can also use Theano) and
NiftyNet [89] toolboxes. NiftyNet is specifically designed to incorporate networks
targeted for the use in medical imaging. Facebook has launched an alternative to
TensorFlow in the form of PyTorch [90]. Lastly, Caffe [91] is another alternative,
which is not Python or MATLAB based, but rather a toolbox on its own.
At the moment, there is no single toolbox that stands out. As most frameworks
are under active development, specifications change frequently.

2.7.5

Pipeline standardization

As discussed in this chapter and illustrated in Figure 2.1, a radiomics pipeline consists
of four major steps: preprocessing, segmentation, feature extraction, and data mining.
In the previous sections, several theoretical and methodological issues have been
addressed. When executing a radiomics study, these steps have to be combined in a
single pipeline. As stated earlier, the choice of software used, e.g. the feature toolbox,
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can have a major influence on the outcome. Additionally, the ordering of all required
processing steps has an influence on the results. Thus, standardization of software
pipelines in radiomics is important for correct reporting and comparison of results.
The problem is twofold. On one hand, there is a lack of complete radiomics
pipeline solutions. Secondly, there is a lack of standardization. As seen in this section,
toolboxes typically only implement a single step of the radiomics pipeline instead of the
full process. Exceptions are CaPTk, which does provide all steps except the learning
part, and PREDICT, which provides all parts but not a standardized pipeline. Hence,
it is difficult to interpret and compare results. For example, all feature toolboxes
mentioned might call a feature “entropy” and assign it a certain value. This label does
not actually tell how this value was computed, e.g. which preprocessing was used or
which routine to compute an histogram.
Hence, it is difficult to assess which methods are most suitable for an application.
WORC [92] is an initiative that standardizes the radiomics pipeline based on fastr
[93] using mainly the PREDICT toolbox. Such initiatives could help in the comparison
of results and the search for the optimal radiomics solution.

2.7.6

Conclusion

For each step in the radiomics pipeline, a wide variety of software solutions exist.
Each toolkit has its own advantages and drawbacks, some of these hidden in internal
operations of the language the package is based on. Hence, comparison of results and
methods, as well as the use of existing methods on new applications is difficult. Initiatives for standardization of the radiomics pipeline do exist, but in most applications,
the construction of the pipeline and tuning of the settings still has to be manually
done by the user.

2.8

Conclusion

Recent advances in the machine learning field as well as the wider and easier availability
of medical imaging data and associated clinical labels have accelerated the popularity
of the radiomics field. A lot of promising studies have already been carried out, and
the research field is rapidly expanding.
In this chapter the components of a radiomics pipeline and their impact on the
performance of the pipeline have been discussed. Different elements from medical
image analysis come together in the pipeline, and as such bring together a lot of the
complexities from the different elements. Although there are many pitfalls, most of
them can easily be avoided, and radiomics could be a powerful tool for the clinic.
The next steps of radiomics will lie in the translation from research to clinical
application. Even though studies have shown promising results, the conversion to
clinical usage has still been limited. The field of radiomics faces various challenges,
such as the standardization of both the theoretical components, as well as their
implementations. Moreover, while many methods show promising results on a specific
application, the generalization of these methods is rarely studied. Lastly, robustness
to changes in the imaging and segmentation protocol appear mandatory for successful
conversion to the clinic.
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Radiomics still holds a lot of promises for the future. Currently, most studies focus
on a single aspect of a bigger clinical process, however ultimately radiomics can also
focus on the complete process. In this case, the pipeline will not focus on predicting
a specific subclass or genetics of a disease, but can for example predict survival or
suggest which treatment option might work best for a patient. This will probably
require additional clinical data, but can ultimately have a bigger impact.
Another point of future interest is the continuous inclusion of data. When constructing a radiomics pipeline usually a fixed dataset is used, but in practice during or
after the construction of the pipeline new patients will come in which could also be
included. Instead of then constructing the pipeline from scratch again, which takes
time and resources, updating the pipeline with the new information would be a better
approach. This requires a different approach, both on the machine learning side to
select the appropriate algorithms, as well as on the study design side to ensure that
the performance does not decrease when including new data.
All in all, the field of radiomics is a quickly expanding and promising field, with
multiple opportunities to be clinically impactful.
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“We keep moving forward, opening new doors, and doing
new things, because we’re curious and curiosity keeps
leading us down new paths.”
— Walt Disney
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Abstract

3

Background: Several studies reported a correlation between
anatomic location and genetic background of low grade gliomas
(LGGs). As such, tumour location may contribute to presurgical clinical decision-making. Our purpose was to visualize and
compare the spatial distribution of different World Health Organization (WHO) 2016 gliomas, frequently aberrated single genes
and DNA copy number alterations within subgroups, and groups
of postoperative tumour volume.
Methods: Adult grade II glioma patients (WHO 2016 classified) diagnosed between 2003 and 2016 were included. Tumour
volume and location were assessed with semi-automatic software.
All volumes of interest were mapped to a standard reference brain.
Location heatmaps were created for each WHO 2016 glioma subgroup, frequently aberrated single copy number variations (CNVs),
as well as heatmaps according to groups of postoperative tumour
volume. Differences between subgroups were determined using
voxelwise permutation testing.
Results: A total of 110 isocitrate dehydrogenase (IDH)mutated astrocytoma patients, 92 IDH-mutated and 1p/19q codeleted oligodendroglioma patients, and 22 IDH-wildtype astrocytoma patients were included. We identified small regions in
which specific molecular subtypes occurred more frequently. IDHmutated LGGs were more frequently located in the frontal lobes
and IDH-wildtype tumours more frequently in the basal ganglia
of the right hemisphere. We found no localizations of significant
difference for single genes/CNVs in subgroups, except for loss of
9p in oligodendrogliomas with a predilection for the left parietal
lobes. More extensive resections in LGG were associated with
frontal locations.
Conclusions: WHO LGG subgroups show differences in spatial distribution. Our data may contribute to presurgical clinical
decision-making in LGG patients.

Based on: M. M. J. Wijnenga* , S. R. van der Voort* , P. J. French, S. Klein, H. J. Dubbink,
W. N. M. Dinjens, P. N. Atmodimedjo, M. de Groot, J. M. Kros, J. W. Schouten, C. M. F. Dirven,
A. J. P. E. Vincent, M. Smits, and M. J. van den Bent, “Differences in spatial distribution between
WHO 2016 low-grade glioma molecular subgroups,” Neuro-Oncology Advances, vol. 1, no. 1,
art. no. vdz001, May 2019. doi: 10.1093/noajnl/vdz001
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Introduction

Classification of diffuse gliomas is based on histological and molecular criteria according
to the 2016 World Health Organization (WHO) classification of tumours of the central
nervous system [94]. Three major subtypes of diffuse low grade glioma (LGG) (grade
II) are recognized based on testing of 2 molecular markers: mutations of isocitrate
dehydrogenase (IDH) 1 or 2 gene and combined deletion of chromosomal arms 1p and
19q. Next to the WHO classification, (eloquent) location, size, presence of contrast
enhancement, and delineation of the tumour margins on magnetic resonance imaging
(MRI) are important prognostic factors [95, 96, 97, 98].
Previous studies suggest that the anatomic location of a glioma is correlated with
the molecular background of the tumour [99, 100, 101, 102]. If so, tumour location
may contribute to presurgical clinical decision-making and may provide a non-invasive
marker for prediction of molecular subtype. However, current evidence to support this
is mainly derived from relatively small series which are often single molecular marker
studies [99, 100, 101, 102]. For example, it was shown that loss of 1p is associated with
a more frequent location in the frontal lobes and that 1p/19q co-deletion is absent
in insular tumours [100, 101]. In a series of 47 patients, Metellus et al. [102] showed
that IDH-wildtype LGG are preferentially located in the insular region. We recently
reported on a cohort of resected LGG samples, wherein we found that IDH-wildtype
tumours were more often located in eloquent areas [103]. In that study, just as in
many other previous studies on glioma location, we used the cerebral lobes as the
location description factor, which is not accurate. A recent study by Tejada Neyra et
al. [104] showed a location predilection for IDH-mutated tumours in the frontal lobes
in the rostral extension of the lateral ventricles. Despite these data, no large series
have been described that visualize the anatomic location of WHO 2016 LGG subtypes
in a voxel-based manner. As the WHO 2016 criteria are more objective than the
previous WHO 2007 criteria and result in a more refined and prognostic classification
of tumours, it is possible that the spatial distributions of different WHO 2016 glioma
subtypes are more distinct than previously shown for the classical histopathological
classification [105].
Previously, we investigated the impact of extent of resection in WHO 2016 classified
LGG and assessed tumour volume location and volume in a semiautomatic manner
[103]. We used this cohort in the present study to visualize the spatial distribution
of different WHO 2016 LGG subtypes, by creating voxel-based probability maps of
tumour location for every subtype. Using this cohort also enabled us to visualize
spatial distributions of LGGs according to the extent of resection. These maps might
be helpful in presurgical decision-making.

3.2
3.2.1

Methods
Patient selection

Adult patients (age ≥18 years) with histopathologically confirmed supratentorial grade
II glioma were included. Patients and samples were previously described in a study
investigating the extent of resection in grade II glioma [103]. All patients were treated
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in a single institute between 2003 and 2016: The Brain Tumour Center at Erasmus
MC Cancer Institute in Rotterdam, the Netherlands. The study was approved by the
medical ethics committee of Erasmus MC and conducted according to national and
European regulations.

3.2.2

3

Image acquisition and processing

We used the preoperative MRI scans that were available from a routine clinical setting.
MRI sequence protocols varied per patient, as patients were diagnosed in several
centers without the use of a uniform tumour MRI protocol. For inclusion in this
study, at least a T2-weighted fluid attenuated inversion recovery (T2w-FLAIR) or
T2-weighted (T2w) sequence needed to be available. We did not use inclusion or
exclusion criteria for voxel size and/or slice thickness. We segmented preoperative
and postoperative glioma lesions on MRI in a semi-automated fashion with the
SmartBrush tool that is incorporated in Brainlab Elements (version 2.1.0.15). With
this tool, a three-dimensional (3D) volume of interest (VOI) can be created by manually
segmenting the lesion on 2 perpendicular slices, from which the software calculates
a full 3D VOI, which was manually adjusted where necessary. We used the T2wFLAIR sequence when available (3D where possible); otherwise, the conventional T2w
sequence was used for segmentation. All tumour-related T2w-FLAIR and T2w signal
abnormalities were included in the segmentation. The T2w-FLAIR and T2w scans
of all patients were affinely registered (preserving parallel lines and planes) to the
Montreal Neurological Institute (MNI) International Consortium for Brain Mapping
(ICBM) 152 nonlinear T2w atlas version 2009a nonlinear symmetric [106, 107] and
the 3D VOIs were transformed accordingly for further analysis. We registered all MRI
scans using an automated algorithm based on maximization of mutual information
[108], as implemented in the open-source SimpleElastix software (version 9dfa8cb)
[109]. All registrations were manually checked to assure proper alignment with the
atlas, and adjusted where necessary.

3.2.3

DNA extraction and next-generation sequencing

Areas with high tumour content were manually macrodissected from formalin-fixedparaffin-embedded (FFPE) tissue slides as described previously [103]. We used a
targeted next-generation sequencing (NGS) panel to classify samples according to the
WHO 2016 criteria, using an Ion Torrent Personal Genome Machine or Ion S5XL (Life
Technologies). The panel assesses mutational status of IDH1/2, TP53, FUBP1, PTEN,
CIC, CDKN2A, NOTCH1, ATRX (whole gene) and hotspots of EGFR (exon 3 +
15), H3F3A (exon 2), PIK3CA (exon 10 + 21), BRAF (exon 11 + 15), and also copy
number variations (CNVs) of chromosome 1, 7, 9, 10, 12, and 19. TERT promoter
mutations (C228T and C250T) were assessed in a separate assay (SnaPshot). Detailed
methods were described previously [103, 110].
The following criteria for molecular classification were used:
• Oligodendroglioma: IDH1 or IDH2 mutated and loss of heterozygosity consistent
with co-deletion of the entire 1p and 19q chromosomal arms.
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• IDH-mutated astrocytoma: IDH1 or IDH2 mutated.
• IDH-wildtype astrocytoma, with molecular features of glioblastoma (according to
recent cIMPACT-NOW update 3 [15]), in further text named as “IDH-wildtype
astrocytoma”: IDH1 or IDH2 wildtype and: TERT promoter mutation without
1p/19q co-deletion, or loss of heterozygosity of chromosome 10q and imbalance
of chromosome 7, or EGFR amplification.

3.2.4

Statistical analysis

We created tumour location heatmaps for the different WHO subtypes by iterating
over all voxels in the MNI atlas and counting the number of tumour occurrences for
each group in each voxel. Via this procedure, we created location heatmaps for the
WHO 2016 molecular subgroups. Additional heatmaps were generated for gliomaspecific single genes and chromosomes of interest (CIC, FUBP1, chromosome 7, and
chromosomal arm 9p), as well as location heatmaps stratified for extensiveness of
resection (4 groups of postoperative tumour volumes: 0 cm3 , 0.1 cm3 –5.0 cm3 , 5.1 cm3 –
15.0 cm3 , >15.0 cm3 ).
To test for differences in spatial distribution between WHO 2016 subgroups, we
assessed the cluster-wise significance at the voxel-level between distributions, using
permutation testing with threshold free cluster enhancement in the software package
FMRIB software library (FSL) Randomise [111, 112] (version 5.0.9, using 15,000
permutations). This approach corrects p-values for the familywise error in testing the
many voxels, considering a corrected p-value of <0.05 as statistically significant. We
first compared all IDH-wildtype LGGs with all IDH-mutated LGGs. In a subsequent
analysis, we assessed the statistical significance of location differences of IDH-mutated
astrocytoma and oligodendroglioma separately.

3.3

Results

Our initial cohort consisted of 246 patients with confirmed LGG, for which FFPE
material and MRI scans were available. Twenty-two patients were excluded: 16 due
to sequencing failure, 2 due to a preoperative contrast enhancement suggestive of
glioblastoma, and another 4 due to insufficient image quality. Of the remaining 224
patients, 92 were oligodendrogliomas, 110 were IDH-mutated astrocytomas, and 22
were IDH-wildtype astrocytomas. Clinical characteristics of this cohort were consistent
with LGG patient characteristics known from the literature and are shown in Table 3.1.

3.3.1

Spatial distribution of WHO 2016 glioma subgroups

Spatial distribution heatmaps for each WHO 2016 grade II glioma subgroup are
shown in Figure 3.1. Upon visual inspection, most oligodendrogliomas were located in
the frontal lobes and cortex, while IDH-mutated astrocytomas were more frequently
located in the frontotemporal lobes and the insular region. IDH-wildtype astrocytomas
were more frequently located in the basal ganglia and rostral areas of the hemispheres.
In this cohort, tumours were slightly more frequently located in the left hemisphere,
both for IDH-mutated astrocytomas and oligodendrogliomas.
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Total cohort

3

Oligodendroglioma

Astrocytoma
IDH-mutated

Astrocytoma
IDH-wildtype

N

%

N

%

N

%

N

%

Total

224

100.0

92

100.0

110

100.0

22

100.0

Sex
Male
Female

133
91

59.4
40.6

47
45

51.1
48.9

70
40

63.6
36.4

16
6

72.7
27.3

99
101
24

44.2
45.1
10.7

32
49
11

34.8
53.3
12.0

67
41
2

60.9
37.3
1.8

0
11
11

0.0
50.0
50.0

167
23
8
26

74.6
10.3
3.6
11.6

76
8
1
7

82.6
8.7
1.1
7.6

81
14
6
9

73.6
12.7
5.5
8.2

10
1
1
10

45.5
4.5
4.5
45.5

Type of firstst surgery
Awake craniotomy
103
Normal resection
74
Open biopsy
15
Stereotactic biopsy
32

46.0
33.0
6.7
14.3

49
23
7
13

53.3
25.0
7.6
14.1

53
48
2
7

48.2
43.6
1.8
6.4

1
3
6
12

4.5
13.6
27.3
54.5

70
17
5

76.1
18.5
5.4

70
33
7

63.6
30.0
6.4

5
11
6

22.7
50.0
27.3

Age (years)
<40
40 – 60
>60
Median
IQR
Presenting symptom
Epilepsy
Incidental
Headache
Other

42
33 – 51

Preoperative Karnofsky performance score
100
145
64.7
90
61
27.2
≤80
18
8.0
Median
100
IQR
90 – 100

45
37 – 52

100
100 – 100

37
29 – 45

100
90 – 100

59
52 – 63

90
82 – 90

Eloquent area

90

40.2

35

38.0

39

35.5

16

72.7

Side of lesion
Right
Left
Bilateral

95
117
12

42.4
52.2
5.4

37
50
5

40.2
54.3
5.4

51
57
2

46.4
51.8
1.8

7
10
5

31.8
45.5
22.7

26
24
23
17
2

28.3
26.1
25.0
18.5
2.2

31
24
38
16
1

28.2
21.8
34.5
14.5
0.9
50.95
3.01 – 302.8

7
6
4
5
0

31.8
27.3
18.2
22.7
0.0

16.3
29.3
6.5
20.7
27.2

17
26
13
38
16

1
1
2
9
9

4.5
4.5
9.1
40.9
40.9

Preoperative tumour volume (cm3 )
≤25.0
64
28.6
25.1 – 50.0
54
24.1
50.1 – 100.0
65
29.0
100.1 – 250.0
38
17.0
250.1 – 351.0
3
1.3
Median
47.3
Range
3.01 – 350.5
Postoperative tumour volume (cm3 )
0.0
33
14.7
0.1 –
5.0
54
24.1
5.1 – 10.0
21
9.4
10.1 – 50.0
66
29.5
50.1 – 265.0
50
22.3
Median
11
Range
0.0 – 263.6
Follow-up (years)
Median
Range

5.8
0.3 – 20.4

15
27
6
19
25

45.9
4.29 – 350.5

7.13
0.0 – 263.6
7.3
0.8 – 20.4

15.5
23.6
11.8
34.5
14.5
9.26
0.0 – 232.7
5.7
0.3 – 15

38.2
9.05 – 213.1

31.5
0.0 – 213.1
2.2
0.3 – 4.7

Table 3.1: Population demographics and tumour characteristics. Abbreviations: IDH: isocitrate dehydrogenase, IQR: interquartile range.
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Statistical analysis of the spatial distributions indicated that tumours were more
frequent in the anterior extensions of the lateral ventricles for IDH-mutated LGGs
(oligodendrogliomas and IDH-mutated astrocytomas combined) compared with IDHwildtype astrocytomas. The p-values per voxel are shown in Figure 3.2a. With
IDH-wildtype astrocytomas as reference category, our analysis indicated that IDHwildtype astrocytomas are more frequently located in the basal ganglia of the right
hemisphere (when compared with IDH-mutated LGGs) (Figure 3.2b).
Direct comparison between IDH-mutated astrocytomas and oligodendrogliomas
showed a small area in the left frontal cortex where oligodendrogliomas occurred
significantly more frequently (p-value <0.05), and a small region in the right temporal lobe where IDH-mutated astrocytomas (Figure 3.3) occurred more frequently.
However, in a subsequent 3-group comparison, including IDH-wildtype astrocytomas,
there were no locations of significant differences for IDH-mutated astrocytomas or
oligodendrogliomas individually, only for IDH-wildtype astrocytomas individually.

3.3.2

Exploratory analysis of location predilection of a single gene
and CNVs

As an exploratory analysis, we also generated spatial distribution heatmaps of the
additional genes and CNVs we tested with our dedicated NGS panel that were frequently
mutated or aberrant. For this, we analyzed CIC and FUBP1 mutations, and loss of
chromosomal arm 9p for oligodendroglioma (Figure 3.4). We found no preferential
locations for any of those molecular aberrations, except for loss of 9p (compared with
oligodendroglioma with intact 9p), which seemed to be more frequently located in the
left parietal area (Figure 3.5).
In IDH-mutated astrocytoma, we created heatmaps of loss of chromosomal arm 9p
and imbalance of chromosome 7, and found no preferential brain locations/voxels for
either of those that showed p-values <0.05 (Figure 3.6).

3.3.3

Resection probability of LGG

For a previous study on the extent of resection in the same cohort, postoperative tumour
volumes were also assessed with the BrainLab Elements SmartBrush Tool. We assigned
patients into one of the 4 groups based on the postoperative tumour volume: 0 cm3 ,
0.1 cm3 –5.0 cm3 , 5.1 cm3 –15.0 cm3 , and >15.0 cm3 postoperative tumour volume. We
generated location distribution heat maps stratified by these 4 groups, to investigate
if there are preferential localizations for gross total resections. Results are shown in
Figure 3.7. All tumours with a total resection (0.0 cm3 postoperative residue) were
located in the frontal lobe. Similarly, the majority of tumours with a low postoperative
tumour volume (0.1 cm3 –5.0 cm3 ) were located in the frontal lobes. Tumours with a
postoperative volume of more than 5.0 cm3 more frequently occurred in the insular
region, temporal lobes, and in or near the primary sensory and motor cortex.
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# of tumours
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(a) Oligodendroglioma, IDH-mutated 1p/19q co-deleted (N=92).

10
0

# of tumours

25
20

(b) Astrocytoma, IDH-mutated (N=110).

5
0
(c) Astrocytoma, IDH-wildtype (N=22).

Figure 3.1: Spatial distribution heatmaps of WHO 2016 glioma subgroups.
The color of a voxel corresponds with the number of tumours
localized at that location, ranging from dark purple (low number)
to bright orange (high number). The color bars on the right
indicate the frequencies corresponding with the color per voxel;
(a) location distribution of oligodendroglioma shows most are
located in the frontal lobes. (b) IDH-mutated astrocytoma show
a distribution with most tumours located in or near the insular
region. (c) IDH-wildtype astrocytomas are more often located
in midline region and basal ganglia.
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0
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0.2
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>0.4

(a) Unique localizations for IDH-mutated LGG.
0
0.05

>0.4

(b) Unique localizations for IDH-wildtype LGG.

Figure 3.2: Differences in location distribution between IDH-wildtype and
mutated low grade gliomas. Voxel-color indicates corrected pvalue with color bar for scale.

p-value

0.2

46

Chapter 3. Spatial distribution of WHO 2016 glioma subgroups

0
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p-value

3

>0.4

(a) Unique localizations for oligodendrogliomas compared with IDH-mutated astrocytomas.
0
0.05

p-value

0.2

>0.4

(b) Unique localizations for IDH-mutated astrocytomas compared with oligodendrogliomas.

Figure 3.3: Results of the FSL Randomise test with 15,000 permutations
for statistical differences in location distribution between oligodendrogliomas and IDH-mutated astrocytomas. The color of a
voxel is correlated with a p-value as indicated in the color bars
on the right.
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(a) IDH-mutated 1p/19q co-deleted oligodendroglioma, CIC mutated (N=51).
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(b) IDH-mutated 1p/19q co-deleted oligodendroglioma, CIC wildtype (N=41).
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(c) IDH-mutated 1p/19q co-deleted oligodendroglioma, FUBP1 mutated (N=36).

5
0

# of tumours

10

(d) IDH-mutated 1p/19q co-deleted oligodendroglioma, FUBP1 wildtype (N=56).

5
0

# of tumours

7

(e) IDH-mutated 1p/19q co-deleted oligodendroglioma, loss 9p (N=23).

0
(f) IDH-mutated 1p/19q co-deleted oligodendroglioma, 9p intact (N=57).

Figure 3.4: Spatial distribution heatmaps of presence of individual gene or
copy number alterations in the context of oligodendroglioma.
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Figure 3.5: Results of the FSL Randomise test showing unique localizations
for loss of 9p in the context of oligodendroglioma.

3.4

Discussion

In this study, we aimed to visualize and compare the spatial distribution of WHO
2016 grade II glioma subgroups. By using advanced image processing analyses, we
were able to generate accurate spatial distribution maps, especially compared with
previous studies that were primarily based on location description/scores [99, 100,
101, 102]. Our data indicate there are significant differences in spatial distribution
patterns dependent on IDH status, with IDH-mutated LGGs more frequently located
in the rostral extensions of the lateral ventricles, and IDH-wildtype astrocytomas more
frequently in the basal ganglia of the right hemisphere. Our data are in line with
earlier observations and confirm there is a correlation between molecular background
of a glioma and anatomic location [99, 100, 101, 102, 104]. On the other hand, our
data also indicate an overlap in anatomic location between WHO 2016 subgroups.
Upon visual inspection, a distinct pattern is clearly recognized between groups:
most oligodendrogliomas are located in the frontal lobes and cortex, while IDH-mutated
astrocytomas are more frequently located in the frontotemporal and insular region.
However, the substantial overlap between IDH-mutated astrocytomas and oligodendrogliomas can be appreciated as well. This is also indicated by our voxel-cluster-based
statistical analysis, wherein we find a significant predilection for IDH-mutated LGGs
in the rostral extensions of the anterior lateral ventricles (IDH-mutated astrocytomas
and oligodendrogliomas grouped together), while we could not find regions significantly
associated with either IDH-mutated astrocytomas or oligodendrogliomas when we
analyzed them as individual entities. Although oligodendrogliomas and IDH-mutated
astrocytomas differ in clinical behavior (overall survival, sensitivity to chemotherapy)
and are recognized as independent entities by the WHO classification, both entities
share the IDH mutation. It is suggested that the cell of origin for IDH-mutated
gliomas is localized within the subventricular zone [113]. If oligodendrogliomas and
IDH-mutated astrocytomas share the cell type of origin, this might explain the signifi-
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(a) IDH-mutated astrocytoma, imbalance chromosome 7 (N=12).
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(b) IDH-mutated astrocytoma, chromosome 7 intact (N=93).
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(c) IDH-mutated astrocytoma, loss 9p (N=12).
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0
(d) IDH-mutated astrocytoma, 9p intact (N=70).

Figure 3.6: Spatial distribution heatmaps of presence of individual copy
number alterations in the context of IDH-mutated astrocytoma.
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(a) Total resection (0.0 cm3 postoperative tumour volume) (N=33).
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(b) 0.0 cm3 –5.0 cm3 postoperative tumour volume (N=54).
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(c) 5.1 cm3 –15.0 cm3 postoperative tumour volume (N=40).
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0
(d) >15.0 cm3 postoperative tumour volume (N=97).

Figure 3.7: Spatial distribution heatmaps of WHO 2016 grade II glioma
stratified according to postoperative tumour volume. The color
bars on the right indicate the frequencies corresponding with the
color of the voxels.
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cant predilection of IDH-mutated LGGs in the rostral extensions of the anterior lateral
ventricles, and the absence of a location difference between IDH-mutated astrocytomas
and oligodendrogliomas.
Compared with IDH-mutated LGGs, IDH-wildtype astrocytomas showed a distinct
spatial distribution with more lesions located in the midline and basal ganglia. This
different spatial distribution is an interesting observation, as it shows that, in the
setting of grade II gliomas, IDH-wildtype astrocytomas have a different anatomical
and thus clinical presentation. The spatial distribution explains the high percentage of
biopsies in these patients we reported previously, as tumours in these locations are not
eligible for safe resections [103]. We also reported previously that these tumours often
do not present with epilepsy, in contrast to IDH-mutated grade II gliomas [103], and
this might also be explained by their preferential, noncortical location. On the other
hand, it has also been postulated that high frequency of epilepsy in IDH-mutated
gliomas is explained by mimicking the activity of glutamate on the NMDA receptor
due to high levels of d-2-hydroxyglutarate [114].
Upon visual inspection in this series, both oligodendrogliomas and IDH-mutated
astrocytomas were slightly more frequently located in the left hemisphere, especially in
insular location. An explanation might be a selection bias of patient referral because
our center was one of the first in the Netherlands that performed awake craniotomies,
which are performed for tumours located in presumed eloquent regions such as the
left insular, frontal, and temporal region.
A current hot topic in glioma research is the development of non-invasive prediction
of WHO 2016 classification of tumour diagnosis based on preoperative MRI scans.
This would be very helpful for presurgical decision-making. In a previous study, for
example, we showed that minor postoperative tumour residues have more impact on
survival in IDH-mutated astrocytomas than in oligodendrogliomas [103]. Our data
show that anatomic location could contribute to this non-invasive prediction, but
requires the combination with other parameters to predict WHO subtype accurately.
We performed an exploratory analysis to assess the spatial distribution of other
frequently reported mutations and CNVs in glioma. Potential differences in spatial
distribution might generate hypotheses or clues about the origin of glioma or specific
subgroups and aggressiveness of certain glioma subtypes. We found no specific spatial
distributions for the tested aberrations however, except for loss of chromosome 9p in
the context of oligodendroglioma. Oligodendrogliomas with loss of 9p were significantly
more frequently located in the left parietal area. This finding needs to be confirmed
in independent series before any assumptions regarding the relevance on the biological
level can be made.
As a second aim we visualized the possible correlation between anatomic location
of LGG and the extent of their resection. State-of-the-art neurosurgical techniques
including awake craniotomies were used in this cohort to achieve resections as extensive
as possible in a safe way. Upon visual inspection, we found that LGGs with no or very
small postoperative tumour residues (more extensive resections) were more frequently
located in the frontal lobes, while LGGs with larger postoperative tumour volumes
were more frequently located in the insular and temporal regions. This is an expected
result, as the extent of resection is associated with anatomic location and also with
proximity of eloquent areas of the brain [103]. Our heatmaps provide an insightful
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visualization which might be helpful in surgical planning and in informing patients on
resectability of an LGG.
Our study has several contributions compared with previous studies. We used
a relatively large and representative consecutive cohort of LGGs, which were all
classified with NGS according to the integrated WHO 2016 criteria. To the best of
our knowledge, this is the first study that visualizes the spatial distribution of gliomas
classified according to the WHO 2016 classification. Also, we scored location in a
voxel-based manner with the use of semi-automated segmentation software, which
gives a far more accurate representation of location compared with a manual scoring of
location. Some limitations have to be addressed as well. Our study was retrospective
in nature, and the MRI protocols were not standardized. Consequently, voxel size
and slice thickness were not homogeneous in the cohort. Images with large voxel size
and slice thickness pose challenges for accurate segmentation and registration. More
subtle differences in location between groups might be missed. However, our aim
was not to find subtle differences, but clinically relevant differences between groups,
and our cohort with heterogeneous MRI protocols is sufficient for this aim (and also
reflects the “real-life” situation). More importantly, the mapping of patient MRI
scans with segmentation to the MNI standard brain can lead to distortion and a slight
change of location on the standard brain compared with the original MRI scan. This
is especially relevant for relatively large lesions with mass effect, for example, tumours
that compress the ventricles. Because of this, our heatmaps erroneously showed some
tumours to be located in the ventricles. However, if we would have used a registration
that perfectly mapped the tumour to its position along the ventricle (instead of
mapping it inside the ventricle), the tumour would have been compressed. As such
the resulting mapping would misrepresent the actual tumour volume. Therefore, we
have chosen to accept the erroneous mappings into the ventricles in favor of these
volume effects. To be as accurate as possible, we manually checked all registrations and
corrected where necessary. Furthermore, although this is a relatively large consecutive
series of molecular-defined grade II glioma, a further expansion of our dataset is
needed, as especially the group of IDH-wildtype astrocytomas is small. We need
larger numbers to confirm that the spatial distribution of IDH-wildtype LGG is indeed
different compared with IDH-mutated LGG, as it is known that glioblastomas are
also frequently located in the frontal lobes. However, a recent study showed that, in
the context of glioblastoma, the frontal cortex is also significantly associated with the
presence of IDH mutations [104].
In conclusion, WHO 2016 LGG molecularly defined subgroups show both differences
and similarities in spatial distribution, with IDH-mutated LGGs significantly more
frequently located in the frontal lobes and IDH-wildtype tumours more frequently in
the basal ganglia of the right hemisphere.
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Abstract

4

Introduction: O6 -methylguanine-methyltransferase (MGMT)
promoter methylation and isocitrate dehydrogenase (IDH) mutation status are important prognostic factors for patients with
glioblastoma. There are conflicting reports about a differential
topographical distribution of glioblastoma with vs. without MGMT
promoter methylation, possibly caused by molecular heterogeneity in glioblastoma populations. We initiated this study to reevaluate the topographical distribution of glioblastoma with vs.
without MGMT promoter methylation in light of the updated
World Health Organization (WHO) 2016 classification.
Methods: Preoperative post-contrast T1-weighted and T2weighted/T2-weighted fluid attenuated inversion recovery magnetic resonance imaging scans of patients aged 18 year or older
with IDH-wildtype glioblastoma were collected. Tumours were
semi-automatically segmented, and the topographical distribution
between glioblastoma with vs. without MGMT promoter methylation was visualized using frequency heatmaps. Then, voxel-wise
differences were analyzed using permutation testing with threshold
free cluster enhancement.
Results: Four hundred thirty-six IDH-wildtype glioblastoma
patients were included; 211 with and 225 without MGMT promoter methylation. Visual examination suggested that when compared with MGMT unmethylated glioblastoma, MGMT methylated
glioblastoma were more frequently located near bifrontal and left
occipital periventricular area and less frequently near the right occipital periventricular area. Statistical analyses, however, showed
no significant difference in topographical distribution between
MGMT methylated vs. MGMT unmethylated glioblastoma.
Conclusions: This study re-evaluated the topographical distribution of MGMT promoter methylation in 436 newly diagnosed
IDH-wildtype glioblastoma, which is the largest homogenous IDHwildtype glioblastoma population to date. There was no statistically significant difference in anatomical localization between
MGMT methylated vs. unmethylated IDH-wildtype glioblastoma.

Based on: F. Incekara* , S. R. van der Voort* , H. J. Dubbink, P. N. Atmodimedjo, R.
Nandoe Tewarie, G. Lycklama à Nijeholt, A. J. P. E. Vincent, J. M. Kros, S. Klein, M. van den Bent,
and M. Smits, “Topographical mapping of 436 newly diagnosed IDH wildtype glioblastoma with vs.
without MGMT promoter methylation,” Frontiers in Oncology, vol. 10, art. no. 596, May 2020. doi:
10.3389/fonc.2020.00596
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Introduction

Patients with glioblastoma have a poor prognosis with a median overall survival of 15
months, despite standard of care consisting of safe and maximal surgical resection,
followed by chemo and/or radiotherapy [115]. This prognosis varies based on factors
such as age, Karnofsky performance score (KPS), extent of resection, and molecular
markers, in particular isocitrate dehydrogenase (IDH) mutation and O6 -methylguaninemethyltransferase (MGMT) promoter methylation status [17].
MGMT is a DNA repair enzyme, which is expressed by the MGMT gene located on
chromosome 10q26. Promoter methylation of this gene reduces MGMT protein expression and consequently decreases DNA repair and increases alkylating chemotherapy
induced tumour death. Therefore, patients with MGMT methylated glioblastoma are
more sensitive to neo-adjuvant temozolomide than those without MGMT methylated
glioblastoma. MGMT is methylated in around 50 % of patients with newly diagnosed
glioblastoma [116].
There are conflicting results in the published literature on a possible differential topographical distribution of glioblastoma with vs. without MGMT promoter
methylation [117]. Ellingson et al. [118] suggested that when compared with those
without MGMT promoter methylation, glioblastoma with MGMT methylation are
more frequently located in the left temporal lobe and less frequently in the right
temporal lobe. However, other studies found the reverse lateralization pattern [119] or
did not find any lateralization at all [120, 121, 122]. These conflicting results could be
ascribed to heterogeneity of molecular subtypes of glioblastoma in the studied populations, for instance when IDH-wildtype glioblastoma are mixed with the genetically,
and prognostically distinct IDH-mutated glioblastoma, or to variation in statistical
methods that were used across studies. Therefore, the question whether glioblastoma
with vs. without MGMT promoter methylation have a different anatomical localization
remains unanswered. In light of the updated World Health Organization (WHO) 2016
classification [10], a molecularly homogenous glioblastoma population must be used to
re-evaluate the topographical distribution of MGMT methylated vs. unmethylated
glioblastoma.
Therefore, we have initiated this study to re-evaluate the topographical distribution of glioblastoma with vs. without MGMT promoter methylation in the largest
homogenous IDH-wildtype glioblastoma population to date.

4.2
4.2.1

Methods
Patient inclusion

All consecutive patients aged 18 years or older newly diagnosed with a contrastenhancing and histopathologically confirmed glioblastoma IDH-wildtype who underwent tumour resection or biopsy between January 2011 and May 2018 at the Erasmus
MC, University Medical Center Rotterdam, or Haaglanden MC were retrospectively
included in this study. Patients were eligible if preoperative post-contrast T1-weighted
(T1wC) and T2-weighted (T2w)/T2-weighted fluid attenuated inversion recovery (T2wFLAIR) magnetic resonance imaging (MRI) scans as well as molecular data on IDH
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mutation and MGMT methylation status were available. Recurrent glioblastoma
or confirmed IDH-mutated glioblastoma were excluded. The study design was approved by the Medical Ethical Committee of Erasmus MC and Haaglanden MC. The
study was performed in accordance with the 1964 Helsinki Declaration and its later
amendments or comparable ethical standards.

4.2.2

4

Image acquisition, tumour segmentation, and registration

From clinical preoperative MRI scans, which were obtained according to clinical brain
tumour protocols on either a 1.5 T or 3.0 T scanner, T1wC and T2w/T2w-FLAIR
images were collected. For glioblastoma segmentation, we first imported both the
T1wC and T2w/T2w-FLAIR scans into BrainLab (BrainLab, Feldkirchen, Germany,
version 2.1.0.15). We semi-automatically segmented all tumour-related contrastenhancement (including the central necrotic part, if present) using the SmartBrush
tool in Brainlab Elements and manually adapted the segmentation if needed. We then
used the T2w/T2w-FLAIR scan to semi-automatically segment all tumour-related
non-enhancing hyperintense abnormalities (extra-lesional hemorrhage was excluded).
All tumour segmentations were then registered to the Montreal Neurological Institute (MNI) International Consortium for Brain Mapping 152 non-linear, symmetric
atlas 2009a [106, 107]. The T1wC scans were registered to the T1-weighted atlas
and the T2w/T2w-FLAIR scans to the T2w atlas. Registration was done using SimpleElastix (version 72b7e81), based on a mutual information metric using an affine
registration [109]. The resulting transformation parameters were used to transform
the 3D segmentations to the atlas space. Registration results were visually checked to
ensure that for all cases, the registered masks lay entirely within the brain mask of
the atlas. No adjustments were made to the initial registration settings for individual patients. We created voxel-wise frequency maps for all glioblastoma combined,
and frequency difference maps of glioblastoma with vs. without MGMT promoter
methylation.

4.2.3

Molecular analysis

Tumour tissue samples were obtained from patients through surgical resection or biopsy.
Histopathological examination was performed by neuropathologists. DNA was extracted from microdissected formalin-fixed-paraffin-embedded (FFPE) tissue fragments
by proteinase K digestion for 16 h at 56 ◦C in the presence of 5 % Chelex 100 resin
and used after inactivation of proteinase K and removal of cell debris and the Chelex
resin. IDH mutational analysis was assessed with Sanger sequencing and targeted nextgeneration sequencing (NGS) analysis. Sanger sequencing of PCR-amplified fragments
from IDH1 and IDH2 mutational hot spots was essentially performed as previously
described [123]. M13-tailed primers for PCR amplification of IDH1 codon 132 were
forward 5’-TCTTCAGAGAAGCCATTAT-3’ and reverse 5’-GCAAAATCACATTATTGCCAAC-3’,
for IDH2 codon 140, forward 5’-GGCTGCAGTGGGACCACTAT-3’ and reverse
5’-TTGGTCCAGCCAGGGACTAG-3’,
and
for
IDH2
codon
172,
forward
5’-ACATCCTGGGGGGGACTGTC-3’ and reverse 5’-GACAAGAGGATGGCTAGGCG-3’. The M13tail for the forward primers was: 5’-TGTAAAACGACGGCCAGT-3’ and for the reverse
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primers: 5’-CAGGAAACAGCTATGACC-3’. After initial denaturation at 95 ◦C for 3 min,
35 cycles of 95 ◦C for 15 s, 60 ◦C for 15 s, and 72 ◦C for 15 s were performed, followed
by 7 min at 72 ◦C. Subsequent sequence analyses of the PCR products was carried
out with M13 forward and reverse primers on a 3730 XL Genetic Analyzer (Applied
Biosystems, Foster City, CA, USA).
Targeted NGS was performed by semiconductor sequencing with the Ion Torrent
platform using supplier’s materials and protocols (Thermo Fisher Scientific) with
a dedicated panel for detection of glioma-specific aberrations, including IDH1 and
IDH2 hot spot mutations essentially as previously described [8]. Library and template
preparations were performed consecutively with the AmpliSeq Library Kit 2.0–384
LV and the Ion PGM Template OT2 200 kit. Sequencing was performed with the
Ion PGM Sequencing 200 Kit v2 on an 318v2 chip with the PGM system. Data were
analyzed with the Torrent variant caller (Thermo Fisher Scientific), and variants were
annotated in a local Galaxy pipeline using ANNOVAR. Data were collected during
several years using different glioma panels. Sequenced areas of IDH1 codon 132 and
IDH2 codons 140 and 172 are given in the supplementary data of Dubbink et al. [8].
MGMT promoter methylation status was assessed by methylation-specific PCR
essentially as described by Esteller et al. [124]. Bisulfite conversion and subsequent purification are performed with the EZ DNA Methylation-Lightning Kit (Zymo Research)
according to the supplier’s protocol. Methylation-specific PCR was performed with
primers specific for either methylated or the modified unmethylated DNA. Converted
primer
sequences
for
unmethylated
DNA
were
forward
5’-TTTGTGTTTTGATGTTTGTAGGTTTTTGT-3’
and
reverse
5’-AACTCCACACTCTTCCAAAAACAAAACA-3’, and for the methylated reaction, forward
5’-TTTCGACGTTCGTAGGTTTTCGC-3’ and reverse 5’-GCACTCTTCCGAAAACGAAACG-3’.
PCR was performed after initial denaturation at 96 ◦C for 5 min, 40 cycles of 92 ◦C for
45 s, 59 ◦C for 65 s, and 72 ◦C for 45 s, followed by 7 min min at 72 ◦C. Five microliter
of each 15 µL methylation-specific PCR product was loaded onto a 1.5 % agarose gel
stained with GelRed (Biotium) and examined under ultraviolet illumination. SW48
cell line DNA and tonsil DNA was used as a positive control for methylated and
unmethylated alleles of MGMT, respectively. Controls without DNA were used for
each set of methylation-specific PCR assays.

4.2.4

Statistical analysis

We first tested the differences between preoperative enhancing and non-enhancing
tumour volumes as well as their ratio with the Kruskal-Wallis test. We mapped the
anatomical localization of all MGMT methylated and unmethylated glioblastoma
by iterating over all voxels in the MNI atlas and counting the number of tumour
occurrences for each group in each voxel. To test for differences in spatial distribution
between glioblastoma with vs. without MGMT promoter methylation, we assessed the
cluster-wise significance at the voxel-level between distributions, using permutation
testing with threshold free cluster enhancement in the software package FMRIB
software library (FSL) randomise (version 5.0.9, using 10,000 permutations) [111,
112]. We also performed the same analysis with correction for age as a potential
confounder by determining age for each patient at the time of the MRI scan. We then
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calculated the difference between each patient’s age and the average age of all patients
included in the study, which was added to the experimental setup for FSL randomise.
FSL randomise corrects p-values for the family-wise error in testing multiple voxels,
considering a corrected p-value <0.05 as statistically significant.

4.3

4

Results

In total, 769 patients with newly diagnosed, contrast-enhancing glioblastoma were
screened, of whom we excluded 333 patients: 22 were excluded due to IDH mutation
and 311 were excluded due to insufficient or missing molecular data on IDH mutation
or MGMT methylation status. Final analysis included 436 patients with IDH-wildtype
glioblastoma (see flowchart, Figure 4.1); 211 with and 225 without MGMT promoter
methylation. Three hundred forty patients had undergone a surgical tumour resection
and 96 a diagnostic biopsy. In all patients, preoperative T1wC MRI scans were available;
in 90 patients, T2w-FLAIR scans, and in 346 patients T2w scans were available. When
compared with MGMT unmethylated glioblastoma, MGMT methylated glioblastoma
had a significantly higher ratio of non-enhancing vs. contrast-enhancing volume: 2.09
(inter quartile range 2.6) and 2.5 (inter quartile range 3.3), p =0.045, respectively.
Patient and tumour characteristics are further presented in Table 4.1 and Table 4.2.
For visual inspection, heatmaps based on T1wC and T2w/T2w-FLAIR segmentations were created for all 436 patients (Figure 4.2) and for the MGMT methylated and
MGMT unmethylated subgroups (Figure 4.3). We also created frequency difference
maps between MGMT methylated vs. unmethylated glioblastoma (Figure 4.4). Visual
inspection of the maps in Figure 4.2 suggests that glioblastoma were most frequently
located in the right temporal, insular, and parietal area, and near the periventricular
area both frontally and occipitally. Visual inspection of Figures 4.3 and 4.4 indicates
that when compared with MGMT unmethylated glioblastoma, MGMT methylated
glioblastoma were more frequently located near bifrontal and left occipital periventricular area (up to 6.5 % frequency difference) and less frequently near the right occipital
periventricular area (up to 9.1 % frequency difference).

769 Patients screened
333 Patients excluded
311 No molecular data
22 IDH-mutated
436 Patients included for analysis

Figure 4.1: Flow diagram of the inclusion procedure.
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Total
Sex
Male
Female
Age (years)
≤ 65
> 65
Mean (SD)
KPS
≤ 70
> 70
Mean (SD)
Preoperative MRI scans
T1wC
T2w
T2w-FLAIR
Neurosurgical procedure
Resection
Biopsy
MGMT status
Methylated
Unmethylated

N

%

436

100.0

276
160

63.3
36.7

227
52.1
209
47.9
61.5 (16.2)
142
32.6
294
67.4
80 (12.5)
436
346
90

100.0
79.4
20.6

340
96

78.0
22.0

211
225

48.4
51.6

Table 4.1: Patient and tumour characteristics. Abbreviations: KPS: Karnofsky performance score, SD: standard deviation, T1wC: postcontrast T1-weighted, T2w: T2-weighted, T2w-FLAIR: T2weighted fluid attenuated inversion recovery.
To test whether this difference was statistically significant, voxel-wise analyses
of both the T1wC and T2w/T2w-FLAIR segmentation heatmaps were performed.
Although statistical analysis of the T1wC scans marked a region near the right occipital
periventricular area as a potentially discriminating area between MGMT methylated vs.
unmethylated glioblastoma, this difference was not statistically significant (Figure 4.5,
together with corresponding p-values). Figure 4.5 in fact shows that not any statistically
significantly discriminating brain area between MGMT methylated and unmethylated
glioblastoma could be found (p-value <0.05). This result did not change after an
additional analysis with correction for age as potential confounding factor.
We have also created scroll-through animations which show all slices of the location
heatmaps (Figures 4.A.1 and 4.B.1), frequency difference maps (Figure 4.C.1), and
p-value maps (Figure 4.D.1).
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MGMT
methylated

Contrast-enhancing
Non-enhancing

Median

IQR

Median

IQR

p-value

30.1
75.5

39.5
105.0

35.0
65.5

45.8
84.2

0.130
0.338

2.5

3.3

2.1

2.6

0.045

Ratio non-enhancing vs.
contrast-enhancing

4

MGMT
unmethylated

Table 4.2: Preoperative tumour volume (in cm3 ) of different subgroups. Abbreviations: IQR: interquartile range.

T1wC

50
30

T2w/T2w-FLAIR

10
0

# of tumours

67

100
60
20
0

# of tumours

135

Figure 4.2: Heatmaps of all 436 IDH-wildtype glioblastoma.

4.4

Discussion

This study voxel-wise analyzed T1wC and T2w/T2w-FLAIR heatmaps and showed
that there was no statistically significant difference in anatomical localization between
MGMT methylated vs. unmethylated IDH-wildtype glioblastoma.
The primary reason to initiate this study was to re-evaluate the anatomic localization of MGMT methylated vs. unmethylated glioblastoma in light of the updated
WHO 2016 classification era following conflicting reports on this topic [117]. Ellingson
et al. [125] reported that glioblastoma with MGMT methylation were lateralized to the
left hemisphere (temporal lobe) and that those without were lateralized to the right
hemisphere, which was in line with their previous article in which they included a
substantial portion of their previously studied glioblastoma population [118]. However,
in contrast to these findings, there are also studies that found the reverse pattern
of hemispheric lateralization, in which glioblastoma with MGMT methylation were
located more frequently in the right hemisphere, while those without MGMT methyla-
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T1wC

20
10

T2w/T2w-FLAIR

0

50
30
10
0

# of tumours

64

# of tumours

30

(a) Distribution of MGMT methylated tumours.

T1wC

30
20
10

T2w/T2w-FLAIR

0

40
20
0
(b) Distribution of MGMT unmethylated tumours.

Figure 4.3: Heatmaps of MGMT methylated (N=211) and unmethylated
(N=225) glioblastoma.
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Methylated
7.8
4.0
0.0
-4.0
-7.8

Difference (%)

T1wC

Unmethylated

4

Methylated
9.0
4.0
0.0
-4.0
-9.0

Difference (%)

T2w/T2w-FLAIR

Unmethylated
Figure 4.4: Frequency difference maps between MGMT methylated (N=211)
and unmethylated (N=225) glioblastoma.
tion lateralized to the left hemisphere [119]. Additionally, there are conflicting reports
on lobar distribution, in which glioblastoma with MGMT methylation were more
frequently located in the parietal and occipital lobes, while those without were located
more frequently in the temporal lobes [121]. A recent study suggested after qualitative analyses that subventricular zones were more frequently spared with MGMT
methylated glioblastoma, but found no difference in hemispheric lateralization between
glioblastoma with and without MGMT promoter methylation [122]. Finally, there are
also studies that report no differences in localization between glioblastoma with and
without MGMT methylation in concordance with the findings of our study [120, 126].
These conflicting results in the literature can potentially be ascribed to two
methodological issues. First, inconsistencies may arise from variations in glioblastoma
patient populations across studies, many of which were performed in the pre-WHO 2016
classification era when the impact of molecular subtyping of glioblastoma according to
IDH mutation status was less of a consideration [10]. Ellingson et al. [125] included
a series of 507 de novo glioblastoma with mixed IDH subtypes, including 366 IDHwildtype, 34 IDH-mutated glioblastoma, and also 107 glioblastoma without data on
IDH mutation status. Moreover, the majority of the studies did not report the IDH
mutation status of included glioblastoma [118, 119, 121, 126].
Mixing molecular subtypes or not knowing the IDH mutation status of glioblastoma
is undesirable when assessing topographical distribution of molecular subtypes [10],
since it is now known that IDH-mutated glioblastoma represent a distinct molecular
subtype of glioblastoma from a distinct precursor lesion which have a predominantly
frontal lobe involvement when compared with IDH-wildtype glioblastoma [127]. This
topographic link between IDH mutation and MGMT methylation was also suggested
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(a) P-values of MGMT methylated tumours.

T1wC

T2w/T2w-FLAIR

(b) P-values of MGMT unmethylated tumours.

Figure 4.5: P-value maps of MGMT methylated (N=211) and unmethylated
(N=225) glioblastoma.
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by Ellingson et al. [125] demonstrating that IDH-mutated and MGMT methylated
glioblastoma were indeed more frequently localized in the frontal lobe. This has not
only been demonstrated in glioblastoma but also in non-enhancing low grade glioma
in which IDH-mutated low grade glioma (both oligodendroglioma and astrocytoma)
were more frequently located in the frontal lobes, while non-enhancing IDH-wildtype
astrocytoma were more frequently located in the basal ganglia of the right hemisphere
[128]. This topographical link thus suggests IDH mutation status as a (confounding)
factor between MGMT methylation status and localization. Therefore, studies must be
conducted based on homogeneous tumour populations with respect to IDH mutational
status. This hypothesis was recently supported by Roux et al. [129], who assessed a
homogenous IDH-wildtype glioblastoma population (N=392) and found no difference
in localization between glioblastoma with and without MGMT methylation, in line
with our study.
Second, the conflicting results in the literature may arise from different statistical
methods that were used across studies. Studies often investigated the anatomic
localization of glioblastoma with and without MGMT promoter methylation with visual
examination, qualitatively, without a statistical, voxel-wise quantitative analysis [120,
121, 122, 126]. Ellingson et al. [125] used frequency difference maps to demonstrate that
MGMT methylated glioblastoma were more frequently localized in the left temporal
lobe. Using similar frequency difference maps, we also found topographical differences,
which indicated that when compared with MGMT unmethylated glioblastoma, MGMT
methylated glioblastoma were more frequently localized near bifrontal and right
occipital periventricular area and less frequently near the right occipital periventricular
area. However, we showed that these apparent differences did not survive rigorous
statistical testing. Ellingson et al. [118] report the use of “Analysis of Differential
Involvement” for their statistical analysis, which is based on the Fisher exact test.
We used FSL randomise, which is different from the Fisher exact test because it
does not make any assumptions about the underlying distribution of the variables
[112]. Another methodological difference can be found in the correction for multiple
comparisons. Ellingson et al. [118] used random permutations based on Bullmore et
al. [130] instead of the more recently proposed and widely accepted method of doing
random permutations employed in FSL randomise [112]. Furthermore, the method by
Bullmore et al. [130] requires a user-defined threshold for clustering, which can impact
the results substantially [130]. Instead, we used threshold free cluster enhancement,
which does not require thresholding to determine the clusters, and which has been
shown to have a higher sensitivity compared to other methods [111]. Our stringent
methodology of rigorous statistical testing and applying new insights in glioblastoma
molecular subtyping to a large studied patient population are the strengths of our
study.

4.5

Limitations

The main limitation of this study is its retrospective design, which may have introduced
selection and confounding biases. Selection bias may occur when patients who receive
diagnostic biopsies are excluded from analysis, since these tumours are often large,
multifocal, located deep within the basal ganglia, or crossing midline. This may
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skew the results on tumour localization of glioblastoma, which is our main outcome.
We have therefore attempted to limit this bias first by consecutive inclusion of all
glioblastoma patients operated upon between 2011 and 2018 in our cohort, including
diagnostic biopsies. In addition, it is known that tumour localization is associated
with IDH mutation status, with IDH-mutated tumours located more frequently in
the frontal lobes, as mentioned earlier [127]. Since IDH mutation status is both
associated with tumour localization and MGMT methylation status, it may function
as a confounding factor. We therefore have also attempted to limit this potential bias
by excluding all IDH-mutated tumours. Another limitation is that we included patients
from two medical centers from a period of over seven years. This introduced variation
of MRI scan protocols such as magnet strength, voxel size, and slice thickness, which
consequently may have negatively influenced registration accuracy and anatomical
localization. Such registration inaccuracies can however be considered minor relative
to the size of the tumour, and it is therefore unlikely that our results were significantly
impacted by scanner variations. Additionally, tumour volume assessment on these MRI
scans were performed by one observer without confirmation of a second, independent
assessor. This may have introduced some degree of information bias. We have
attempted to limit this bias during volumetric assessment by blinding the assessor
for patients’ clinical and molecular characteristics. Also, it is known that both the
inter- and intraobserver agreement for preoperative tumour volumes in glioblastoma
is relatively high, while small variations in segmentation will probably have only a
very limited effect on determining gross tumour localization [131]. Finally, it should
be noted that the known intertest variability is a limitation of MGMT analyses, as
assays used in other studies may produce slightly different MGMT methylation results
[132]. This may partially explain the variety in the proportion of MGMT methylated
tumours reported in literature.
To conclude, in the largest homogenous IDH-wildtype glioblastoma population to
date, we showed that visual appearance of differences could not be confirmed with
rigorous voxel-wise statistical testing and thus that there is no statistical difference in
anatomical localization between IDH-wildtype glioblastoma with vs. without MGMT
promoter methylation.
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Appendix
4.A

Heatmaps all patients

4

(a) T1wC heatmap, all patients.

(b) T2w/T2w-FLAIR heatmap, all
patients.

Figure 4.A.1: Animated scroll-through of location heatmaps of the tumours
for all patients.

4.B. Heatmaps MGMT methylation subgroups
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Heatmaps MGMT methylation subgroups

4
(a) T1wC heatmap, MGMT methylated patients.

(b) T2w/T2w-FLAIR
heatmap,
MGMT methylated patients.

(c) T1wC heatmap, MGMT unmethylated patients.

(d) T2w/T2w-FLAIR
heatmap,
MGMT unmethylated patients.

Figure 4.B.1: Animated scroll-through of location heatmaps of the tumours
for the MGMT methylated and MGMT unmethylated subgroups.
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4.C

Frequency difference maps

4
(a) T1wC frequency difference map.

(b) T2w/T2w-FLAIR frequency difference map.

Figure 4.C.1: Animated scroll-through of the frequency difference maps between MGMT methylated and MGMT unmethylated glioblastoma multiforme (GBM).

4.D. P-value maps

4.D

71

P-value maps

4
MGMT

(b) T2w/T2w-FLAIR p-value map,
MGMT methylated patients.

(c) T1wC p-value map, MGMT unmethylated patients.

(d) T2w/T2w-FLAIR p-value map,
MGMT unmethylated patients.

(a) T1wC p-value map,
methylated patients.

Figure 4.D.1: Animated scroll-through of the p-value maps of the tumours.
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Predicting the 1p/19q status of presumed lowgrade glioma with an externally validated machine learning algorithm
“If you have a dream, don’t wait. Act. One of life’s little
rules.”
— Tetsuya Nomura, Kingdom Hearts
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Abstract

5

Purpose: Patients with 1p/19q co-deleted low grade glioma
(LGG) have longer overall survival and better treatment response
than patients with 1p/19q intact tumours. Therefore, it is relevant
to know the 1p/19q status. To investigate whether the 1p/19q
status can be assessed prior to tumour resection, we developed
a machine learning algorithm to predict the 1p/19q status of
presumed LGG based on preoperative magnetic resonance imaging
(MRI).
Experimental Design: Preoperative brain magnetic resonance (MR) images from 284 patients who had undergone biopsy
or resection of presumed LGG were used to train a support vector
machine algorithm. The algorithm was trained on the basis of features extracted from post-contrast T1-weighted and T2-weighted
MR images and on patients’ age and sex. The performance of
the algorithm compared with tissue diagnosis was assessed on an
external validation dataset of MR images from 129 patients with
LGG from The Cancer Imaging Archive (TCIA). Four clinical
experts also predicted the 1p/19q status of the TCIA MR images.
Results: The algorithm achieved an area under the receiver
operating characteristic curve (AUC) of 0.72 in the external
validation dataset. The algorithm had a higher predictive performance than the average of the neurosurgeons (AUC 0.52) but
lower than that of the neuroradiologists (AUC of 0.81). There
was a wide variability between clinical experts (AUC 0.45–0.83).
Conclusions: Our results suggest that our algorithm can
noninvasively predict the 1p/19q status of presumed LGG with a
performance that was, on average, better than the performance
of the oncological neurosurgeons. Evaluation on an independent
dataset indicates that our algorithm is robust and generalizable.

Based on: S. R. van der Voort* , F. Incekara* , M. M. Wijnenga, G. Kapas, M. Gardeniers,
J. W. Schouten, M. P. Starmans, R. Nandoe Tewarie, G. J. Lycklama à Nijeholt, P. J. French,
H. J. Dubbink, M. J. van den Bent, A. J. Vincent, W. J. Niessen, S. Klein, and M. Smits, “Predicting
the 1p/19q codeletion status of presumed low-grade glioma with an externally validated machine
learning algorithm,” Clinical Cancer Research, vol. 25, no. 24, pp. 7455–7462, Dec. 2019. doi:
10.1158/1078-0432.ccr-19-1127
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5.1. Introduction

5.1

75

Introduction

Low grade glioma (LGG) is a primary brain tumour that originates from glial cells.
The World Health Organization (WHO) 2016 criteria recognize three subtypes based
on molecular and histologic features [10, 133]:
1. Diffuse isocitrate dehydrogenase (IDH)-wildtype astrocytoma (1p/19q intact,
IDH-wildtype)
2. Diffuse IDH-mutated astrocytoma (1p/19q intact, IDH-mutated)
3. Oligodendroglioma (1p/19q co-deleted, IDH-mutated)
Studies have shown that the distinction between these three categories is clinically
relevant in terms of prognosis and management: in patients treated with optimal
surgical resection, followed by radiotherapy with or without chemotherapy, median
survival is longest of those with oligodendroglioma [8, 134]. In addition, studies
have suggested that residual tumour has a more negative impact on survival in
1p/19q intact, IDH-mutated astrocytomas than on 1p/19q co-deleted, IDH-mutated
oligodendrogliomas [103, 135]. Therefore, the ability to predict the molecular subtypes
of LGG at an early stage could provide better guidance of risk-benefit assessment and
clinical decision making.
The recent shift from histopathology-based glioma classification to the molecular
subtype-based WHO 2016 classification gave rise to neuro-oncologic radiogenomics
research in which features seen on preoperative magnetic resonance (MR) images
are used to predict the genetic mutation status of glioma [117, 136, 137]. Features
such as frontal tumour localization, indistinct tumour borders, heterogeneous signal
intensity (SI) on T2-weighted (T2w) images, and both cortical and subcortical tumour
infiltration all suggest the presence of 1p/19q co-deletion [117].
One way of linking magnetic resonance imaging (MRI) features to 1p/19q status
is through machine learning. Although several studies have applied this method to
datasets of patients with high-grade glioma, few studies have developed radiogenomics
methodology in LGG [138, 139, 140, 141, 142, 143]. Of the ones that have, most have
not used an independent validation set and, therefore, it is difficult to estimate their
actual performance in the real-world clinical setting [138, 139, 140, 141]. Lu et al. [142]
did use an independent validation set, but this set contained a very limited number of
LGG cases (N = 12). Zhou et al. [143] used a validation set consisting of IDH-mutated
LGG and high-grade glioma to evaluate the 1p/19q co-deletion prediction performance.
This is not an ideal validation set as the 1p/19q status is not clinically relevant for
high-grade glioma, and there is a selection bias of IDH-mutated tumours only.
The aim of this retrospective study was to develop a radiogenomics approach to
predict the 1p/19q status of presumed LGG based on preoperative MRI features, with
a machine learning algorithm that was validated on a large external dataset.
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Materials and methods
EMC/HMC dataset

Study participants

5

All patients aged 18 years or older newly diagnosed with presumed LGG and who
underwent tumour resection or biopsy between October 2002 and March 2017 at the
Erasmus MC, University Medical Centre Rotterdam (EMC) or the Haaglanden Medical
Centre (HMC) were retrospectively included in the EMC/HMC dataset. Patients
were eligible if histopathologic diagnosis with molecular subclassification of the 1p/19q
status and preoperative post-contrast T1-weighted (T1wC) and T2w MR images were
available. The study was approved by the Medical Ethical Committee of Erasmus
MC, who waived the need for written informed consent from the patients due to the
retrospective nature of this study and the (emotional) burden that would result from
contacting the patients or their relatives to obtain consent. The study was performed
in accordance with the 1964 Declaration of Helsinki and its later amendments or
comparable ethical standards.
Histopathologic diagnosis and molecular subclassification
Tumour samples were obtained from patients who underwent surgical resection or
biopsy. Histopathologic examination was performed by neuropathologists and further
molecular subclassification of the 1p/19q status and/or IDH mutation status was
performed as part of the diagnostic routine by molecular biologists using fluorescence in
situ hybridization (FISH), loss of heterozygosity analysis, and targeted next-generation
sequencing panel using an Ion Torrent Personal Genome Machine (Life Technologies)
or Ion S5XL, or a multiplex ligation-dependent probe amplification (MLPA) assay
(MRC-Holland) [8, 144, 145, 146]. All tumours were subclassified on the basis of the
WHO 2016 criteria.
Imaging acquisition and postprocessing
To train our algorithm, we used MR images that were acquired in the routine diagnostic
process. T1wC and T2w MRI sequences were used for the algorithm. In many, but not
all, patients, T2-weighted fluid attenuated inversion recovery (T2w-FLAIR) imaging
was also available. As images were acquired at multiple of sites, the imaging data were
heterogeneous with a wide range of acquisition settings in voxel spacing, matrix size,
echo time, repetition time, number of slices, slice thickness, and field strengths on
scanners from three different manufacturers (General Electric, Philips, and Siemens).
An overview of the scanning settings is given in Table 5.1.
All images were visually inspected by M. Smits and excluded if MRI artifacts
were present. Presumed LGG was defined as nonenhancing tumour, as seen on
the presurgical T1wC MR image. Therefore, all T1wC images were reviewed and
excluded if clear or solid enhancement was present. When available, pre-contrast
T1-weighted images were inspected for hemorrhage to prevent false-positive assessment
of enhancement. Although tumours with evident contrast enhancement were excluded,
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minimal enhancement was tolerated. Minimal enhancement was defined as punctiform
(<1 mm in diameter) or poorly defined faint enhancement, similar to Pallud et al. [147].
Tumour segmentation was performed by two independent observers (F. Incekara and
G. Kapas) using ITK-Snap [49]. Segmentation was done on T2w-FLAIR when available
(N=119), otherwise on the T2w images (N=165). Because in our institution LGG
segmentations are preferably performed on T2w-FLAIR images, we did not enforce the
assessors to segment on T2w images in order to stick to the real-world clinical practice.
The segmentations were then transformed to the T2w images (in the case of T2wFLAIR segmentation) and the T1wC images, using the image registration software
SimpleElastix [109]. For all patients, brain masks were automatically constructed
using FSL’s BET tool with a fractional intensity threshold of 0.5 [148]. These brain
masks were subsequently used to normalize the intensity of the MR images. Details
can be found in Appendix 5.A.

5.2.2

The Cancer Imaging Archive dataset

Patients from The Cancer Imaging Archive (TCIA) “LGG-1p19qDeletion” dataset
were screened for eligibility on the basis of previously described inclusion and exclusion
criteria and used as the external validation dataset [138, 149, 150].
This data collection is a publicly available dataset that consists of histopathologically proven LGG with coregistered T1wC and T2w preoperative MRI images as well
as biopsy-proven 1p/19q status. Molecular analysis of the 1p/19q status was performed
with FISH for all tumours; IDH mutation status was not determined. All MRI images
were visually inspected by M. Smits as previously described. An overview of the MRI
settings is listed in Table 5.1. All tumours were semiautomatically segmented by M.
Smits on the T2w images using ITK-Snap. Because the T1wC and T2w images were
already coregistered in this study, the segmentation could be directly used for the
T1wC images without the need for registration. Brain masks were made using FSL’s
BET tool, with the same settings as for the EMC/HMC dataset.

5.2.3

Classification algorithm

We used the PREDICT toolbox to predict the 1p/19q status of the tumours based
on MRI features. This toolbox was used to extract a total of 78 image features (such
as image intensity, tumour texture, tumour shape, and tumour location) from the
T1wC and T2w MR images. These features, as well as the age and sex of the patient,
were then used to train a support vector machine (SVM), resulting in a total of 80
features. All parameter optimization and classifier training was performed on the
EMC/HMC training set using 100 iterations of stratified random-split cross-validation,
with 80 % of the dataset used for training and 20 % used for validation. Once the
algorithm was optimized, no more changes were made to the algorithm and it was
then evaluated on the TCIA dataset. To evaluate the algorithm, the accuracy, area
under the receiver operating characteristic curve (AUC), weighted F1-score, precision,
sensitivity (1p/19q co-deletion prediction), and specificity (1p/19q intact prediction)
were determined by comparing the predicted labels with the reference labels obtained
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EMC/HMC
(Training set)
T1wC

5

TCIA
(Validation set)

T2w

T1wC

T2w

Voxel spacing (mm)
Axial
0.9 – 7.2
Sagittal
0.38 – 1.13
Coronal
0.38 – 1.13

1.0 – 7.2
0.23 – 1.02
0.23 – 1.02

1.0 – 5.0
0.47 – 1.1
0.47 – 1.1

2.0 – 5.0
0.43 – 1.1
0.43 – 1.1

Matrix size (number of voxels)
Axial
19 – 248
Sagittal
256 – 1024
Coronal
176 – 307

19 – 304
256 – 1024
224 – 1024

20 – 196
256 – 512
256 – 512

20 – 84
256 – 512
256 – 512

2.6 – 21
8.2 – 983.3

12.3 – 108.3
2033 – 8116

Pulse sequence parameters (ms)
Echo time
1.7 – 20
79.2 – 379
Repetition time
3.8 – 1940 2000 – 13468
Scanner settings
Field strength (T)
2D scans (#)
3D scans (#)

0.5, 1.5, and 3.0
147
264
137
20

1.5 and 3.0
33
96

129
0

Table 5.1: Overview of the MRI settings from the EMC/HMC and TCIA
datasets.
from tissue diagnosis. Full details of the algorithm can be found in Appendix 5.A. An
overview of the classification algorithm is provided in Figure 5.1.
To minimize the variance due to randomness in the algorithm training, an ensemble
of five SVMs, which averages the predictions of the five independently trained models,
was also constructed; the details can be found in Appendix 5.A. One hundred different
ensembles were constructed and were evaluated on the TCIA dataset using the
evaluation metrics described previously. Mean and standard deviation of the metrics
over the 100 ensembles were computed.
To evaluate the contribution of the different features to the final prediction, a
sensitivity analysis using polynomial chaos expansions was performed, resulting in
Sobol indices for each feature [151]. The total Sobol index was used to determine
the relative feature importance of the individual features. The total Sobol index is a
relative measure of the sensitivity of the algorithm to the input features. The OpenPC
toolbox was used to create the polynomial chaos expansions and to calculate the Sobol
indices [152, 153].
We also determined which patients from the TCIA dataset were considered as
representative examples for the 1p/19q co-deleted and 1p/19q intact class by the
algorithm. This was achieved by counting the number of times the algorithm correctly
predicted the class for a specific patient in the 100 ensembles that were constructed.
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Image features
Intensity

Machine learning

Prediction

Shape

Low Grade
Glioma

Local binary patterns

1p/19q
co-deleted

1p/19q
intact

Good
prognosis

Bad prognosis

Figure 5.1: Overview of the radiomics pipeline.
We also evaluated the performance of the algorithm when the EMC/HMC and
TCIA dataset were mixed instead of used as a separate train and validation set to
evaluate the effect of adding additional training data.

5.2.4

Prediction of 1p/19q status by clinical experts

To compare the results of the algorithm with the performance of clinical experts, the
1p/19q status of the TCIA tumours was also predicted by two neurosurgeons and two
neuroradiologists from the Erasmus MC Brain Tumor Centre. They were presented
with the T1wC and T2w images side by side for each patient, as well as the sex and
age to ensure that the algorithm and the raters had access to the same information.
For each tumour, the raters were then asked to choose whether they thought it was
1p/19q co-deleted or 1p/19q intact and to provide a confidence score ranging from 1
to 5 (1 indicating very unsure and 5 indicating very sure). This confidence score was
then turned into a prediction “score” by dividing it by 5 and multiplying it by 1 if the
predicted label was 1p/19q co-deleted or by -1 if the predicted label was 1p/19q intact.
In this way, an AUC could be determined for the manual classification. The accuracy,
sensitivity, and specificity were determined in the same way as for the algorithm.

5.2.5

Statistical analysis

Statistical analyses to test differences between the two datasets were performed with
SPSS 21.0 statistical software (IBM Corp.). We tested whether the two datasets
differed significantly from each other using the Mann-Whitney U test for continuous,
nonnormally distributed variables (age and volume) and the χ2 test for all other
categorical variables (sex, genetic analysis, presence of mild enhancement, 1p/19q
status). Predictive performances (mean and 95 % confidence interval (CI)) between
the EMC/HMC training set and TCIA validation set were tested with the Welch
t-test. Accuracy between the clinical experts and the algorithm was tested with the
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McNemar test. A p-value of <0.05 was considered statistically significant. The 95 %
CIs were calculated such that if the entire experiment of training on EMC/HMC and
prediction on TCIA would be repeated, the result would lie within the CI in 95 % of
the repetitions.

5.2.6

Data sharing

The data used in this study are available on Mendeley Data (http://doi.org/dj5k).
The code for the construction and evaluation of the prediction algorithm is available on
GitHub (https://github.com/Svdvoort/PREDICT). The code used to construct the
polynomial chaos expansions and calculate the Sobol indices is available on GitHub as
well (https://github.com/Svdvoort/OpenPC).

5.3

5

Results

In the EMC/HMC dataset, 424 LGGs were identified and screened for eligibility. Cases
were excluded because of enhancement (N=58), absence of T1wC and/or T2w MRI
scan (N=46), unknown 1p/19q status (N=22), and unacceptable image quality (N=14),
which resulted in 284 patients included for final analysis (flowchart, Figure 5.2).
From the TCIA database, all 159 patients were screened for eligibility. Patients
were excluded because of enhancement (N=18), signs of prior biopsy/surgical procedure
(N=7), no T1wC imaging available (N=3), and patients being younger than 18 years

424 Patients identified in EMC/HMC dataset after
initial screening of presumed low grade glioma
140 Patients excluded
58
46
22
14

Enhancement
No preoperative T1wC or T2w scan
1p/19q co-deletion status unknown
Insufficient image quality

284 Patients included as training dataset

159 Patients screened
from the TCIA
dataset

Machine
Learning
Algorithm

30 Patients excluded
18
7
3
2

Enhancement
Post-biopsy scan
No T1wC scan
Paediatric cases

129 Patients included
as external
validation set
External validation

Outcome: predictive performance
Accuracy, AUC, Sensitivity, Specificity

Figure 5.2: Flow diagram of the inclusion procedure for both the EMC/HMC
training dataset and TCIA validation dataset.
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(N=2), resulting in 129 patients included in the external validation dataset (flowchart,
Figure 5.2). An overview of the excluded patients from the TCIA database as well as
the reason for exclusion is available in Appendix 5.B.
There was no significant difference between the EMC/HMC and TCIA datasets
for median age (43.0 years, interquartile range (IQR): 17.0, vs. 39.0 years, IQR: 19.5,
respectively; p-value =0.11) and sex distribution (56.7 % vs. 52.7 % male, respectively;
p-value =0.45). Median tumour volume in the EMC/HMC dataset was significantly
larger than in the TCIA dataset (median: 47.80 cm3 , IQR: 58.65 vs. median: 35.70 cm3 ,
IQR: 49.10, p-value =0.04). There were fewer 1p/19q co-deleted tumours in the
EMC/HMC dataset compared with the TCIA dataset (35.20 % vs. 65.40 %, p-value
<0.0001). Patient and tumour characteristics of both datasets are further presented
in Table 5.2.
The predictive performance of the algorithm on the EMC/HMC training dataset,
obtained from the cross-validation, and the TCIA validation dataset is given in
terms of accuracy, AUC, F1-score, precision, sensitivity, and specificity in Table 5.3.
The accuracy, AUC, and sensitivity did not differ significantly between training and
validation datasets (p-value =0.886, p-value =0.746, and p-value =0.146, respectively),
whereas the specificity was significantly lower in the validation dataset (p-value
=0.038).
The predictive performances of the clinical experts compared with the algorithm can
be found in Table 5.4 and their receiver operating characteristics (ROCs) in Figure 5.3.
The algorithm had a higher AUC when compared with the average performance of the
neurosurgeons but a lower AUC when compared with the neuroradiologists. There
was high variability in predictive performance between the clinical experts, with the
AUC ranging from 0.449 to 0.830.
The results of mixing the EMC/HMC dataset and the TCIA dataset are shown in
Appendix 5.C. Mixing the datasets leads to a slightly improved performance, but still
within the CI of the EMC/HMC dataset cross-validation results.
According to the algorithm, the most important features for accurate 1p/19q
co-deletion status prediction were the cranial/caudal location of the tumour, the
skewness of the T2w SI histogram, and one of the texture features, together with age
and sex, see Figure 5.4. The algorithm identified a typical 1p/19q co-deleted glioma as
a frontal, heterogeneous tumour as seen on T1wC and T2w scans, whereas a typical
1p/19q intact glioma was identified as a parietal, homogeneous tumour, as shown in
Figure 5.5.

5.4

Discussion

In this study, we developed an algorithm that predicted the 1p/19q status of presumed
LGG noninvasively based on preoperative MR images with an AUC of approximately
0.76. We tested the algorithm on an external, independent validation dataset. To the
best of our knowledge, this is the first time that this has been done in presumed LGG
and thus sets a benchmark for the expected performance in the real-world clinical
setting. The algorithm had a higher AUC than the averaged AUC of the neurosurgeons
but lower than the averaged AUC of the neuroradiologists.
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EMC/HMC
Training set
(N=284)
N
Clinical
Age median [IQR] (years)
Sex
Male
Female

5

Imaging
Volume median [IQR] (cm3 )
Mild enhancement
Yes
No

%

TCIA
Validation set
(N=129)
N

%

43 [17]
161
123

56.7
43.3

47.8 [58.7]

39 [19.5]
68
61

0.11
0.45

52.7
47.3

35.7 [49.1]

27
257

9.5
90.5

25
104

19.4
80.6

Histopathology (WHO 2016)
Oligodendroglioma
100
Astrocytoma
181
Glioblastoma
3

35.2
63.7
1.1

85
44
0

65.9
34.1
0.0

100
184

35.2
64.8

85
44

65.9
34.1

214
35
35

75.4
12.3
12.3

0
0
129

0.0
0.0
100.0

214
45
25

75.4
15.8
8.8

0
129
0

0.0
100.0
0.0

Genetic
1p/19q co-deletion
Yes
No
IDH mutation
Yes
No
Unknown
Method of analysis
NGS
FISH
MLPA

P-value

0.04
0.005

<0.0001

<0.0001

N/A

<0.0001

Table 5.2: Patient and tumour characteristics. Abbreviations: IQR: interquartile range, NGS: next-generation sequencing, FISH:
fluorescence in situ hybridization, MLPA: multiplex ligationdependent probe amplification.
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EMC/HMC
Training set
(N=284)

Accuracy
AUC
F1-score
Precision
Sensitivity
Specificity

TCIA
Validation set
(N=129)

Mean

95 % CI

Mean

95 % CI

P-value

0.698
0.755
0.701
0.570
0.657
0.721

0.636–0.760
0.694–0.817
0.640–0.761
0.491–0.649
0.562–0.752
0.628–0.813

0.693
0.723
0.697
0.787
0.732
0.717

0.657–0.729
0.708–0.737
0.661–0.733
0.754–0.820
0.689–0.775
0.544–0.691

0.872
0.313
0.896
<0.001
0.123
0.027

Table 5.3: Predictive performances of the algorithm on the EMC/HMC training and TCIA validation datasets. The performances on the
EMC/HMC training dataset were obtained by cross-validation;
the performances on the TCIA validation dataset were obtained
by training on the EMC/HMC dataset and then testing on the
TCIA dataset. Abbreviations: CI: confidence interval.

Accuracy

P-value

AUC

Sensitivity

Specificity

Neurosurgeons
Neurosurgeon 1
Neurosurgeon 2
Average

0.520
0.457
0.489

0.073
0.002
N/A

0.580
0.449
0.515

0.370
0.459
0.415

0.820
0.455
0.638

Neuroradiologists
Neuroradiologist 1
Neuroradiologist 2
Average

0.690
0.574
0.632

0.720
0.266
N/A

0.830
0.792
0.811

0.610
0.459
0.535

0.840
0.795
0.818

Algorithm

0.693

N/A

0.723

0.732

0.617

Table 5.4: Predictive performance of four clinical experts compared with
the algorithm on the TCIA validation dataset. P-values are
determined by a statistical comparison (McNemar) of the accuracy
between the clinical experts and the algorithm.
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1

Sensitivity

0.8

Neurosurgeon 1
(AUC=0.58)
Neurosurgeon 2
(AUC=0.45)
Neuroradiologist 1 (AUC=0.83)
Neuroradiologist 2 (AUC=0.79)
Algorithm
(AUC=0.72)
Random guess
(AUC=0.50)

0.6
0.4
0.2
0

5

0

0.2

0.4
0.6
0.8
1 - Specificity

1

Figure 5.3: Receiver operating characteristic curves of clinical expert and
algorithm performance. For the performance of the algorithm,
the 95 % confidence interval is plotted as well (shaded red area),
representing the uncertainty due to randomness in model training.
To the best of our knowledge, this is the first study performing a radiogenomicsbased machine learning study in LGG from the perspective of real-world clinical
practice: we included all patients with presumed, non-contrast-enhancing LGG, rather
than a selection of patients with histopathologically defined LGG. This is important,
because in a clinical setting the histopathological status is unknown at first symptomatic
presentation. Because it is known only after surgery and molecular analysis, we aimed
to mirror this real-world situation as best as possible by not selecting patients on the
basis of histologic tumour features but on the imaging features that are available at
the time of presentation. Note that subsequently all lesions were surgically resected to
obtain the ground truth data based on confirmed histologic and molecular analysis.
We trained the algorithm on a heterogeneous training dataset and used a separate,
completely independent, publicly available dataset with data from an entirely different
institute to validate the algorithm. As such, this study is the first to demonstrate
that the performance of a radiogenomics algorithm in predicting the 1p/19q status
of presumed LGG based on MR images was robust and matched expert clinical
performance. Furthermore, we were also able to show which image features were
important in the classification, increasing the clinical understanding of the machine
learning algorithm and potentially aiding better acceptance, as well as furthering
fundamental research into understanding of glioma pathophysiology.
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Age
Sex
Anterior/Posterior position
Left/Right position
Inferior/Superior position
Compactness
Convexity
Circular variance
Elliptic variance
Ratio of principle axis
Radial distance
Roughness
Solidity
Volume
Energy
Kurtosis
Max
Mean
Median
Min
Peak
Range
Skewness
Standard deviation
Quartile range
LBP R1P8 kurtosis
LBP R3P24 kurtosis
LBP R5P24 kurtosis
LBP R1P8 mean
LBP R3P24 mean
LBP R5P24 mean
LBP R1P8 median
LBP R3P24 median
LBP R5P24 median
LBP R1P8 peak
LBP R3P24 peak
LBP R5P24 peak
LBP R1P8 skew
LBP R3P24 skew
LBP R5P24 skew
LBP R1P8 std
LBP R3P24 std
LBP R5P24 std

0.022
0.026
0.013
0.020
0.124

0.008
0.015
0.021
0.007
0.027
0.010
0.014
0.011
0.007
0.013
0.006
0.006
0.009
0.012
0.007
0.005
0.005
0.010
0.004
0.007
0.005
0.009
0.011
0.010
0.015
0.010
0.023
0.006
0.013
0.004
0.005
0.009
0.025
0.011
0.017
0.006
0.016
0.005
0.008
0.005
0.007
0.007
0.006
0.018
0.020
0.004
0.006
0.005
0.004
0.009
0.005
0.005
0.006
0.006

0.098
0.048

0.002
0.002
0.010
0.010
0.014
0.010
0.007
0.010
0.004
0.005
0.006
0.008
0.006
0.009
0.011
0.011
0.010

0

Demographics
Location
Shape (average)
Shape (std)
Shape
T1wC intensity
T2w intensity
T1wC texture
T2w texture

0.060

0.088

0.05

0.10

0.15

Total Sobol index

Figure 5.4: Importance of imaging and demographic features. The higher
the Sobol index, the more important the feature.
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5
(a) A 1p/19q co-deleted glioma (oligodendroglioma), correctly predicted by
the algorithm. The glioma is frontally located, nonenhancing on the
T1wC MR image (left), and shows a heterogeneous signal intensity
with indistinct border on the T2w MR image (right).

(b) A 1p/19q intact glioma (astrocytoma), correctly predicted by the algorithm. The glioma is parietally located, nonenhancing on the T1wC
MR image (left) and shows a homogeneous signal intensity with sharply
demarcated border on the T2w MR image (right).

Figure 5.5: T1wC and T2w MR images of a patient with a 1p/19q co-deleted
glioma (a) and a patient with a 1p/19q intact glioma (b).
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Although other studies did already investigate the noninvasive prediction of the
molecular subtype of LGG, these often focused on IDH mutations only and did not
consider the 1p/19q status [139, 154, 155]. In comparison with studies that did look
at the 1p/19q status, we used a larger cohort and an external validation dataset
[138, 140, 141, 156, 157], which makes our results more robust and generalizable,
respectively. Although one study by Lu et al. [142] did use an independent dataset,
this study considered only 5 patients to externally validate the 1p/19q status predictive
performance of the algorithm, which severely limits the reliability of its predictive
performance. In addition, that specific study retrospectively selected patients with
histopathologically defined LGG only, which represents the diagnosis-treatment workflow in clinical practice less accurately. The starting point of decision making on
the optimal treatment strategy for LGG is the initial diagnosis on first MRI, when a
non-contrast-enhancing space occupying lesion is seen, at which point knowledge on
the histopathologic grade is not yet available.
The optimal timing and effect of surgical treatment of LGG are extensively being
debated within literature and have recently been reevaluated in the light of molecular
subclassification after the introduction of the WHO 2016 criteria [103, 135, 158, 159].
Currently, the molecular subtype based on 1p/19q status and IDH mutation can be
diagnosed only after obtaining tissue with biopsy or surgery. Indeed, as our results
suggest, even for experienced neuro-oncologic surgeons and radiologists it is a challenge
to accurately predict the 1p/19q status of nonenhancing tumours based on preoperative
MR images (AUC of 0.45–0.83).
There are two scenarios in which preoperative, noninvasive prediction of the 1p/19q
status based on MRI would be clinically relevant. First, some patients are not eligible
for surgical resection or diagnostic biopsy due to older age, poor neurologic condition, or
tumour localization in eloquent brain areas or basal ganglia [159]. However, knowledge
of the molecular LGG subtype might add to a more appropriate (timing of) chemoand/or radiotherapy regimes (immediate postoperative therapy vs. watchful waiting
[160]). Therefore, noninvasive, accurate prediction of the molecular subtype on imaging
could help clinicians select the optimal treatment when tissue diagnosis is difficult to
obtain. Second, it is suggested that postsurgical residual 1p/19q intact, IDH-mutated
tumour has a more negative impact on survival than residual 1p/19q co-deleted,
IDH-mutated (oligodendroglioma) tumour [103, 135]. With presurgical knowledge
of the specific molecular subtype, the surgeon can make a better informed decision
on whether or not to push the limits of resection at the time of surgery, avoiding on
the one hand reresection in case of residual 1p/19q intact, IDH-mutated tumour and
less-justified postsurgical deficits in 1p/19q co-deleted, IDH-mutated tumour on the
other hand. Clearly, the diagnostic accuracy of our algorithm is as yet too low to rely
on for clinical practice. However, the results are promising because they generalize
through multiple datasets, encouraging future research in this direction.
Our study had a few limitations. First, for this study, only the T1wC and T2w
images were used, whereas diffusion-weighted and perfusion imaging also contain
relevant features for the 1p/19q status. These sequences were not included in the
development of the present algorithm, as these were scarcely available in both datasets.
Second, the IDH mutation status was undetermined in all of the TCIA cases and in
35 cases of the EMC/HMC dataset. Because molecular subclassification according to
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the WHO 2016 guidelines is based on both the 1p/19q status and IDH mutation status,
it is important to predict both. Therefore, for our future work, we are expanding our
database with more patients in whom the tumour IDH status is known to eventually
be able to predict all clinically relevant subtypes of presumed LGG.
Lastly, there was an imbalance between the EMC/HMC dataset and the TCIA
dataset in terms of the number of co-deleted and intact cases. Despite this imbalance,
our algorithm still shows similar performance between the cross-validation result of
the EMC/HMC dataset and the performance on the TCIA validation dataset.
In conclusion, our results suggest that our algorithm can noninvasively predict
the 1p/19q status of presumed LGG with a performance that in general outperforms
oncological neurosurgeons. We evaluated our algorithm on an independent, multicenter
dataset, which demonstrated that our algorithm is robust and generalizable. The
prediction of the 1p/19q status by our algorithm can eventually add value to clinical
decision making by tailoring the treatment strategy for patients with presumed LGG
even prior to surgery.
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Appendix
5.A

Radiogenomics algorithm

An in-house radiomics pipeline, “PREDICT”, was used for the prediction of the 1p/19q
status1 . This pipeline takes the T1wC and T2w MR images, tumour segmentations,
and brain mask on both scans, and labels indicating the 1p/19q status for each patient
which can then be used to train an SVM [60]. This SVM can then be used to predict
the labels for unseen images. In this appendix the different steps of the pipeline are
explained.

5.A.1

Data pre-processing

First, the segmentations were transformed to the T2w scan and the T1wC scan. If
the segmentation was done on T2w-FLAIR, the T2w-FLAIR scan was registered
to the T2w scan using SimpleElastix with an affine transform by maximization of
mutual information [109]. The computed transform was used to map the T2w-FLAIR
segmentation to the T2w scan. Then, the T2w scans were registered to the T1wC
scans. The computed transformation was used to transform the segmentation from
the T2w scan to the T1wC scan. This method was applied to both the segmentations
originally done on the T2w scans, and the ones that were registered to the T2w scan
from the T2w-FLAIR. All segmentations and registrations were checked by M. Smits,
and manual adjustments of the segmentations were made by F.I. if necessary.
The next step of the pre-processing was to obtain the brain masks, which were
created by FSL BET with a setting of 0.5 [148]. The brain masks were used to
normalize the scans. This was done by extracting the intensity values that lie within
the brain mask, after which z-scoring was applied. In this way, the mean intensity
within the brain mask was 0 and the standard deviation of the intensities within the
brain mask was 1. These pre-processed images were then processed by the next step
of the algorithm to extract the features.

5.A.2

Features

In total 80 features were used in our algorithm: 78 features from the T1wC and the
T2w images, and age and sex. These features were split into 5 groups: demographic,
tumour location, tumour shape, tumour intensity, and tumour texture features. All of
these features were only extracted within the tumour mask.
Patient age and patient sex were included as the demographic features.
Tumour location was determined by using the center of mass (COM) from the
brain mask and COM of the tumour segmentation. The anterior/posterior, left/right,
and inferior/superior coordinate of the vector pointing from the COM of the brain
to the COM of the tumour were then included as features, resulting in 3 location
features.
Shape features were derived from the segmentation on the T2w image. Shape
features consisted of the compactness, convexity, circular variance (cvar), elliptical
1 https://github.com/Svdvoort/PREDICT
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variance (evar), ratio of principal axes (prax), radial distance, roughness, and solidity
[53, 161]. All of these features were calculated on a per-slice basis (only for slices that
contained tumour), after which the mean and standard deviation of the features over
the slices were included as features in the algorithm, resulting in 16 features. The
volume was also taken as a 3D shape feature, resulting in 17 shape features.
Image intensity was described using 11 features: energy, kurtosis, maximum, mean,
median, minimum, peak (the bin in the intensity histogram which had the highest
occurrence) of the intensity, range from the 2nd to 98th percentile, skewness, standard
deviation, and the range from the 25th to 75th
 percentile (the quartile range). The
P
2
(I + min(I)) , where I is the image intensity. These
energy was defined as: E =
features were calculated over the entire tumour in 3D.
Rotation invariant local binary patterns (LBPs) were used to describe the texture
of the tumour [57]. The advantage of LBPs is that they are grayscale invariant,
meaning that not the intensity values themselves, but the differences between intensity
values of different voxels are taken into account. This is an advantage when using
MRI scans, because in weighted MRI scans the absolute values signal intensities
themselves do not carry information, it is only the difference in gray values in the
image. LBP features were determined for a radius of 1, 3, and 5, with 8, 24, and
24 points, respectively. The LBP was determined for each slice of the MRI scan in
which tumour was present. The results over all pixels within the tumour and slices
containing tumour were then concatenated and consequently the mean, standard
deviation, median, kurtosis, skewness, and peak value were calculated for each setting,
resulting in 18 LBP features.
The intensity features and the texture features were calculated on both the T1wC
and T2w scan, resulting in 58 features.
An overview of all the features is given in Table 5.A.1, along with the Imaging
Biomarker Standardization Initiative (IBSI) code when the feature matched with
one included in the IBSI [44]. Many of our features were based on local binary
patterns, which are currently considered outside the scope of IBSI. However, preliminary
experiments have indicated that including these features improves the performance of
the classifier (results not shown).
Z-scoring was applied to the features (normalized such that the mean of the features
was 0 and the standard deviation was 1). This was done based only on the training
set; the resulting normalization settings were saved to apply the same normalization
to the validation set.

5.A.3

Over-sampling of the minority class

There was an imbalance in the training dataset as there were more examples of 1p/19q
intact than of 1p/19q co-deleted tumours. As a result, it was more difficult for the
algorithm to correctly predict 1p/19q co-deleted tumours within the training dataset.
To (partially) solve this problem we used synthetic minority over-sampling technique
(SMOTE). SMOTE allows for the oversampling of the minority class and synthetically
increased the number of samples for the 1p/19q co-deleted class [162]. Here, an SVM
with a polynomial kernel was used to create the synthetic examples, with a ratio of 1
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Number of features
Demographics
Age
Sex

2
1
1

IBSI code
N/A
N/A

Location features
3
Derived from tumour segmentation and brain mask
Anterior/Posterior position
1
None
Left/Right position
1
None
Inferior/Superior Position
1
None
Shape features
17
Derived from tumour segmentation
Average and standard deviation over
for all features (except for volume)
Compactness
2
Convexity
2
Circular variance
2
Elliptic variance
2
Ratio of principal axis
2
Radial distance
2
Roughness
2
Solidity
2
Volume
1
Intensity features
22
Derived from T1wC and T2w scans
Energy
2
Kurtosis
2
Max
2
Mean
2
Median
2
Min
2
Peak
2
Range
2
Skewness
2
Standard deviation
2
Quartile range
2

all slices are determined
KRCK
None
None
None
None
None
None
Inverse of 7T7F
2PR5

N8CA, with minimum intensity added
IPH6
84IY
Q4LE
Y12H
1GSF
None
20JQ, but based on 2nd and 98th percentile
KE2A
Square root of ECT3
SALO

Texture features
36
Derived from T1wC and T2w scans
Kurtosis, mean, median, peak, skewness, and standard deviation are determined
for each LBP setting
LBP R1P8
12
None
LBP R3P24
12
None
LBP R5P24
12
None
Total

80

Table 5.A.1: Overview of the features included in the algorithm. The IBSI
column indicates the code of the feature if it is present in the
IBSI. LBP RxPy indicated a LBP with a radius of x with y
points. Abbreviations: IBSI: Imaging Biomarker Standardization Initiative, LBP: local binary pattern.

5

92

Chapter 5. Automated prediction of 1p/19q status of LGG

(meaning that there will be an equal number of samples from both classes) using 5
neighbours.

5.A.4

Classification

SVMs were used as classification algorithm [60]. SVMs were constructed using scikitlearn with a polynomial kernel [163]. The polynomial kernel was defined as:
K(X, Y ) = (γhX, Y i + C0 )

P

5

SVMs were constructed with a maximum of 1 · 107 iterations. The hyperparameters
of the SVMs were optimized using a 5-fold cross-validation where 20 % of the training
dataset was used as an internal validation set. A random search of 50,000 iterations
was used to find the optimal hyperparameters. This optimization searched for the
optimal C, the regularization parameter of the SVM, as well as three parameters of
the polynomial kernel: γ, which defines how much each sample is weighted, C0 , a
trade-off between high-order and low-order terms, and P , the order of the polynomial
kernel.
The distributions for the parameters are presented in Table 5.A.2.
Parameter
C
γ
C0
P

Lower bound

Upper bound

0
1 · 10−5
0
1

1 · 106
1
1 · 103
7

Table 5.A.2: Overview of the range of hyperparameters used in the optimization of the SVM.
The optimal hyperparameters were chosen based on the settings that gave the
highest average area under curve over the 5 folds. Using these optimal hyperparameters,
the final SVM was then constructed using the complete training dataset.

5.A.5

Ensemble SVM

To increase the predictive performance and minimize the variability of the predictions,
an ensemble of SVMs was constructed. Five trained SVMs were taken to form the
ensemble. All 5 SVMs were then used to predict a test sample. The posteriors of the
SVMs were averaged for the sample. Based on this averaged posterior the final label
was determined (positive class if posterior ≥0.5 and negative class if posterior <0.5).
To form the 100 ensembles 500 SVMs had to be trained. No single SVM was used
in two different ensembles: all ensembles were completely unique. The resulting 100
ensemble SVMs could then be used to make a prediction of the 1p/19q status for a
new sample.
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Patients excluded from the TCIA dataset
Patient ID

Reason for Exclusion

LGG-223
LGG-234
LGG-241
LGG-254
LGG-260
LGG-282
LGG-295
LGG-296
LGG-307
LGG-310
LGG-313
LGG-334
LGG-338
LGG-354
LGG-365
LGG-367
LGG-377
LGG-387
LGG-500
LGG-506
LGG-532
LGG-545
LGG-558
LGG-561
LGG-563
LGG-594
LGG-600
LGG-601
LGG-634
LGG-642

Enhancement
Enhancement
Enhancement
Post-biopsy
Enhancement
Enhancement
Enhancement
Post-biopsy
Enhancement
Post-biopsy
Post-biopsy
Post-biopsy
Enhancement
Enhancement
Enhancement
Post-biopsy
Enhancement
Enhancement
Age <18 years
Enhancement
Age <18 years
No T1wC image
No T1wC image
Enhancement
No T1wC image
Enhancement
Enhancement
Post-biopsy
Enhancement
Enhancement

Table 5.B.1: Overview of patients excluded from the TCIA dataset.
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5.C

Results of mixing EMC/HMC and TCIA datasets

We evaluated the effect of mixing the EMC/HMC and TCIA datasets, instead of
using them as separate training set and validation set. This was done using the same
cross-validation approach as was used for the EMC/HMC dataset cross-validation.
In this case all 413 patients were pooled together. Then 100 iterations of stratified
random-split cross-validation with 80 % of the dataset used for training and 20 % of
the dataset used for validation were performed. The results are shown in Table 5.C.1.

5

Accuracy
AUC
F1-score
Precision
Sensitivity
Specificity

Combined EMC/HMC
and TCIA dataset
(N=413)

EMC/HMC dataset
(N=284)

Mean

95 % CI

Mean

95 % CI

0.717
0.780
0.717
0.676
0.710
0.723

0.670–0.764
0.729–0.830
0.670–0.763
0.620–0.732
0.637–0.783
0.658–0.788

0.698
0.755
0.701
0.570
0.657
0.721

0.636–0.706
0.694–0.817
0.640–0.761
0.491–0.649
0.562–0.752
0.628–0.813

Table 5.C.1: Cross-validation results of mixing the EMC/HMC dataset with
the TCIA dataset. The results of the cross-validation on only
the EMC/HMC dataset are also shown. Abbreviations: CI:
confidence interval.
The results for the combined EMC/HMC and TCIA dataset show a slight improvement over the cross-validation on the EMC/HMC dataset alone but they are
still within the confidence interval of the EMC/HMC dataset results, except for the
precision. This shows that, although there is a slight improvement, our algorithm is
already quite robust and adding more data (from a different source) does not lead to
a large increase in performance.
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“The greatest mystery the universe offers is not life but
size.”
— Stephen King, The Gunslinger
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Abstract

6

With the increasing size of datasets used in medical imaging
research, the need for automated data curation is arising. One
important data curation task is the structured organization of a
dataset for preserving integrity and ensuring reusability. Therefore, we investigated whether this data organization step can
be automated. To this end, we designed a convolutional neural network (CNN) that automatically recognizes eight different
brain magnetic resonance imaging (MRI) scan types based on
visual appearance. Thus, our method is unaffected by inconsistent or missing scan metadata. It can recognize T1-weighted
(T1w), post-contrast T1-weighted (T1wC), T2-weighted (T2w),
proton density weighted (PDw), T2-weighted fluid attenuated
inversion recovery (T2w-FLAIR), diffusion-weighted imaging
(DWI), perfusion-weighted dynamic susceptibility contrast (PWIDSC) scans and derived maps (e.g. apparent diffusion coefficient
and cerebral blood flow). In a first experiment, we used scans
of subjects with brain tumours: 11,065 scans of 719 subjects for
training, and 2369 scans of 192 subjects for testing. The CNN
achieved an overall accuracy of 98.7 %. In a second experiment,
we trained the CNN on all 13,434 scans from the first experiment
and tested it on 7227 scans of 1318 Alzheimer’s subjects. Here,
the CNN achieved an overall accuracy of 98.5 %. In conclusion,
our method can accurately predict scan type, and can quickly and
automatically sort a brain MRI dataset virtually without the need
for manual verification. In this way, our method can assist with
properly organizing a dataset, which maximizes the shareability
and integrity of the data.

Based on: S. R. van der Voort, M. Smits, and S. Klein, for the Alzheimer’s Disease Neuroimaging Initiative, “DeepDicomSort: An automatic sorting algorithm for brain magnetic resonance imaging
data,” Neuroinformatics, vol. 19, no. 1, pp. 159–184, Jan. 2021. doi: 10.1007/s12021-020-09475-7
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Introduction

With the rising popularity of machine learning, deep learning, and automatic pipelines
in the medical imaging field, the demand for large datasets is increasing. To satisfy
this hunger for data, the amount of imaging data collected at healthcare institutes
keeps growing, as is the amount of data that is shared in public repositories [61, 164].
However, this increase in available data also means that proper data curation, the
management of data throughout its life cycle, is needed to keep the data manageable
and workable [165, 166]. One essential data curation step is organizing a dataset such
that it can easily be used and reused. Properly organizing the dataset maximizes the
shareability and preserves the full integrity of the dataset, ensuring repeatability of an
experiment and reuse of the dataset in other experiments.
Unfortunately, the organization of medical imaging data is not standardized, and the
format in which a dataset is provided often differs between sources [166, 167]. Efforts
such as the brain imaging data structure (BIDS) [168] propose a standardized data
structure, to which some public data repositories adhere (e.g. OpenNeuro [169], Autism
Brain Imaging Data Exchange (ABIDE) [170], and Open Access Series of Imaging
Studies (OASIS) [171]). However, other repositories do not conform to this standard
(e.g. The Cancer Imaging Archive (TCIA) [149], Alzheimer’s Disease Neuroimaging
Initiative (ADNI), and Parkinson’s Progression Markers Initiative (PPMI) [172]).
Furthermore, similar to some prospectively collected research data, retrospectively
collected data from clinical practice usually do not follow a standardized format either
[166]. Thus, the challenge of structuring a dataset, either into a BIDS compliant
dataset or a different format, remains.
When using a medical imaging dataset in a research project, one needs to select the
scan types that are relevant to the research question [167, 173]. Thus, it is essential to
identify the scan type of each scan when sorting a medical imaging dataset. Different
data sources do not use consistent naming conventions in the metadata of a scan (e.g.
the series description), which complicates the automatic identification of the scan
type [166, 174]. Moreover, in some cases, this metadata is not consistently stored
(e.g. contrast administration [175]) and might even be partially or entirely missing,
as can be the case for anonymized data [176]. As a result, the sorting is frequently
done manually, by looking at each scan and labeling it according to the perceived
scan type. This manual labeling can be a very time-consuming task, which hampers
scientific progress; thus, it is highly desirable to automate this step of the data curation
pipeline. Similar arguments concerning the complexity of medical imaging data and
the importance of data structuring also motivated the creation of the BIDS standard
[168].
Previous research has focused on modality recognition [177, 178], as well as on
distinguishing different modalities of magnetic resonance imaging (MRI) scans [179,
180]. Only one of these studies predicted of the scan type of MRI scans, where four
scan types were considered:T1-weighted (T1w), post-contrast T1-weighted (T1wC),
fluid-attenuated inversion recovery (FLAIR), and T2-weighted (T2w) scans [180].
However, with the increasing popularity of multi-parametric MRI in machine learning
algorithms and automatic pipelines [138, 139, 181, 182], the need to recognize more
scan types is arising.
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In this research, we propose a method, called DeepDicomSort, that recognizes eight
different scan types of brain MRI scans, and facilitates sorting into a structured format.
DeepDicomSort is a pipeline consisting of a pre-processing step to prepare scans as
inputs for a convolutional neural network (CNN), a scan type recognition step using a
CNN, and a post-processing step to sort the identified scan types into a structured
format. Our method identifies T1w, T1wC, T2w, proton density weighted (PDw),
T2-weighted fluid attenuated inversion recovery (T2w-FLAIR), diffusion-weighted
imaging (DWI) (including trace/isotropic images), perfusion-weighted dynamic susceptibility contrast (PWI-DSC) scans, and diffusion-weighted and perfusion-weighted
derived maps (including, for example, apparent diffusion coefficient (ADC), fractional
anisotropy, and relative cerebral blood flow). Once the scan types have been identified,
DeepDicomSort can organize the dataset into a structured, user-defined layout or turn
the dataset into a BIDS compliant dataset. We made all our source code, including
code for the pre-processing and post-processing, and pre-trained models publicly
available, to facilitate reuse by the community1 .

6.2
6.2.1

6

Materials & Methods
Terminology

Since the exact meaning of specific terms can differ depending on one’s background,
we have provided an overview of the terminology as it is used in this paper in Table 6.1.
We have tried to adhere to the terminology used by BIDS as much as possible, and
have provided the equivalent BIDS terminology in Table 6.1 as well. We differ from
the BIDS terminology regarding two terms: scan and scan type. Scan type is referred
to as modality in BIDS, but to avoid confusion with the more common use of modality
to indicate different types of equipment (e.g. MRI and computed tomography (CT)),
we instead use scan type. Scan is used instead of “data acquisition” or “run” as used
in BIDS, to be more in line with common terminology and to avoid confusion with
other types of data acquisition. We define a structured dataset as a dataset where all
the data for the different subjects and scans is provided in the same way. For example,
a folder structure with a folder for each subject, session, and scan, with a consistent
naming format for the different folders and scan types. A standardized dataset is a
dataset where the data has been structured according to a specific, public standard,
for example BIDS.

6.2.2

Data

An extensive collection of data from multiple different sources was used to construct
our method and evaluate its performance. We used MRI scans of subjects with brain
tumours, as well as scans of subjects without brain tumours.
To ensure sufficient heterogeneity in our dataset, we included scans from multiple
different sources, and we only excluded scans if their scan type did not fall into one
of the eight categories that we aimed at predicting with our method. Thus, no scans
1 https://github.com/Svdvoort/DeepDicomSort
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Term

BIDS term

Meaning

Modality

Modality

Type of technique used to acquire a scan
(e.g. MRI, CT)

Subject

Subject

A person participating in a study

Site

Site

Institute at which a scan of the subject
has been acquired

Session

Session

A single visit of a subject to a site in which
one or more scans have been acquired

Scan

Data acquisition/run

A single 3D image that has been acquired
of a subject in a session

Slice

N/A

A single 2D cross-section that has been
extracted from a scan

Scan type

Modality

Specific visual appearance category of a
scan (e.g. T1w, T2w)

Sample

N/A

A single input for the CNN

Class

N/A

An output category of the CNN

DICOM

DICOM

A data format used to store medical
imaging data. In addition to the imaging
data, DICOM files can also store metadata
about the scanner equipment, the specific
imaging protocol, and clinical information

NIfTI

NIfTI

A data format used to store (neuro)
medical imaging data

Table 6.1: Overview of terminology used in this paper, the corresponding
BIDS terminology, and meaning of each term.
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were excluded based on other criteria such as low image quality, the occurrence of
imaging artifacts, scanner settings, or disease state of the subject.
Brain tumour dataset

6

Our method was initially developed and subsequently tested on brain MRI scans of
subjects with brain tumours. Scans of subjects with brain tumours were used because
the brain tumour imaging protocols used to acquire these scans usually span a wide
array of scan types, including pre-contrast and post-contrast scans. The brain tumour
dataset consisted of a train set and an independent test set, which in total included
data from 11 different sources. The subjects were distributed among the brain tumour
train set and brain tumour test set before starting any experiments, and the data
was divided such that the distribution of the scan types was similar in the train set
and the test set. We chose to put all subjects that originated from the same dataset
in either the train set or test set to test the generalizability of our algorithm. Thus,
all scans of a subject were either all in the brain tumour train set or all in the brain
tumour test set, and no data leak could take place, precluding an overly optimistic
estimation of the performance of our method. In this way, a good performance of
our method on the test set could not be the result of the algorithm having learned
features that are specific to a particular site or scanner.
The brain tumour train set contained 11,065 scans of 1347 different sessions from
719 subjects. These scans were included from the Brain-Tumor-Progression [183], Ivy
Glioblastoma Atlas Project (Ivy GAP) [184], LGG-1p19qDeletion [138, 150], TCGAGBM [185], and TCGA-LGG [186] collections from TCIA [149]. Two datasets from
The Norwegian National Advisory Unit for Ultrasound and Image Guided Therapy
(USIGT) [187, 188] were also included in the brain tumour train set. In total, the data
originated from 17 different sites, and the scans were acquired on at least 29 different
scanner models from 4 different vendors (GE, Hitachi, Philips, and Siemens).
The brain tumour test set contained 2369 scans of 302 different sessions from 192
subjects. These scans were included from the brain images of tumors for evaluation
(BITE) dataset [189] as well as the Clinical Proteomic Tumor Analysis Consortium
Glioblastoma Multiforme (CPTAC-GBM) [190], Repository of Molecular Brain Neoplasia Data (REMBRANDT) [191], and Reference Image Database to Evaluate Therapy
Response: Neuro MRI (RIDER Neuro MRI) [192] collections from the TCIA. In total,
the data originated from 8 different sites, and the scans were acquired on at least 15
different scanner models from 4 different vendors (GE, Philips, Siemens, and Toshiba).
For some scans, the scanner type was not available in the DICOM tags (DICOM
tag (0008, 1090)); thus, the data variation in the number of scanners could be even
larger.
All subjects included in the brain tumour dataset had a (preoperative or postoperative) brain tumour. The scans in the datasets were manually sorted, and T1w,
T1wC, T2w, PDw, T2w-FLAIR, DWI, PWI-DSC, and derived images were identified.
The different types of derived images were combined into a single category, as the
derivation of these images is often inconsistent among scanners and vendors, and
thus these images need to be rederived from the raw data (e.g. the original DWI or
PWI-DSC scan).
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The details of the brain tumour train set and brain tumour test set are presented
in Table 6.2. An example of the eight scan types for a single subject from the brain
tumour test set can be seen in Figure 6.1.
Brain tumour train set
Scan type

Ax

Ax

Cor

Sag

3D

Total

1920
2828
1616
453
1084
1359
669
1136

206
208
232
145
221
347
87
157

2
133
46
36
3
0
0
0

202
97
16
0
0
0
0
0

26
172
1
0
32
0
0
0

436
610
295
181
256
347
87
157

7263 1030 1197 1575 11,065

1603

220

315

231 2369

T1w
580
T1wC
964
T2w
1151
PDw
413
T2w-FLAIR 991
DWI
1359
PWI-DSC
669
Derived
1136
Total

Cor
14
526
411
40
39
0
0
0

Sag

3D

Brain tumour test set

872 454
298 1040
23
31
0
0
4
50
0
0
0
0
0
0

Total

Table 6.2: Overview of data in the brain tumour dataset. The number of
scans for each scan type and the different spatial orientations
(axial, coronal, sagittal, and 3D) are specified.

6

(a) T1w.

(b) T1wC.

(c) T2w.

(d) PDw.

(e) T2w-FLAIR.

(f) DWI.

(g) PWI-DSC.

(h) Derived (ADC).

Figure 6.1: Examples of the different scan types for a single subject from
the brain tumour test set.
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ADNI test set
In order to evaluate the results of the algorithm on non-tumour brain imaging, we
used the Alzheimer’s Disease Neuroimaging Initiative (ADNI) dataset (https://adni.
loni.usc.edu). The ADNI was launched in 2003 as a public-private partnership, led
by Principal Investigator Michael W. Weiner, MD. The primary goal of ADNI has been
to test whether serial magnetic resonance imaging, positron emission tomography, other
biological markers, and clinical and neuropsychological assessment can be combined to
measure the progression of mild cognitive impairment and early Alzheimer’s disease.
For up-to-date information, see https://adni-info.org.
We used the baseline and screening data of 1318 subjects, resulting in 7227 scans.
These scans originated from 67 different sites and were acquired on 23 different scanner
models from 3 different vendors (GE, Philips, and Siemens). Details of the ADNI test
set are presented in Table 6.3. Since no contrast is administered to subjects in the
ADNI study, there are no T1wC or PWI-DSC scans in this dataset. The ADNI dataset
does include arterial spin labeling perfusion-weighted imaging (PWI-ASL), however
since our algorithm was not designed to recognize these scans, they were excluded.
The derived maps from these PWI-ASL scans were included since the derived category
encompasses all diffusion and perfusion derived imaging. These PWI-ASL derived
maps explain the 47 3D scans in Table 6.3.

6

ADNI test set
Scan type

Ax

Cor

Sag

3D

Total

T1w
0
T1wC
0
T2w
1725
PDw
1069
T2w-FLAIR
1
DWI
558
PWI-DSC
0
Derived
183

0
0
488
0
0
0
0
0

276 2380 2656
0
0
0
5
0 2218
0
0 1069
3 488 492
2
0 560
0
0
0
2
47 232

Total

488

288 2915 7227

3536

Table 6.3: Overview of data in the ADNI test set. The number of scans
for each scan type and the different spatial orientations (axial,
coronal, sagittal, and 3D) are specified.

6.2.3

DeepDicomSort

The pipeline of our proposed method, DeepDicomSort, consisted of three phases:
1. Pre-processing: prepare the scans as an input for the CNN
2. Scan type prediction: obtain the predicted scan type using the CNN
3. Post-processing: use the predictions to sort the dataset
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By passing a dataset through this pipeline, it can be turned into a BIDS compliant
dataset, or it can be structured according to a user-defined layout. If one chooses
to create a BIDS compliant dataset, the scans are stored as NIfTI files; if a userdefined structure is used, the scans are stored as DICOM files. An overview of the
DeepDicomSort pipeline is presented in Figure 6.2.
Pre-processing
As a first pre-processing step, all DICOM files were converted to NIfTI format using
dcm2niix [193], as this simplifies the further processing of the scans. This step was
skipped for the USIGT and BITE datasets, as these were already provided in NIfTI
format (no DICOM files were available).
In the next step, the number of dimensions of each scan was automatically determined. Although most scans were 3-dimensional, some scans happened to be
4-dimensional. This was the case for some DWI scans, which consisted of multiple
b-values and potentially b-vectors, and for some PWI-DSC scans, which contained
multiple time points. If a scan was 4-dimensional, the first (3-dimensional) element of
the sequence was extracted and was subsequently used instead of the full 4-dimensional
scan. This extraction was done to make sure that the CNN would also recognize scan
types that generally contain repeats in situations where this was not the case. For
example, this could be the case when the different b-values of a DWI scan were stored
as multiple, separate (3-dimensional) scans instead of a single (4-dimensional) scan.
Since the information that a scan is 4-dimensional can aid the algorithm in recognizing
the scan type, a “4D” label was attached to each scan. This 4D label was set to 1 if
the scan was 4-dimensional, and to 0 if it was not.
All scans were then reoriented to match the orientation of a common template using
FSL’s reorient2std [194]. After this step, the scans were resampled to 256 × 256 × 25
voxels, using cubic b-spline interpolation, while maintaining the original field of view.
All of these resampled (3D) scans were split into (2D) slices, resulting in 25 individual
slices of 256 × 256 voxels. The slice extraction was then followed by an intensity scaling
of each slice. The intensity was scaled such that the minimum intensity was 0, and
the maximum intensity was 1 to compensate for intensity differences between slices.
These pre-processed slices were than used as input samples for the CNN. No data
augmentation was used, as the large number of scans and different data sources that
were used to train the algorithm already ensured sufficient natural variation in the
samples, obviating the need for additional augmentation.
After applying these pre-processing steps, the brain tumour train set consisted of
276,625 samples, the brain tumour test set consisted of 59,225 samples, and the ADNI
test set consisted of 180,675 samples.
Network
A CNN was used to classify the samples into one of eight different classes: T1w, T1wC,
T2w, PDw, T2w-FLAIR, DWI, PWI-DSC, or derived. The architecture of the CNN
is shown in Figure 6.3. This architecture was inspired by the VGG network [65].
The network was implemented using TensorFlow 1.12.3 [87]. The cross-entropy
between the predicted and ground truth labels was used as a loss function. Weights
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Pre-processing

Classification by CNN

T1wC
T1w

DICOM to NIfTI conversion

T1wC
T1wC

.DCM

.DCM

Majority vote

.DCM
.DCM

.DCM

T1wC

.DCM

T1wC
PDw

.DCM

Subject-01
Session-01
T1w Ax
000.DCM
T1wC 3D
000.DCM
T2w Sag

sub-01
ses-01
sub-01 ses-01 T1w.nii.gz
sub-01 ses-01 ce-GD T1w.nii.gz
sub-01 ses-01 T2w.nii.gz

000.DCM

6

DICOM structuring

BIDS structuring

Figure 6.2: Overview of the DeepDicomSort pipeline. Scans are first converted from DICOM to NIfTI format and pre-processed. During
the pre-processing the scan is split into 25 individual slices, that
are then classified as one of eight scan types by the CNN. The
predictions of the individual slices are combined in a majority
vote and the predicted scan type of each scan is used to structure
the dataset. DeepDicomSort can structure either the original
DICOM files, or the NIfTI files. In the last case the dataset
turns into BIDS compliant dataset.
were initialized using Glorot Uniform initialization [195]. We used Adam as an
optimizer [196], which started with a learning rate of 0.001, β1 = 0.9, and β2 = 0.999,
as these were proposed as reasonable default values [196]. The learning rate was
automatically adjusted based on the training loss; if the training loss did not decrease
during 3 epochs, the learning rate was decreased by a factor 10, with a minimum
learning rate of 1 · 10−7 . The network could train for a maximum of 100 epochs, and
the network automatically stopped training when the loss did not decrease during 6
epochs. We used a batch size of 32. We arrived at this CNN design and these settings
by testing multiple different options and selecting the best performing one. Details
about the optimization of the settings are presented in Section 6.2.5, Figure 6.4, and
Appendix 6.A.
During the training of the network, all slices were inputted to the CNN as individual
samples, and no information about the (possible) relation between different slices was
provided. After training the network, the scan type of a scan was predicted by passing
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all 25 slices of the scan through the CNN and then combining these individual slice
predictions using a majority vote, as seen in Figure 6.2.
Input
Size: 256x256
4D label

32 filters 5x5
Output size: 252x252
32 filters 5x5
Output size: 248x248

Dropout: 0.25

Image
features

Concatenation

LEGEND

Pool size: 3x3
Output size: 82x82

Dropout: 0.4

Convolutional block

64 filters 5x5
Output size: 78x78

FC: 1024 units

Max-pooling layer

ReLU

Dropout layer

Dropout: 0.4

Fully-connected layer

FC: 8 units

Activation layer

64 filters 5x5
Output size: 74x74
Pool size: 3x3
Output size: 24x24
64 filters 5x5
Output size: 20x20
64 filters 5x5
Output size: 16x16

N 2D convolutional
filters
kernel size Y by Y

Softmax
Pool size: 3x3
Output size: 5x5

Flatten

N filters YxY
Predicted class

Batch
normalization
Parametric ReLU

Figure 6.3: The architecture of the CNN. The convolutional blocks consisted
of N 2D convolutional filters followed by batch normalization
and a parametric rectified linear unit. The output size of the
convolutional blocks and pooling layers is specified.

Post-processing
Once the scan type of each scan is predicted, these predictions can then be used in
(optional) post-processing steps to automatically structure the dataset. We provide
two options for the structured format:
• Sort the original DICOM files; this can be done in a user-defined folder structure.
• Sort the NIfTI files; in this case the BIDS format is used.
During the post-processing, the spatial orientation of the scan (axial, coronal,
sagittal, or 3D) is also determined based on the direction cosines (DICOM tag (0020,
0037)), which can be used to define the structured layout when choosing to sort the
DICOM files.
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HeuDiConv

HeuDiConv2 is a heuristic-centric DICOM converter, which uses information from
the DICOM tags, along with a user-defined heuristic file to organize an unstructured
DICOM dataset into a structured layout. HeuDiConv is currently one of the most
widespread, publicly available methods that can structure an unsorted DICOM dataset.
Therefore, we used HeuDiConv as a benchmark so we could compare our method,
which is based on the visual appearance of a scan, with a method that is based on the
metadata of a scan.
Before HeuDiConv can be used to sort a dataset, one first needs to define the
heuristic file, which is essentially a translation table between the metadata of a scan
and its scan type. This heuristic file is based on scan metadata that is extracted
from the DICOM tags. Available metadata includes image type, study description,
series description, repetition time, echo time, size of the scan along 4 dimensions,
protocol name, and sequence name. HeuDiConv also determines whether a scan is
motion-corrected or is a derived image, based on specific keywords being present in
the image type DICOM tag. These characteristics can also be used in the heuristic
file. Although more scan metadata can be used to define the heuristic, such as subject
sex and referring physician, we considered this metadata irrelevant for our purpose
of scan type prediction. In addition, this kind of metadata was often missing due to
anonymization.

6.2.5

Experiments

Evaluation of DeepDicomSort
We performed two experiments in which we constructed and evaluated our method, to
show the generalizability among different datasets:
• Experiment I: Algorithm trained on brain tumour train set and tested on brain
tumour test set
• Experiment II: Algorithm trained on brain tumour dataset (brain tumour train
set and brain tumour test set), and tested on ADNI test set
In Experiment I we developed the algorithm and tried different CNN architectures,
pre-processing settings, and optimizer settings, collectively referred to as the model
parameters, using a train/validation split of the brain tumour train set. We then
selected the best performing model parameters and trained a CNN using the whole
brain tumour train set. Once the model was trained, its performance was evaluated on
the brain tumour test set. In Experiment I, the brain tumour test set was only used
to evaluate the results and was left untouched during the development and training
of the algorithm. Figure 6.4 shows an overview of the model parameter selection,
training and testing steps, and the data used in Experiment I. More details about the
selection of the optimal model parameters and the results of other model parameters
can be found in Appendix 6.A.
2 https://github.com/nipy/heudiconv
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In Experiment II we used the ADNI test set as a test set to see if our method
also generalizes to scans in which no brain tumour was present. In this experiment,
we trained the CNN using the whole brain tumour dataset (a combination of all the
data in the brain tumour train set and brain tumour test set) and then evaluated the
performance of the model on the ADNI test set. No model parameter selection was
done in this experiment, instead the optimal model parameters that were obtained
from Experiment I were used. Thus, apart from training the CNN on a larger dataset,
the methods used in Experiment I and Experiment II were the same. Figure 6.5 shows
an overview of the training and testing steps and the data used in Experiment II. In
this experiment, no T1wC and PWI-DSC scans were present in the test set, however in
a real-world setting one may not know a priori whether these scan types were present
or absent. Thus, we still allowed the model to predict the scan type as one of these
classes to mirror this realistic setting.
To evaluate the performance of our algorithm, we calculated the overall accuracy
and the per-class accuracy of the classification. The overall accuracy was defined as
the number of correctly predicted scans divided by the total number of scans. The
per-class accuracy was defined as the number of correctly predicted scans of a specific
scan type divided by the total number of scans of that scan type. We also computed
the confusion matrices, which show the relationship between the ground truth and
predicted class.
To visualize which parts of the slice contributed most to the prediction of the CNN,
we generated saliency maps [197]. Saliency maps were generated by calculating the
gradient of a specific class with respect to each input pixel, thus giving a measure of the
contribution of each pixel. To obtain sharper maps, we used guided backpropagation
[198] and applied a rectified linear activation to the obtained maps. Saliency maps were
generated for all slices of the scans of the example subject shown in Figure 6.1, based
on the trained model from Experiment I. Additional saliency maps were generated
for 20 samples of each scan type that were randomly selected from the test sets of
Experiment I and Experiment II. The saliency maps for the samples from Experiment
I were generated using the CNN trained in Experiment I, and for the samples from
Experiment II the CNN trained in Experiment II was used. By generating saliency
maps for multiple samples, we could show the behavior of our algorithm for different
scan appearances. Some of these samples contained tumours, contained imaging
artifacts, or had a low image quality. Thus, these saliency maps also showed the
robustness of our algorithm to unusual scan appearance. To gain some insight into
the behavior of each convolutional layer we determined the feature maps of each
convolutional layer. We calculated the feature maps for the T1w slice shown in
Figure 6.1 by passing it through the network and determining the output of each filter
after each convolutional layer.
Comparison with HeuDiConv
We compared the performance of HeuDiConv and DeepDicomSort using the data from
Experiment I, since the data in Experiment II did not include all scan types. When
using HeuDiConv, only the scans which were available in DICOM format could be
processed. This meant that the scans from the USIGT dataset were removed from the
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brain tumour train set, and the scans from the BITE dataset were removed from the
brain tumour test set, as these were not available in DICOM format. Thus, 86 scans
(43 T1wC and 43 T2w-FLAIR) were removed from the brain tumour train set and 27
scans (all T1wC) were removed from the brain tumour test set, reducing the train set
to 10,979 scans and the test set to 2342 scans.
To construct our heuristic, we first extracted all the relevant DICOM tags from the
scans in the brain tumour train set, see Table 6.4. Table 6.4 also shows the number
of unique occurrences for text-based tags and the distribution of the numerical tags
in the brain tumour train set. An iterative approach was followed to construct the
heuristic, where rules were added or adjusted until the performance of HeuDiConv on
the brain tumour train set could no longer be increased, see Figure 6.6. Our initial
heuristic was a simple one, based solely on certain text being present in the series
description. For example, if the text “T1” was present in the series description, it was
considered a T1w scan.
To compare the performance of HeuDiConv with the performance of DeepDicomSort
the overall accuracy and per-class accuracy of the scan type predictions obtained from
HeuDiConv were calculated.

6

Tag description

Tag number

Distribution

Image type
Study description
Series description
Repetition time
Echo time
Number of rows in image
Number of columns in image

0008,0008
0008,1030
0008,103E
0018,0080
0018,0081
0028,0010
0028,0011

72 unique instances
435 unique instances
1215 unique instances
Mean ± std: 3912 ± 4078
Mean ± std: 52.11 ± 48.90
Range: 128–1152
Range: 128–1152

Table 6.4: Descriptions and tag numbers of the DICOM tags extracted for the
HeuDiConv heuristic. For text-based tags the number of unique
instances is shown and for numerical-based tags the distribution
is shown, based on the scans in the brain tumour train set.

6.3
6.3.1

Results
Experiment I – Evaluation on brain tumour dataset

The results from Experiment I (evaluation on the brain tumour test set, containing
scans of subjects with brain tumours) are reported in Table 6.5. The network was
trained for 96 epochs. In this experiment our method achieved an overall accuracy of
98.7 %.
The highest per-class accuracy was achieved for the PDw and PWI-DSC scans
(100.0 % for both), whereas the T2w-FLAIR scans had the lowest accuracy (93.0 %).
The confusion matrices show that most of the incorrectly predicted T2w-FLAIR scans
were classified as T1w scans (see Appendix 6.B). Appendix 6.C shows the performance
of our method on a per-slice basis before the majority vote has taken place to determine
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the scan scan type, which shows that the per-slice accuracy is lower than the per-scan
accuracy. This is not surprising since there are slices in a scan from which it is
almost impossible to determine the scan type even for a human (for example, the most
superior and inferior slices).

6.3.2

Experiment II – Evaluation on ADNI test set

The results from Experiment II (evaluation on the ADNI test set, containing scans of
subjects without brain tumours) are reported in Table 6.5. Just like in Experiment I
the network was trained for 96 epochs. In this experiment our method achieved an
overall accuracy of 98.5 %. It took approximately 22 hours to train the network of this
experiment using an Nvidia Titan V GPU with 12 GB memory.
The highest per-class accuracy was achieved for the T1w scans (100.0 %), whereas
the T2w scans had the lowest accuracy (95.1 %). Most of the incorrectly predicted
T2w scans were predicted as T1wC or PDw scans. Furthermore, although no T1wC
and PWI-DSC scans were present in the test set used in this experiment, our method
incorrectly classified 40 scans as T1wC (mainly T2w scans) and 3 scans as PWI-DSC
scans (all DWI scans). The full confusion matrix can be found in Appendix 6.B.
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6.3.3

Focus of the network

Figure 6.7 shows the saliency maps for the different scan types, for the same slices as
in Figure 6.1. For most scan types, the CNN seemed to focus on the ventricles, the
cerebral spinal fluid (CSF) around the skull, the nose, and the eyes. For the PDw
slice, the CNN did not have a specific focus on the ventricles and did not seem to
have a particular focus inside the brain. The DWI and derived slices also showed
some focus outside of the skull, probably because of the artifacts outside of the skull
that these scan types often feature (as can be seen in Figure 6.7h). We have created
saliency maps for all 25 slices of the scans shown in Figure 6.1, which are shown in
Appendix 6.D. For most other slices the focus of the CNN was the same as for the
slices from Figure 6.7. Furthermore, the presence of a tumour did not disturb the
prediction as also evidenced by the high accuracy achieved in Experiment I. Only on
the most superior and inferior slices did the CNN struggle, probably due to the fact
that the brain was barely visible on those slices.
Additional saliency maps for randomly selected samples from the test sets of
Experiment I and Experiment II are shown in Appendix 6.E. These examples show
that our method is robust to heterogeneity in the visual appearance of the scans, as
well as to the presence of tumours, the presence of imaging artifacts, and poor image
quality. This is demonstrated by the fact that the CNN focused on the same brain
structures for almost all of the slices and correctly predicted the scan type even for
slices with poor imaging quality or artifacts. The feature maps of all convolutional
layers are shown in Appendix 6.F. For the shallow convolutional layers, some filters
seemed to detect the skull without looking at the brain tissue, whereas other layers
seemed to focus more on specific brain structures such as the CSF. Interpreting the
deeper convolutional layers gets harder as the feature maps of those layers have a
lower resolution.
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Experiment I

Experiment II

Overall

0.987

0.985

T1w
T1wC
T2w
PDw
T2w-FLAIR
DWI
PWI-DSC
Derived

0.993
0.997
0.990
1.000
0.930
0.991
1.000
0.994

1.000
N/A
0.965
0.998
0.951
0.995
N/A
0.983

Table 6.5: Overall accuracy and per-class accuracy achieved by DeepDicomSort in Experiment I and Experiment II.
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(a) T1w.

(b) T1wC.

(c) T2w.

(d) PDw.

(e) T2w-FLAIR.

(f) DWI.

(g) PWI-DSC.

(h) Derived (ADC).

Figure 6.7: Saliency maps of the scan types, generated by the CNN evaluated
on the same slices as in Figure 6.1. This CNN was the model
obtained in Experiment I.
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HeuDiConv predictive performance

The top-level rules of the derived heuristic for HeuDiConv were mainly based on the
series description, with additional lower-level rules based on the echo time, image type,
and the derived status of the scan. The overall accuracy obtained within the brain
tumour train set after several iterations of improving the heuristic was 91.0 %. The
overall accuracy in the brain tumour test set was 72.0 %. The results for each class
can be found in Table 6.6, along with a comparison with the accuracy of the CNN
evaluated on the brain tumour test set. For the evaluation of the CNN’s performance,
we included the same scans as present in the test set for HeuDiConv (i.e. those which
were available in DICOM format). Although a slightly different dataset was used
for this test set, the results of the CNN in Table 6.5 and Table 6.6 appear to be the
same. This can be explained by the fact that only T1wC scans were removed from
the test set, thus for all other classes the accuracy remained the same. Furthermore,
due to the large number of scans the difference is only visible at more decimals, e.g.
the overall accuracy in Table 6.5 was 98.73 % whereas in Table 6.6 it was 98.72 %.
These results show that DeepDicomSort outperformed HeuDiConv both in terms of
the overall accuracy and the per-class accuracy for all classes. Appendix 6.G compares
the time required to sort the datasets using either DeepDicomSort, HeuDiConv, or by
hand, which shows that DeepDicomSort is more than twice as fast as the other two
methods.
HeuDiConv

DeepDicomSort

Overall

0.720

0.987

T1w
T1wC
T2w
PDw
T2w-FLAIR
DWI
PWI-DSC
Derived

0.963
0.447
0.930
0.077
0.684
0.887
0.600
0.948

0.993
0.997
0.990
1.000
0.930
0.991
1.000
0.994

Table 6.6: Accuracy of HeuDiConv on the brain tumour test set. Results of
DeepDicomSort on this test set are also given, where the scans
which were not available in DICOM format were excluded from
the test set.

6.4

Discussion

Our results show that it is possible to use a CNN to automatically identify the scan
type of brain MRI scans and use this to sort a large, heterogeneous dataset. Because of
the high accuracy of our method, it can be used virtually without manual verification.
The CNN performed well both for scans with and without the presence of a tumour.
The performance of our method generalizes well across scans from different sites,
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scanners, subjects, and scan protocols. Our method was also able to correctly predict
the scan type of scans that had poor imaging quality or contained imaging artifacts,
as can be seen in Appendix 6.E.1. The CNN focused mainly on the ventricles, areas
close to the skull, and the CSF at the edges of the brain. There was also some focus
on the gray matter and white matter, although these structures seemed less relevant
for the decision making of the CNN. It makes sense that the CNN focuses on the CSF,
both in the ventricles and at the edges of the brain, because their visual appearance is
very characteristic of the scan type. Although the CNN also focused on the eyes and
nose, we do not expect this to disrupt the prediction when these structures are absent
(e.g. in defaced scans). There were a lot of slices in which the eyes and nose were not
present, such as the most inferiorly and superiorly located slices, for which the CNN
predicted the scan type correctly.
Data sorting is just one step of the data curation pipeline, and in recent years more
research on the automation of other data curation tasks has been carried out. Some
examples include automatic scan quality checking [199], motion artifact correction
[200], and missing scan type imputation from the present scan types [201]. However,
to automate other data curation steps the dataset first needs to follow a structured
format, making our tool a crucial first step in the overall pipeline. The increasing
data complexity, both in volume and in the number of different types of data, not
only shows a need for a proper data curation pipeline, but also shows the need for a
standardized data structure for scans and their associated metadata [167, 168, 202].
The widespread adoption of a common, standardized data structure would be favorable
over the use of our tool or similar tools. Unfortunately, both in research and in clinic
practice, it is currently not commonplace to provide datasets in a standardized format,
thus making our tool a valuable addition to the data curation pipeline. Even if a
standardized data structure were to be widely adopted, our tool would remain valuable
as a quality assessment tool.
Although the accuracy of our method is high overall, our method predicted the
incorrect scan type in some cases. For example, in Experiment I the CNN mainly
misclassified T2w-FLAIR scans. Almost all of these misclassified T2w-FLAIR scans
originated from the RIDER Neuro MRI dataset. Comparing a T2w-FLAIR scan
from the RIDER Neuro MRI dataset with a T2w-FLAIR scan from the train set
used in Experiment I shows a big difference in visual appearance, see Figure 6.8a and
Figure 6.8b. These figures show that the white matter and gray matter appear very
different on the two scans, even though they have the same scan type, which probably
confused the network. In Experiment II the per-class accuracy was the lowest for
the T2w scans. Almost all of the misclassified T2w scans were hippocampus scans,
an example of which can be seen in Figure 6.8c. The misclassification of these scans
can be explained by their limited field of view. Since the CNN did not see any such
scans in the training set, as all scans in the training set covered the full brain, it is not
surprising that our method failed in these cases. The saliency maps in Figure 6.8 show
that the CNN had difficulty focusing on the relevant parts of the slice. For example,
for the T2w-FLAIR slices in Figure 6.7e and Figure 6.8d it can be seen that the CNN
focused mainly on the ventricles, whereas in Figure 6.8e there was more focus on
the edge of the brain, similar to the T1w slice in Figure 6.7a. Although we did not
achieve a perfect prediction accuracy, it is unlikely that any scan sorting method ever
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will, due to the large heterogeneity in scan appearance and scan metadata. While not
perfect, our method does have a very high performance overall and the comparison
with manual sorting shows that it considerably reduces the time required to sort a
dataset.
The CNN was trained and evaluated by using the ground truth labels, which were
obtained by manually going through the dataset and annotating each scan according
to the perceived scan type. It is possible that the scan type was incorrectly annotated
for some of the scans. To limit this possibility we took a second look at scans where
there was a mismatch between the prediction from DeepDicomSort and the ground
truth label, both for the train datasets and the test datasets. We corrected the ground
truth label for scans that were incorrectly annotated and these corrected labels were
used for the experiments presented in this paper. The labels of around 0.1 % of the
scans in the dataset were corrected in this way. Although it is possible that there were
still some incorrectly annotated scans, based on these findings we expect this fraction
to be very small.

6
(a) T2w-FLAIR scan
from the Ivy GAP
collection.
This
scan type was correctly predicted.

(b) T2w-FLAIR scan
from the RIDER
Neuro MRI collection.
This scan
type was misclassified as a T1w.

(c) T2w scan from
the ADNI test set.
This scan type was
misclassified as a
T1wC.

(d) Saliency map of the
correctly classified
scan from (a).

(e) Saliency map of the
misclassified scan
from (b).

(f) Saliency map of the
misclassified scan
from (c).

Figure 6.8: Examples of scans our method misclassified ((b) and (c)) and
a correctly classified scan (a) as comparison, along with their
saliency maps. The T2w-FLAIR scan in (b) is probably misclassified as its appearance is very different from T2w-FLAIR
scans that were in the train dataset. The T2w scan in (c) is
probably misclassified because it has a very limited field of view.
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We chose a CNN as the basis of our method because we wanted to minimize the
number of pre-processing steps. Using more traditional machine learning approaches,
such as a support vector machine or random forest, would require the extraction of
relevant features from each scan. This would complicate our method as we would first
have to hand-craft these features and add a pre-processing step in which we extract
these features from the scan. Furthermore, the extraction of these features would
likely require a brain mask to prevent the features from being influenced too much
by the background. The creation of this brain mask would add a pre-processing step,
and could be a potential source of error. Instead, by using a CNN, no features had to
be defined as the CNN automatically learns the relevant features. The CNN also does
not require a brain mask, as it has learned to ignore the background and focus on the
brain itself, as shown by the saliency maps.
We opted for a 2D CNN instead of a 3D CNN, because this allowed us to extract a
larger region of the scan to be used as an input for the CNN. By using a 2D CNN, this
region could encompass a full slice of the brain enabling the CNN to learn features
that capture the relative differences in appearance of the various tissue types (white
matter, gray matter, CSF, bone, skin, etc.), which are characteristic of the scan type.
Furthermore, because a 2D CNN typically requires less memory than a 3D CNN
[203], it requires less computational power (making our method accessible to a broader
audience), and also requires less time to train and evaluate [204].
Our method achieved a better overall accuracy and per-class accuracy than HeuDiConv. The results obtained using HeuDiConv show the difficulty of creating a method
based on DICOM tags that generalizes well to other datasets. Even within one dataset,
it can be difficult to create a heuristic that correctly maps the scan metadata to the
scan type; for example Table 6.4 shows that 1215 different series descriptions are used
just for the eight scan types considered in this research. HeuDiConv has particular
difficulty in identifying scans that have similar metadata but have different scan types.
For example, this is reflected in the results for the T1w and T1wC scans. These
scans usually have similar scan settings and series descriptions, making it hard to
determine whether a scan is obtained before or after contrast administration. The
same difficulty plays a role for T2w and PDw scans, which are often acquired at the
same time in a combined imaging sequence and thus have the same series description.
In our timing results (Appendix 6.G), it was faster to sort the dataset by hand than
to use HeuDiConv. This was caused by HeuDiConv often misclassifying T2w-FLAIR
and T1wC scans as a different scan type, and thus a lot of manual time was needed to
correct these mistakes.
A method that, similar to ours, classifies the scan type based on the visual
appearance of the scan, called Φ-net, was proposed by Remedios et al. [180]. Their
method can identify T1w, T1wC, T2w, and pre-contrast and post-contrast FLAIR
scans. Remedios et al. [180] do this using a cascaded CNN approach where a first
CNN is used to classify a scan as T1-weighted, T2-weighted, or FLAIR. Two other
CNNs are then used to classify a scan as pre-contrast or post-contrast, one CNN for
the T1-weighted scans and one CNN for the FLAIR scans. Φ-net achieved an overall
accuracy of 97.6 %, which is lower than our overall accuracy of 98.7 % (Experiment I)
and 98.5 % (Experiment II). Since Remedios et al. [180] did not make their trained
model publicly available, it was not possible to directly compare performances on
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the same dataset. Remedios et al. [180] tested their method on 1281 scans, which
came from 4 different sites and 5 different scanner models. Their dataset was thus
considerably smaller and less heterogeneous than our test data set. Furthermore, our
method can identify more scan types and does so using only a single CNN instead of
three.
A limitation of our method is that it can only classify a scan as one of the eight
scan types for which it was trained. Thus, when it is presented with an unknown
scan type (e.g. PWI-ASL or dynamic contrast-enhanced perfusion-weighted imaging),
our method will (wrongly) predict it as one of the other classes. In future work, this
limitation could be addressed in two ways. The first option would be to adapt the
network to either recognize more scan types or to replace one of the existing classes
by a different one. This can be done using a transfer learning approach by fine-tuning
the weights obtained in this research on additional data [205]. Since we did not have
enough data for other scan types, we limited the CNN to the eight classes for which
we did have enough data. A second option would be to extend our method to allow
out-of-distribution detection [206]. In this methodology, the network could not only
predict the scan type of a scan but could also indicate if a scan belongs to an unknown
scan type. This requires a significant change to the model architecture, which we
considered outside the scope of this research for now.
Another limitation is the use of reorient2std from FSL, which means that (this
part of) the code cannot be used in a commercial setting. Commercially allowed
alternatives exist, such as the “reorient_image” function from ANTs (http://stnava.
github.io/ANTs/), however these have not been tested as part of the DeepDicomSort
pipeline.
A promising future direction could be to predict the metadata of a scan based
on its visual appearance. For example, one could predict the sequence that has been
used to acquire a scan (e.g. MPRAGE or MP2RAGE in the case of a T1w scan), or
reconstruct the acquisition settings of a scan (e.g. the spin echo time). In this research,
we did not consider these types of predictions because we first wanted to focus on the
dataset organization, however we think that our method can provide a basis for these
types of predictions.

6.5

Conclusion

We developed an algorithm that can recognize T1w, T1wC, T2w, PDw, T2w-FLAIR,
DWI, PWI-DSC, and derived brain MRI scans with high accuracy, outperforming the
currently available methods. We have made our code and trained models publicly
available under an Apache 2.0 license3 . Using the code and the trained models, one
can run the DeepDicomSort pipeline and structure a dataset either according to the
BIDS standard or a self-defined layout. We think that scan type recognition is an
essential step in any data curation pipeline used in medical imaging. With this method,
and by making our code and trained models available, we can automate this step in
the pipeline and make working with large, heterogeneous datasets easier, faster, and
more accessible.
3 https://github.com/Svdvoort/DeepDicomSort
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Appendix
6.A

6

Model parameter selection

To determine the optimal model parameters (i.e. the CNN architecture, pre-processing
settings, and optimizer settings) of the CNN used in the DeepDicomSort pipeline, we
evaluated the performance of different model parameters on the brain tumour train
set, the train set from Experiment I. Before carrying out the experiments, the brain
tumour train set was partitioned into a train set and validation set. 85 % of the scans
were used as a train set and 15 % of the scans were used as a validation set. Only
one such split was made since training and validating the network for multiple splits
would be too time-consuming. During the splitting, all slices of a scan were either all
in the train set or all in the validation set to prevent data leakage between the train
set and validation set.
We compared five different CNN architectures: the architecture proposed in this
paper, Alexnet [63], ResNet18 [66], DenseNet121 [207], and VGG19 [65]. For all
networks, the same pre-processing approach and optimizer settings as described in
Section 6.2.3 were used. The only difference was that the learning rate reduction was
based on the validation loss instead of the training loss. For the VGG19 model, the
initial learning rate was lowered to 0.0001, as the model would otherwise get stuck
in a poor minimum early in the training stage. Different pre-processing settings (e.g.
different normalization settings) and model settings (e.g. learning rate) were tested.
However, here we show only the effect of the different architectures using the same
pre-processing settings for all models to make a fair comparison and since we obtained
the best results using these pre-processing settings.
The learning curves for the different models are shown in Figure 6.A.1. The learning
curve for the AlexNet model (Figure 6.A.1b), shows that this model is the only one
that was not capable to properly train for the task at hand, probably due to the low
number of weights that can be optimized in this model. Except for the AlexNet model,
all the other models were able to properly learn, and the final validation accuracy was
roughly the same for all models. The DenseNet model achieved the highest validation
accuracy of 98 %, a full overview of the performance of the different CNN architectures
can be found in Table 6.A.1. These results show that multiple models work for the
problem at hand. Ultimately, we chose to employ our proposed architecture because
it is less computationally intensive than the other models. Not only does our model
train faster (shown in Table 6.A.1), it also requires less time to predict the scan type
of new scans, and requires less (GPU) memory. Selecting the least computationally
intensive model allows a wider adoption of our tool.
We also trained two 3D models to compare their performance with the 2D models.
In the case of the 3D models, most of the pre-processing steps were kept the same,
apart from the slice extraction. Instead of extracting 25 slices, 3D patches with a
size of 90 × 90 × 15 voxels were extracted. A maximum of 10 patches per scan were
extracted, in such a way that they covered as much of the (geometrical) center of the
scan as possible to ensure that the patches contained brain and not just background.
We trained a 3D DenseNet121 and a 3D ResNet18; the learning curves can be seen in
Figure 6.A.1f and Figure 6.A.1g. These 3D architectures achieved a lower validation
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accuracy than their 2D counterparts: 0.87 versus 0.98 for the DenseNet model and
0.83 versus 0.97 for the ResNet model. These results justified our choice for a 2D
model, which not only achieved a higher accuracy but was also less computationally
intensive.

Our model
2D AlexNet
2D DensNet121
2D ResNet18
2D VGG19
3D DenseNet121
3D ResNet18

Train

Validation

Training time (h)

0.999
0.255
1.000
1.000
1.000
1.000
1.000

0.971
0.255
0.980
0.973
0.948
0.868
0.832

14.8
11.0
21.8
26.4
34.6
22.9
27.7

Table 6.A.1: Overall training accuracy, overall validation accuracy, and
the time it took to train each network for the different network architectures tested in the model parameter selection. A
train/validation split of the brain tumour train set was used
to determine the performance.
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Figure 6.A.1: Learning curves of the different network architectures tested
in the model parameter selection.
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Confusion matrices

The confusion matrices for Experiment I (Table 6.B.1) and Experiment II (Table 6.B.2),
which show the relation between the ground truth scan type and the predicted scan
type.
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Predictive performance on per-slice basis

Table 6.C.1 shows the accuracy of the CNNs from Experiment I and Experiment II
on a per-slice basis instead of on a per-scan basis. These results are obtained by
comparing the predicted class of a slice directly with the ground truth class of that
slice before the individual slice predictions are combined by a majority vote to obtain
the scan type.
Experiment I

Experiment II

Overall

0.934

0.851

T1w
T1wC
T2w
PDw
T2w-FLAIR
DWI
PWI-DSC
Derived

0.942
0.940
0.926
0.905
0.879
0.985
0.925
0.990

0.814
N/A
0.894
0.914
0.592
0.943
N/A
0.908

Table 6.C.1: Overall accuracy and per-class accuracy achieved by DeepDicomSort in Experiment I and Experiment II on a per-slice
basis.
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Saliency maps for full scan

Figure 6.D.1 and Figure 6.D.2 show the saliency maps for all 25 slices from the scans
of the example subject from Figure 6.1. The CNN seems to focus on the same features
as in Figure 6.7, mostly on the ventricles and on the CSF at the edges of the brain. In
the superior slices of the scan, it can be seen that the presence of a tumour does not
disrupt the CNN. Although it looks at the edge of the tumour, it does not put a lot
of focus on the tumour itself. For the most superior slices of T1w, T1wC, and T2w
it can be seen that when the brain is no longer present in the slice the CNN loses it
focus and seems to look randomly throughout the slice.
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Figure 6.D.1: Saliency maps for slices 1 through 13 of the subject from
Figure 6.1.
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Figure 6.D.2: Saliency maps for slices 14 through 25 of the subject from
Figure 6.1.
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Saliency maps for additional examples
Random samples from the brain tumour test set

To show the robustness of our method to differences in scan appearance, as well as
to imaging artifacts, we have randomly selected 20 slices of each scan type from the
brain tumour test set. All of these slices were then passed through the CNN, and
we determined the saliency maps along with the predicted class of each slice. This
is the prediction based on the slice itself, and thus before the majority vote. The
saliency maps and predicted scan types are shown in Figures 6.E.1 and 6.E.2. We
have highlighted slices that contain imaging artifacts (†), have a poor image quality
(†), and subjects with a large head tilt (†). These saliency maps show that the CNN
is quite robust to the presence of a tumour, the presence of imaging artifacts, or poor
image quality; in most cases the CNN still predicts the correct scan type.
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Figure 6.E.1: Saliency maps and predicted scan type of randomly drawn
samples from the brain tumour test set.
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Figure 6.E.2: Saliency maps and predicted scan type of randomly drawn
samples from the brain tumour test set.
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Random samples from ADNI test set

The same approach as in Appendix 6.E.1 has been applied to show the saliency maps
from random samples of the ADNI test set. In this case, the saliency maps were
derived using the trained model from Experiment II instead of Experiment I. The
saliency maps and the predicted scan type are shown in Figures 6.E.3 and 6.E.4. We
have highlighted slices that contain imaging artifacts, including hippocampus scans
with a limited field of view, (†), have a poor image quality (†), and subjects with a
large head tilt (†).
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Figure 6.E.3: Saliency maps and predicted scan type of randomly drawn
samples from the ADNI test set.
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Figure 6.E.4: Saliency maps and predicted scan type of randomly drawn
samples from the ADNI test set.
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Robustness against bright noise

To test the effect of potential bright spots in the scan, we performed an experiment
where random bright spots were introduced in the slices from Figure 6.1. Within each
slice 0.5 % of voxels were randomly chosen, and the intensity of these voxels was set to
the maximum intensity of the slice. We then determined the saliency maps for these
slices and the predicted scan type, the results are shown in Figure 6.E.5.
These results show that our method is quite robust against bright spots in a scan.
Only for the T1w and PWI-DSC scans there were slices that were misclassified. In
the case of the T1w slice, there were two out of five slices that were predicted to be
T1wC. This is most likely caused by the CNN having learned that a T1w and T1wC
scan have a similar appearance in general, but that the T1wC scan has brighter spots.
In two cases the PWI-DSC slice was misclassified as a DWI. Probably this is caused
by the CNN seeing the random brightness spots outside the skull as imaging artifacts,
which often show up in DWI scans and less so in PWI-DSC scans. Although the CNN
misclassified the T1w and PWI-DSC slices in some cases, when bright spots were
introduced on all 25 slices of the T1w and PWI-DSC scans (randomly for each slice)
and then passed through the network, the CNN still predicted the correct scan type
of the scan after the majority vote.
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Figure 6.E.5: Saliency maps and predicted scan types of the slices from
Figure 6.1 after randomly setting some pixels to the maximum
intensity. Every time the slice with the added noise is shown,
followed by the saliency map and predicted scan type for the
same slice in the row below.
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Feature map visualizations

Figures 6.F.1 to 6.F.6 show the feature maps of all filters of each convolutional layer
for the T1w slice shown in Figure 6.1. It can be seen that some filters mainly identify
the skull (for example, filter 1 from convolutional layer 1), whereas other filters seem
to focus on specific structure (for example, filter 4 from convolutional layer 1, which
seems to identify gray matter).
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Figure 6.F.1: Feature map visualizations of the trained CNN from Experiment I. These visualization were obtained by passing a
T1w slice through the network, and showing the results directly
after convolutional layer 1. The slice is the same as the one
shown in Figure 6.1a.

6

140

6

Chapter 6. DeepDicomSort: Automatic sorting of brain MRI data

Filter 1

Filter 2

Filter 3

Filter 4

Filter 5

Filter 6

Filter 7

Filter 8

Filter 9

Filter 10

Filter 11

Filter 12

Filter 13

Filter 14

Filter 15

Filter 16

Filter 17

Filter 18

Filter 19

Filter 20

Filter 21

Filter 22

Filter 23

Filter 24

Filter 25

Filter 26

Filter 27

Filter 28

Filter 29

Filter 30

Filter 31

Filter 32

Figure 6.F.2: Feature map visualizations of the trained CNN from Experiment I. These visualization were obtained by passing a
T1w slice through the network, and showing the results directly
after convolutional layer 2. The slice is the same as the one
shown in Figure 6.1a.
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Figure 6.F.3: Feature map visualizations of the trained CNN from Experiment I. These visualization were obtained by passing a
T1w slice through the network, and showing the results directly
after convolutional layer 3. The slice is the same as the one
shown in Figure 6.1a.
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Figure 6.F.4: Feature map visualizations of the trained CNN from Experiment I. These visualization were obtained by passing a
T1w slice through the network, and showing the results directly
after convolutional layer 4. The slice is the same as the one
shown in Figure 6.1a.
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Figure 6.F.5: Feature map visualizations of the trained CNN from Experiment I. These visualization were obtained by passing a
T1w slice through the network, and showing the results directly
after convolutional layer 5. The slice is the same as the one
shown in Figure 6.1a.
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Figure 6.F.6: Feature map visualizations of the trained CNN from Experiment I. These visualization were obtained by passing a
T1w slice through the network, and showing the results directly
after convolutional layer 6. The slice is the same as the one
shown in Figure 6.1a.
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Time comparison between DeepDicomSort, HeuDiConv,
and manual sorting

We estimated the potential time that can be saved by using DeepDicomSort to sort
a dataset instead of doing so by hand or using HeuDiConv. We did so by assuming
the hypothetical situation where one has an automated tool that requires the T1wC
and T2w-FLAIR scans as inputs, and we compared the time needed to find the T1wC
and T2w-FLAIR scans for all subjects and sessions in the brain tumour test set. The
manual sorting was simulated by iterating over all scans in a session in random order
until either the T1wC and T2w-FLAIR scans were found or until there were no more
scans to check. The sorting of the dataset using HeuDiConv or DeepDicomSort was
simulated by first iterating over all scans that were predicted as a T1wC or T2w-FLAIR
by these methods, and checking whether that prediction was correct. If the predicted
scan type was incorrect, the same approach as for the manual sorting was followed to
find the correct scans. We assumed that, on average, a human required 25 seconds
per scan to visually identify the correct scan type. By multiplying this time per scan
with the total number of scans that were iterated over, we obtained an estimate for
the total time taken by each method to find the T1wC and T2w-FLAIR scans. We
used the brain tumour test set to evaluate the timing results, since HeuDiConv was
only optimized for the brain tumour dataset.

6.G.1

Results

The time required to identify the T1wC and T2w-FLAIR scan for each session in the
brain tumour test set by hand was estimated to be 29.0 hours. The estimated time
required to check and correct the automated scan type recognition by HeuDiConv was
35.7 hours, which excludes the time required to construct the heuristic. If the automated scan type recognition was done by DeepDicomSort instead, we estimated that
12.3 hours of manual time were required. The time required to run the DeepDicomSort
pipeline on the dataset was 61.5 minutes using an Intel Xeon Processor E5–2690 v3
for pre-processing and post-processing, and an Nvidia Tesla K40m GPU to classify the
samples using the CNN. If the scans identified by DeepDicomSort were used without
a manual check, in which case the total sorting time was only 61.5 minutes, 527 scans
would have been correctly identified. Four scans would have been incorrectly identified
as a T1wC or T2w-FLAIR scan, for one session the T1wC scan would not have been
found, and for eight sessions the T2w-FLAIR scan would not have been found.
It should be noted that with the automated methods (DeepDicomSort and HeuDiConv), one gets a fully sorted dataset, whereas the sorting by hand still requires the
sorting of the scans that were not yet identified.
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7

The Erasmus Glioma Database (EGD) contains structural
magnetic resonance imaging (MRI) scans, genetic and histological
features (specifying the WHO 2016 subtype), and whole tumour
segmentations of patients with glioma. Preoperative MRI data of
774 patients with glioma (281 female, 492 male, 1 unknown, age
range 19–86 years) treated at the Erasmus MC between 2008 and
2018 is available. For all patients a pre-contrast T1-weighted,
post-contrast T1-weighted, T2-weighted, and T2-weighted FLAIR
scan are available, made on a variety of scanners from four
different vendors. All scans are registered to a common atlas
and defaced. Genetic and histological data consists of the IDH
mutation status (available for 467 patients), 1p/19q co-deletion
status (available for 259 patients), and grade (available for 716
patients). The full WHO 2016 subtype is available for 415 patients. Manual segmentations are available for 374 patients and
automatically generated segmentations are available for 400 patients. The dataset can be used to relate the visual appearance of
the tumour on the scan with the genetic and histological features,
and to develop automatic segmentation methods.

Based on: S. R. van der Voort, F. Incekara, M. M. J. Wijnenga, G. Kapsas, R. Gahrmann,
J. W. Schouten, H. J. Dubbink, A. J. P. E. Vincent, M. J. van der Bent, P. J. French, S. Klein, and
M. Smits, “The Erasmus Glioma Database (EGD): Structural MRI scans, WHO 2016 subtypes, and
segmentations of 774 patients with glioma,” Data in Brief, vol. 37, art. no. 107191, Aug. 2021. doi:
10.1016/j.dib.2021.107191
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Value of the data

• This dataset provides imaging data, genetic and histological data, and outlined
tumours from a large number of patients with glioma. Currently, limited data is
available that provides all this information for a single patient cohort. Data has
been collected from routine clinical care, thus representing the real-life variability
of the data. This real-life, heterogenous nature of the data, in combination with
its size, makes the dataset a valuable resource.
• This dataset will be beneficial for researchers working on the analysis of glioma
based on MRI scans.
• This data can be used to validate or develop radiomics methods and automated
segmentation methods. For example, the data can be used as a large, heterogenous independent test set, or to increase the size and heterogeneity of train sets
for developing new methods.

7.2

Data description

The Erasmus Glioma Database (EGD) contains 774 patients with glioma and provides
three different sources of data:
1. Structural magnetic resonance imaging (MRI) scans
2. Genetic and histological labels specifying the World Health Organization (WHO)
2016 subtype
3. Tumour segmentations
An overview of the data is presented in Table 7.1. The data is available on an XNAT
server which allows access to the data through an API [77]. We have also created a
Docker image that can be used to download the data locally according to the data
structure described in this paper: https://github.com/Svdvoort/egd-downloader.

7.2.1

Structural MRI scans

For all patients four types of structural MRI scans are available: pre-contrast T1weighted (T1w), post-contrast T1-weighted (T1wC), T2-weighted (T2w), and T2weighted fluid attenuated inversion recovery (T2w-FLAIR). These scans are provided
as NIfTI files named “T1.nii.gz”, “T1GD.nii.gz”, “T2.nii.gz”, and “FLAIR.nii.gz”,
with one folder per subject containing all four scans. Scans have been converted from
DICOM to NIfTI using dcm2niix version v1.0.20190410 [193], and have been registered
to the MNI atlas using Elastix version 5.0.0 [209, 210]. An overview of the MRI
vendor (DICOM tag (0008, 0070)), scanner model (DICOM tag (0008,1090)), and
field strength (DICOM tag (0018,0087)) per patient is provided in the accompanying
excel sheet “Scan_characteristics.xlsx”.
Clinical data is provided in the Excel sheet “Clinical_data.xlsx”, which includes
the patient age in years at the time of the scan and the patient sex. When the patient
age or sex is unknown this is indicated by the label -1.

7

150

7

Chapter 7. Erasmus Glioma Database

Subject

Medical imaging, clinical genetics

Specific subject area

Structural MRI scans, WHO 2016 subtypes, tumour
segmentations of patients with glioma.

Type of data

MRI data (NIfTI files):
Pre-contrast T1-weighted
Post-contrast T1-weighted
T2-weighted
T2-weighted FLAIR
Genetic and histological data (Excel files):
IDH mutation status
1p/19q co-deletion status
Grade
Tumour segmentations (NIfTI files)

How data were acquired

MRI scans were acquired on a variety of scanners and
field strengths from four different vendors.
Genetic and histological data were obtained by analysis
of tumour tissue obtained from biopsy or resection.
Whole tumour segmentations were manually annotated
by one of four different observers or automatically
generated using a convolutional neural network [208].

Description of data
collection

Patients with glioma treated at the Erasmus MC
between 2008 and 2018 were retrospectively included.
Preoperative imaging was acquired according to routine
clinical protocols.
IDH mutation status, 1p/19q co-deletion status, and
grade were determined either as part of the treatment
process or for research purposes.

Data source location

Erasmus MC (University Medical Center Rotterdam),
Rotterdam, The Netherlands

Data accessibility

Repository name: Health-RI XNAT
Data identification number: EGD
Direct URL to data:
https://xnat.bmia.nl/data/archive/projects/egd

Related research article

S.R. van der Voort, F. Incekara, M.M.J. Wijnenga,
G. Kapsas, R. Gahrmann, J.W. Schouten, R. Nandoe
Tewarie, G.J. Lycklama, P.C. De Witt Hamer, R.S.
Eijgelaar, P.J. French, H.J. Dubbink, A.J.P.E. Vincent,
W.J. Niessen, M.J. van den Bent, M. Smits, and S. Klein,
“WHO 2016 subtyping and automated segmentation of
glioma using multi-task deep learning”, submitted

Table 7.1: Specifications of the data.
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Genetic and histological labels

Genetic labels consist of the isocitrate dehydrogenase (IDH) mutation status and
the 1p/19q co-deletion status; histological labels consist of the tumour grade. These
genetic and histological labels allow for the specification of the WHO 2016 subtype [10].
IDH mutation status is available for 467 patients, 1p/19q co-deletion data is available
for 259 patients, and tumour grade is available for 716 patients; a detailed overview is
given in Figure 7.1. For 222 patients the IDH mutation status, 1p/19q co-deletion
status, and tumour grade are all known. For 193 patients the IDH mutation status
and grade are known where the tumour was either IDH-wildtype or was a grade IV
tumour, obviating the need for the 1p/19q co-deletion status to determine the WHO
2016 subtype. Thus, the full WHO 2016 subtype is available for 415 patients.
The genetic and histological labels for each patient are available as an Excel sheet:
“Genetic_and_Histological_labels.xlsx”. For the IDH mutation status and the 1p/19q
co-deletion status patients have either label 1 (when the tumour was IDH-mutated or
1p/19q co-deleted, respectively) or label 0 (when the tumour was IDH-wildtype or
1p/19q intact, respectively). Grade is indicated with label 2, 3, or 4 for WHO grade
II, III, or IV, respectively. For all cases missing data is indicated by the label -1.

7.2.3

Tumour segmentations

For 374 patients a manually annotated whole tumour segmentation and for 400 patients
an automatic whole tumour segmentation is available as “MASK.nii.gz” in the patient
subfolder, alongside the four scans. A label of 1 indicates tumour, and a label of
0 indicates background. The manual tumour segmentations were made by one of
four different observers based on either the T2w scan or the T2w-FLAIR scan. The
automatic tumour segmentations were made based on the T1w scan, the T1wC scan,
the T2w scan, and the T2w-FLAIR scan using a convolutional neural network (CNN)
[208]. This CNN was trained using the manually segmented scans (in addition to
other manually segmented scans not included in this data release), therefore, the CNN
was not used to create automatic segmentations for the manually segmented scans.
The Excel sheet “Segmentation_source.xlsx” provides an overview of the observer of
the segmentation, indicated as OBS1, OBS2, OBS3, or OBS4 for the four manual
observers or as AUTO if the segmentation was made by the CNN. The scan that was
used as the basis of the segmentation for the manually annotated scans is also specified
in this Excel sheet.
The data that is available in the Excel sheets (the scanner data, clinical data, genetic
and histological labels, and information about the segmentation) is also available in
each patient folder as “metadata.json” to allow for easier automatic processing.

7.3

Experimental design, materials and methods

Data was retrospectively collected for patients with diffuse glioma who were treated at
the Erasmus MC, The Netherlands, between 2008 and 2018. Patients were included if
they were at least 18 years old and if preoperative T1w, T1wC, T2w, and T2w-FLAIR
were available.
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Figure 7.1: Overview of number of patients with available genetic and histological data and the overlap between different groups. The WHO
2016 subtype is available for the 222 patients for which the IDH
mutation status, 1p/19q co-deletion status, and tumour grade
is known and for the 193 patients for which the IDH mutation
status and tumour grade is known.

7

7.3.1

Imaging

Scans were retrospectively collected from the imaging that was performed as part
of the routine clinical care for each patient. Scans were acquired on scanners from
four vendors: Siemens (347 patients), Philips (254 patients), GE (172 patients), and
Toshiba (1 patient), using a field strength of 3 T (83 patients), 1.5 T (571 patients),
1 T (110 patients), or 0.5 T (6 patients). For 4 patients the field strength was not
known.
All scans were registered to the MNI152 atlas, version ICBM 2009a nonlinear
symmetric, which has a voxel size of 1 × 1 × 1 mm3 and a size of 197 × 233 × 189 voxels
[106, 107]. The scans were affinely registered using Elastix version 5.0.0 [209, 210].
The pre- and post-contrast T1w scans were registered to the T1w atlas; the T2w and
T2w-FLAIR scans were registered to the T2w atlas. When a manual segmentation
was available for a patient, the registration parameters that resulted from registering
the scan used during the segmentation were used to transform the segmentation to
the atlas. Registration parameters are available at the Elastix Model Zoo under ID
Par0064 (https://elastix.lumc.nl/modelzoo/par0064/).
After image registration, the scans were then defaced using a mask that was created
based on the MNI atlas; this mask is available as “Deface_mask.nii.gz”. All voxels
outside this mask were set to 0, voxels within the mask kept their original value. The
defacing mask included as much of the skull as possible, while ensuring the privacy of
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the patient by removing the characteristic facial features. For future processing of the
dataset a brain mask that can be used for skull stripping is also included, available as
“Brain_mask.nii.gz”. This brain mask was made using HD-BET [211].

7.3.2

Genetics

Genetic and histological features were determined from tumour tissue that was obtained
through biopsy or resection as part of the routine clinical care. Formalin-fixed-paraffinembedded (FFPE) tissue sections were macro-dissected, selected for areas with highest
tumour content as marked by the neuro-pathologist. DNA was isolated from these
sections as described by Wijnenga et al. [110]. A dedicated sequencing panel was then
used for the molecular analysis to screen for IDH1 or IDH2 mutations and 1p/19q
co-deletion [8].

7.3.3

Segmentation

Manual segmentations were made using SimpleITK v3.6.0 [49] or BrainLab (BrainLab,
Feldkirchen, Germany, version 2.1.0.15), with which the whole tumour was segmented
based on the hyperintensities on either the T2w scan or the T2w-FLAIR scan. Manual
segmentations were made based on the scans before registration to the atlas.
Automatic segmentations were based on the registered scans, and were generated
using a CNN; for more details see Van der Voort et al. [208].
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later amendments or comparable ethical standards.
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Abstract

8

Accurate characterization of glioma is crucial for clinical
decision making. A delineation of the tumour is also desirable in
the initial decision stages but is a time-consuming task. Leveraging the latest GPU capabilities, we developed a single multi-task
convolutional neural network that uses the full 3D, structural,
preoperative MRI scans to predict the IDH mutation status, the
1p/19q co-deletion status, and the grade of a tumour, while simultaneously segmenting the tumour. We trained our method using
the largest, most diverse patient cohort to date containing 1508
glioma patients from 16 institutes. We tested our method on an
independent dataset of 240 patients from 13 different institutes.
Our method achieved an AUC of 0.90 for the IDH mutation prediction, an AUC of 0.85 for the 1p/19q co-deletion prediction, an
AUC of 0.81 for the grade prediction, and a mean whole tumour
DICE score of 0.84. Thus, our method non-invasively predicts
multiple, clinically relevant parameters and generalizes well to
the broader clinical population.

Based on: S. R. van der Voort* , F. Incekara* , M. M. J. Wijnenga, G. Kapsas, R. Gahrmann,
J. W. Schouten, R. Nandoe Tewarie, G. J. Lycklama à Nijeholt, P. C. De Witt Hamer, R. S. Eijgelaar,
P. J. French, H. J. Dubbink, A. J. P. E. Vincent, W. J. Niessen, M. J. van der Bent, M. Smits,
and S. Klein, “WHO 2016 subtyping and automated segmentation of glioma using multi-task deep
learning,” Submitted. arXiv: 2010.04425 [eess.IV]
* Contributed equally
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Introduction

Glioma is the most common primary brain tumour and is one of the deadliest forms of
cancer [212]. Differences in survival and treatment response of glioma are attributed
to their genetic and histological features, specifically the isocitrate dehydrogenase
(IDH) mutation status, the 1p/19q co-deletion status, and the tumour grade [8, 9].
Therefore, in 2016 the World Health Organization (WHO) updated its brain tumour
classification, categorizing glioma based on these genetic and histological features [10].
In current clinical practice, these features are determined from tumour tissue. While
this is not an issue in patients in whom the tumour can be resected, this is problematic
when resection can not safely be performed. In these instances, surgical biopsy is
performed with the sole purpose of obtaining tissue for diagnosis, which, although
relatively safe, is not without risk [21, 213]. Therefore, there has been an increasing
interest in complementary non-invasive alternatives that can provide the genetic and
histological information used in the WHO 2016 subtyping [214, 215].
Magnetic resonance imaging (MRI) has been proposed as a possible candidate
because of its non-invasive nature and its current place in routine clinical care [216].
Research has shown that certain MRI features, such as a heterogeneous tumour
appearance, correlate with the genetic and histological features of glioma [29, 217].
This notion has popularized, in addition to already popular applications such as tumour
segmentation, the use of machine learning methods for the prediction of genetic and
histological features, known as radiomics [35, 218, 219]. Although a plethora of such
methods now exist, they have found little translation to the clinic [218].
An often discussed challenge for the adoption of machine learning methods in
clinical practice is the lack of standardization, resulting in heterogeneity of patient
populations, imaging protocols, and scan quality [32, 220]. Since machine learning
methods are prone to overfitting, this heterogeneity questions the validity of such
methods in a broader patient population [220]. Furthermore, it has been noted that
most current research concerns narrow task-specific methods that lack the context
between different related tasks, which might restrict the performance of these methods
[221].
An important technical limitation when using deep learning methods is the limited
GPU memory, which restricts the size of models that can be trained [222]. This is a
problem especially for medical imaging data, which is often 3D, requiring even more
memory than the commonly used 2D networks. This further limits the size of these
models resulting in shallower models, which are based on patches of a scan rather
than the full 3D scan, which limits the amount of context these methods can extract
from the scans.
Here, we present a new method that addresses the above problems. Our method
consists of a single, multi-task convolutional neural network (CNN) that can predict the
IDH mutation status, the 1p/19q co-deletion status, and the grade (grade II/III/IV)
of a tumour, while also simultaneously segmenting the tumour, see Figure 8.1. To the
best of our knowledge, this is the first method that provides all of this information at
the same time, allowing clinical experts to derive the WHO 2016 subtype from the
individually predicted genetic and histological features, while also allowing them to
consider or disregard specific predictions as they deem fit. Exploiting the capabilities
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of the latest GPUs, optimizing our implementation to reduce the memory footprint,
and using distributed multi-GPU training, we were able to train a model that uses
the full 3D scan as an input. We trained our method using the largest, most diverse
patient cohort to date, with 1508 patients included from 16 different institutes. To
ensure the broad applicability of our method, we used minimal inclusion criteria, only
requiring the four most commonly used MRI sequences: pre-contrast T1-weighted
(T1w), post-contrast T1-weighted (T1wC), T2-weighted (T2w), and T2-weighted fluid
attenuated inversion recovery (T2w-FLAIR) [223, 224]. No constraints were placed
on the patients’ clinical characteristics, such as the tumour grade, or the radiological
characteristics of scans, such as the scan quality. In this way, our method could capture
the heterogeneity that is naturally present in clinical data. We tested our method on
an independent dataset of 240 patients from 13 different institutes, to evaluate the
true generalizability of our method. Our results show that we can predict multiple
clinical features of glioma from MRI scans in a diverse patient population.
MRI scans

Preprocessed
scans

Convolutional
neural network

Segmentation

WHO 2016
categorization
IDH status

8

Wildtype

Mutated

1p/19q status
Intact

Co-deleted

Grade
II

III

IV

Figure 8.1: Overview of our method. T1w, T1wC, T2w, and T2w-FLAIR
scans are used as an input. The scans are registered to an atlas,
bias field corrected, skull stripped, and normalized before being
passed through our convolutional neural network. One branch
of the network segments the tumour, while at the same time the
features are combined to predict the IDH status, 1p/19q status,
and grade of the tumour.
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Results
Patient characteristics

We included a total of 1748 patients in our study, 1508 as a train set and 240 as an
independent test set. The patients in the train set originated from nine different data
collections and 16 different institutes, and the test set was collected from two different
data collections and 13 different institutes. Table 8.1 provides a full overview of the
patient characteristics in the train and test set, and Figure 8.2 shows the inclusion
flowchart and the distribution of the patients over the different data collections in the
train set and test set.
Train set

Test set

N

%

N

%

1508

100.0

240

100.0

226
440
842

15.0
29.2
55.8

88
129
23

36.7
53.7
9.6

103
337
1068

6.8
22.4
70.8

26
207
7

10.8
86.3
2.9

Grade
II
III
IV
Unknown

230
114
830
334

15.3
7.6
55.0
22.1

47
59
132
2

19.6
24.6
55.0
0.8

WHO 2016 subtype
Oligodendroglioma
Astrocytoma, IDH-mutated
Astrocytoma, IDH-wildtype
GBM, IDH-mutated
GBM, IDH-wildtype
Unknown

96
98
31
16
331
936

6.4
6.4
2.1
1.1
21.9
62.1

26
57
22
5
106
24

10.8
23.7
9.2
2.1
44.2
10.0

Segmentation
Manual
Automatic

716
792

47.5
52.5

240
0

100.0
0.0

Total
IDH status
Mutated
Wildtype
Unknown
1p/19q co-deletion status
Co-deleted
Intact
Unknown

Table 8.1: Patient characteristics for the train set and test set. Abbreviations:
IDH: isocitrate dehydrogenase, WHO: World Health Organization,
GBM: glioblastoma multiforme.
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Patient screening
Train set
2181 Glioma patients
1241
491
168
130
66
39
20
20
6

Erasmus MC
Haaglanden Medical Centre
BraTS
REMBRANDT
CPTAC-GBM
Ivy GAP
Amsterdam UMC
Brain-Tumor-Progression
University Medical Center Utrecht

Test set
461 Glioma patients
199 TCGA-LGG
262 TCGA-GBM

Patient inclusion
Train set
1508 Patients in train set

8

816
279
168
109
51
39
20
20
6

Erasmus MC
Haaglanden Medical Centre
BraTS
REMBRANDT
CPTAC-GBM
Ivy GAP
Amsterdam UMC
Brain-Tumor-Progression
University Medical Center Utrecht

Patient exclusion
Train set
673 No preoperative
pre-, or post-contrast T1w,
T2w, or T2w-FLAIR
425
212
0
21
15
0
0
0
0

Erasmus MC
Haaglanden Medical Centre
BraTS
REMBRANDT
CPTAC-GBM
Ivy GAP
Amsterdam UMC
Brain-Tumor-Progression
University Medical Center Utrecht

Test set
221 No preoperative
pre-, or post-contrast T1w,
T2w, or T2w-FLAIR
92 TCGA-LGG
129 TCGA-GBM

Test set
240 Patients in test set
107 TCGA-LGG
133 TCGA-GBM

Figure 8.2: Inclusion flowchart of the train set and test set.

8.2. Results

8.2.2

161

Algorithm performance

We used 15% of the train set as a validation set and selected the model parameters
that achieved the best performance on this validation set. In the validation set, using
the optimal hyperparameters, the model achieved an area under the receiver operating
characteristic curve (AUC) of 0.88 for the IDH mutation status prediction, an AUC of
0.76 for the 1p/19q co-deletion prediction, an AUC of 0.75 for the grade prediction,
and a mean segmentation DICE score of 0.81. The selected model parameters are
shown in Appendix 8.A. We then trained a model using these parameters and the full
train set, and evaluated it on the independent test set.
In the test set, we achieved an AUC of 0.90 for the IDH mutation status prediction,
an AUC of 0.85 for the 1p/19q co-deletion prediction, and an AUC of 0.81 for the
grade prediction. The full results are shown in Table 8.2, with the corresponding
receiver operating characteristic (ROC)-curves in Figure 8.3. Table 8.2 also shows the
results in (clinically relevant) subgroups of patients. This shows that we achieved an
IDH-AUC of 0.81 in low grade glioma (LGG) (grade II/III), an IDH-AUC of 0.64 in
high grade glioma (HGG) (grade IV), and a 1p/19q-AUC of 0.73 in LGG. When only
predicting LGG vs. HGG instead of predicting the individual grades, we achieved an
AUC of 0.91. In Appendix 8.B we provide confusion matrices for the IDH mutation
status, 1p/19q co-deletion status, and grade predictions, as well as a confusion matrix
for the final WHO 2016 subtype, which shows that only one patient was predicted
as a non-existing WHO 2016 subtype. In Appendix 8.C we provide the individual
predictions and ground truth labels for all patients in the test set to allow for the
calculation of additional metrics.
For the automatic segmentation, we achieved a mean DICE score of 0.84, a mean
Hausdorff distance of 18.9 mm, and a mean volumetric similarity coefficient of 0.90.
Figure 8.4 shows boxplots of the DICE scores, Hausdorff distances, and volumetric
similarity coefficients for the different patients in the test set. In Appendix 8.D we show
five patients that were randomly selected from both the TCGA-LGG and TCGA-GBM
data collections, to demonstrate the automatic segmentations made by our method.

8.2.3

Model interpretability

To provide insight into the behavior of our model we created saliency maps, which
show which parts of the scans contributed the most to the prediction. These saliency
maps are shown in Figure 8.5 for two example patients from the test set. It can be
seen that for the LGG patient the network focused on a bright rim in the T2w-FLAIR
scan, whereas for the HGG patient the network focused on the enhancement in the
T1wC scan. To aid further interpretation, we provide visualizations of selected filter
outputs in the network in Appendix 8.E, which also show that the network focuses on
the tumour, and these filters seem to recognize specific imaging features such as the
contrast enhancement in the T1wC scan and T2w-FLAIR brightness.

8.2.4

Model robustness

By not excluding scans from our train set based on radiological characteristics, we
were able to make our model robust to low scan quality, as can be seen in an example
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Prediction task

AUC

Accuracy

Sensitivity

Specificity

0.90
0.85
0.81
0.91
0.69
0.91
0.91

0.84
0.89
0.71
0.86
0.75
0.82
0.84

0.72
0.39
N/A
0.75
0.17
0.95
0.72

0.93
0.95
N/A
0.89
0.94
0.66
0.93

0.81
0.73

0.74
0.76

0.73
0.39

0.77
0.89

0.64

0.94

0.40

0.96

All patients
IDH
1p/19q
Grade (II/III/IV)
Grade II
Grade III
Grade IV
LGG vs HGG
LGG patients
IDH
1p/19q
HGG patients
IDH

Table 8.2: Evaluation results of the final model on the test set. Abbreviations:
AUC: area under the receiver operating characteristic curve, IDH:
isocitrate dehydrogenase, LGG: low grade glioma, HGG: high
grade glioma.

8

from the test set in Figure 8.6. Even though this example scan contained imaging
artifacts, our method was able to properly segment the tumour (DICE score of 0.87),
and correctly predicted the tumour as an IDH-wildtype, grade IV tumour.
Finally, we considered two examples of scans that were incorrectly predicted by
our method, see Figure 8.7. These two examples were chosen because our network
assigned high prediction scores to the wrong classes for these cases. Figure 8.7a shows
an example of an IDH-mutated, 1p/19q co-deleted, grade II glioma that was predicted
as IDH-wildtype, 1p/19q intact, grade IV by our method. Our method’s prediction
was most likely caused by the hyperintensities in the T1wC scan being interpreted as
contrast enhancement. Since these hyperintensities are also present in the pre-contrast
T1w scan they are most likely calcifications, and the radiological appearance of this
tumour is indicative of an oligodendroglioma. Figure 8.7b shows an example of an
IDH-wildtype, 1p/19q intact, grade IV glioma that was predicted as a IDH-mutated,
1p/19q intact, grade III glioma by our method.
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1.0

Sensitivity

0.8

0.6

0.4
IDH

0.2

(AUC: 0.90)

1p/19q

(AUC: 0.85)

Grade II

(AUC: 0.91)

Grade III (AUC: 0.69)
Grade IV (AUC: 0.91)

0.0
0.0

0.2

0.4

0.6

1 - specificity

0.8

1.0

Figure 8.3: Receiver operating characteristic (ROC)-curves of the genetic
and histological features, evaluated on the test set. The crosses
indicate the location of the decision threshold for the reported
accuracy, sensitivity, and specificity.
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80

0.9

DICE

0.8
0.7
0.6
0.5
0.4

0.87
0.84

1.0

70
60
50
40
30
20
10

18.9
15.2

Volumetric similarity

1.0

Hausdorff distance (mm)
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0.9

0.92
0.90

0.8
0.7
0.6
0.5
0.4

0

8

Median

Mean

Figure 8.4: DICE scores, Hausdorff distances, and volumetric similarity
coefficients for all patients in the test set. The DICE score is a
measure of the overlap between the ground truth and predicted
segmentation (where 1 indicates perfect overlap). The Hausdorff
distance is a measure of the agreement between the boundaries
of the ground truth and predicted segmentation (lower is better). The volumetric similarity coefficient is a measure of the
agreement in volume (where 1 indicates perfect agreement).
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T1wC

T2w

T2w-FLAIR

(a) Saliency maps of a low grade glioma patient (TCGA-DU-6400). This is an IDH-mutated,
1p/19q co-deleted, grade II tumour. The network focuses on a rim of brightness in the
T2w-FLAIR scan.

8
T1w

T1wC

T2w

T2w-FLAIR

(b) Saliency maps of a high grade glioma patient (TCGA-06-0238). This is an IDH-wildtype,
grade IV tumour. The network focuses on enhancing spots around the necrosis on the
T1wC scan.

Figure 8.5: Saliency maps of two patients from the test set, showing areas
that are relevant for the prediction.
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Figure 8.6: Example of a T2w-FLAIR scan containing imaging artifacts,
and the automatic segmentation (pink outline) made by our
method. It was correctly predicted as an IDH-wildtype, grade IV
glioma. This is patient TCGA-06-5408 from the TCGA-GBM
collection.
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T1w

167

T1wC

T2w

T2w-FLAIR

(a) TCGA-DU-6410 from the TCGA-LGG collection. The ground truth histopathological
analysis indicated this glioma was IDH-mutated, 1p/19q co-deleted, grade II, but our
method predicted it as IDH-wildtype, 1p/19q intact, grade IV.

8
T1w

T1wC

T2w

T2w-FLAIR

(b) TCGA-76-6664 from the TCGA-HGG collection. Histopathologically this glioma was
IDH-wildtype, 1p/19q intact, grade IV, but our method predicted it as IDH-mutated,
1p/19q intact, grade III.

Figure 8.7: Examples of scans that were incorrectly predicted by our method.
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Discussion

We have developed a method that can, based on preoperative MRI scans, predict
the IDH mutation status, 1p/19q co-deletion status, and grade of glioma, while
simultaneously providing the tumour segmentation.
In an independent test set, which contained data from 13 different institutes, we
demonstrated that our method predicts these features with good overall performance;
we achieved an AUC of 0.90 for the IDH mutation status prediction, an AUC of 0.85
for the 1p/19q co-deletion prediction, and an AUC of 0.81 for the grade prediction, and
a mean whole tumour DICE score of 0.84. This performance on unseen data, that was
only used during the final evaluation of the algorithm and that was purposefully not
used to guide any decisions regarding the method design, shows the true generalizability
of our method. Using the latest GPU capabilities we were able to train a large model,
which uses the full 3D scan as input. Furthermore, by using the largest, most diverse
patient cohort to date we were able to make our method robust to the heterogeneity
that is naturally present in clinical imaging data, such that it generalizes for broad
application in clinical practice.
By using a multi-task network, our method could learn the context between different
features. For example, IDH-wildtype and 1p/19q co-deletion are mutually exclusive
[13]. If two separate methods had been used, one to predict the IDH status and one
to predict the 1p/19q co-deletion status, an IDH-wildtype glioma might be predicted
to be 1p/19q co-deleted, which does not stroke with the clinical reality. Since our
method learns both of these genetic features simultaneously, it correctly learned not
to predict 1p/19q co-deletion in tumours that were IDH-wildtype; there was only one
patient for whom our algorithm predicted a tumour to be both IDH-wildtype and
1p/19q co-deleted. Furthermore, by predicting the genetic and histological features
individually, instead of only predicting the WHO 2016 subtype, it is possible to adopt
updated guidelines such as cIMPACT-NOW, future-proofing our method [12].
Some previous studies also used multi-task networks to predict the genetic and histological features of glioma [225, 226, 227]. Tang et al. [225] used a multi-task network
that predicts multiple genetic features, as well as the overall survival of glioblastoma.
Since their method only works for glioblastoma patients, the tumour grade must be
known in advance, complicating the use of their method in the preoperative setting
when tumour grade is not yet known. Furthermore, their method requires a tumour
segmentation prior to application of their method, which is a time-consuming, expert
task. In a study by Xue et al. [226], a multi-task network was used, with a structure
similar to the one proposed in this paper, to segment the tumour and predict the
grade (LGG or HGG) and IDH mutation status. However, they do not predict the
1p/19q co-deletion status needed for the WHO 2016 subtyping. Lastly, Decuyper
et al. [227] used a multi-task network that predicts the IDH mutation and 1p/19q
co-deletion status, and the tumour grade (LGG or HGG). Their method requires
a tumour segmentation as input, which they obtain from a U-Net that is applied
earlier in their pipeline; thus, their method requires two networks instead of the single
network we use in our method. These differences aside, the most important limitation
of each of these studies is the lack of an independent test set for evaluating their
results. It is now considered essential that an independent test set is used, to prevent
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an overly optimistic estimate of a method’s performance [32, 43, 228, 229]. Thus, our
study improves on this previous work by providing a single network that combines the
different tasks, being trained on a more extensive and diverse dataset, not requiring
a tumour segmentation as an input, providing all information needed for the WHO
2016 subtyping, and, crucially, by being evaluated in an independent test set.
An important genetic feature that is not predicted by our method is the O6 methylguanine-methyltransferase (MGMT) methylation status. Although the MGMT
methylation status is not part of the WHO 2016 subtype, it is part of clinical management guidelines and is an important prognostic marker in glioblastoma [10]. In the
initial stages of this study, we attempted to predict the MGMT methylation status;
however, the performance of this prediction was poor. Furthermore, the methylation
cutoff level, which is used to determine whether a tumour is MGMT methylated, shows
a wide variety between institutes, leading to inconsistent results [230]. We therefore
opted not to include the MGMT prediction at all, rather than to provide a poor
prediction of an unsharply defined parameter. Although some methods attempted to
predict the MGMT status, with varying degrees of success, there is still an ongoing
discussion on the validity of MRI features of the MGMT status [225, 231, 232, 233,
234].
Our method shows good overall performance, but there are noticeable performance
differences between tumour categories. For example, when our method predicts a
tumour as an IDH-wildtype glioblastoma, it is correct almost all of the time. On
the other hand, it has some difficulty differentiating IDH-mutated, 1p/19q co-deleted
low-grade glioma from other low-grade glioma. The sensitivity for the prediction of
grade III glioma was low, which might be caused by the lack of a central pathology
review. Because of this, there were differences in molecular testing and histological
analysis, and it is known that distinguishing between grade II and grade III has a poor
observer reliability [7]. Although our method can be relevant for certain subgroups,
our method’s performance still needs to be improved to ensure relevancy for the full
patient population.
In future work, we aim to increase the performance of our method by including
perfusion-weighted imaging (PWI) and diffusion-weighted imaging (DWI) since there
has been an increasing amount of evidence that these physiological imaging modalities
contain additional information that correlates with the tumour’s genetic features and
aggressiveness [235, 236]. They were not included in this study since PWI and, to a
lesser extent, DWI are not as ingrained in the clinical imaging routine as the structural
scans used in this work [223, 224]. Thus, including these modalities would limit
our method’s clinical applicability and substantially reduce the number of patients
in the train and test set. However, PWI and DWI are increasingly becoming more
commonplace, which will allow including these in future research and which might
improve performance.
In conclusion, we have developed a non-invasive method that can predict the IDH
mutation status, 1p/19q co-deletion status, and grade of glioma, while at the same
time automatically segmenting the tumour, based on preoperative MRI scans with
high overall performance. Although the performance of our method might need to
be improved before it will find widespread clinical acceptance, we believe that this
research is an important step forward in the field of radiomics. Predicting multiple
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clinical features simultaneously steps away from the conventional single-task methods
and is more in line with the clinical practice where multiple clinical features are
considered simultaneously and may even be related. Furthermore, by not limiting
the patient population used to develop our method to a selection based on clinical or
radiological characteristics, we alleviate the need for a priori (expert) knowledge, which
may not always be available. Although steps still have to be taken before radiomics
will find its way into the clinic, especially in terms of performance, our work provides
a crucial step forward by resolving some of the hurdles of clinical implementation now,
and paving the way for a full transition in the future.

8.4
8.4.1

8

Methods
Patient population

The train set was collected from four in-house datasets and five publicly available
datasets. In-house datasets were collected from four different institutes: Erasmus MC,
University Medical Centre Rotterdam (EMC), Haaglanden Medical Centre (HMC),
Amsterdam UMC (AUMC) [237], and University Medical Center Utrecht (UMCU).
Four of the five public datasets were collected from The Cancer Imaging Archive
(TCIA) [149]: the Repository of Molecular Brain Neoplasia Data (REMBRANDT)
collection [191], the Clinical Proteomic Tumor Analysis Consortium Glioblastoma
Multiforme (CPTAC-GBM) collection [190], the Ivy Glioblastoma Atlas Project (Ivy
GAP) collection [184, 238], and the Brain-Tumor-Progression collection [183]. The
fifth dataset was the 2019 Brain Tumor Segmentation challenge (BraTS) challenge
dataset [239, 240, 241], from which we excluded the patients that were also available
in the TCGA-LGG and TCGA-GBM collections [185, 186].
For the internal datasets from the EMC and the HMC, manual segmentations
were available, which were made by four different clinical experts. For patients where
segmentations from more than one observer were available, we randomly picked one of
the segmentations to use in the train set. The segmentations from the AUMC data
were made by a single observer of the study by Visser et al. [237]. From the public
datasets, only the BraTS dataset and the Brain-Tumor-Progression dataset provided
manual segmentations. Segmentations of the BraTS dataset, as provided in the 2019
training and validation set were used. For the Brain-Tumor-Progression dataset, the
segmentations as provided in the TCIA data collection were used.
Patients were included if preoperative T1w, T1wC, T2w, and T2w-FLAIR scans
were available; no further inclusion criteria were set. For example, patients were not
excluded based on the radiological characteristics of the scan, such as low imaging
quality or imaging artifacts, or the glioma’s clinical characteristics such as the grade.
If multiple scans of the same contrast type were available in a single scan session (e.g.
multiple T2w scans), the scan upon which the segmentation was made was selected. If
no segmentation was available, or the segmentation was not made based on that scan
contrast, the scan with the highest axial resolution was used, where a 3D acquisition
was preferred over a 2D acquisition.
For the in-house data, genetic and histological data were available for the EMC,
HMC, and UMCU dataset, which were obtained from analysis of tumour tissue after
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biopsy or resection. Genetic and histological data of the public datasets were also
available for the REMBRANDT, CPTAC-GBM, and Ivy GAP collections. Data
for the REMBRANDT and CPTAC-GBM collections was collected from the clinical
data available at the TCIA [190, 191]. For the Ivy GAP collection, the genetic
and histological data were obtained from the Swedish Institute at https://ivygap.
swedish.org/home.
As a test set we used the TCGA-LGG and TCGA-GBM collections from the
TCIA [185, 186]. Genetic and histological labels were obtained from the clinical
data available at the TCIA. Segmentations were used as available from the TCIA,
based on the 2018 BraTS challenge [240, 242, 243]. The inclusion criteria for the
patients included in the BraTS challenge were the same as our inclusion criteria: the
presence of a preoperative T1w, T1wC, T2w, and T2w-FLAIR scan. Thus, patients
from the TCGA-LGG and TCGA-GBM were included if a segmentation from the
BraTS challenge was available. However, for three patients, we found that although
they did have manual segmentations, they did not meet our inclusion requirements:
TCGA-08-0509 and TCGA-08-0510 from TCGA-GBM because they did not have a
pre-contrast T1w scan and TCGA-FG-7634 from TCGA-LGG because there was no
T1wC scan.

8.4.2

Automatic segmentation in the train set

To present our method with a large diversity in scans, we wanted to include as many
patients in the train set as possible from the different datasets. Therefore, we performed
automatic segmentation in patients that did not have manual segmentations. To this
end, we used an initial version of our network (presented in Section 8.4.4), without the
additional layers that were needed for the prediction of the genetic and histological
features. This network was initially trained using all patients in the train set for whom
a manual segmentation was available, and this trained network was then applied to all
patients for whom a manual segmentation was not available. The resulting automatic
segmentations were inspected, and if their quality was acceptable, they were added to
the train set. The network was then trained again, using this increased dataset, and
was applied to scans that did not yet have a segmentation of acceptable quality. This
process was repeated until an acceptable segmentation was available for all patients,
which constituted our final, complete train set.

8.4.3

Pre-processing

For all datasets, except for the BraTS dataset for which the scans were already provided
in NIfTI format, the scans were converted from DICOM format to NIfTI format using
dcm2niix version v1.0.20190410 [193]. We then registered all scans to the MNI152 T1w
and T2w atlases, version ICBM 2009a Nonlinear Symmetric, which had a resolution of
1 × 1 × 1 mm3 and a size of 197 × 233 × 189 voxels [106, 107]. The scans were affinely
registered using Elastix 5.0.0 [209, 210]. The T1w and T1wC scans were registered
to the T1w atlas; the T2w and T2w-FLAIR scans were registered to the T2w atlas.
When a manual segmentation was available for patients from the in-house datasets,
the registration parameters that resulted from registering the scan used during the
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segmentation were used to transform the segmentation to the atlas. In the case of
the public datasets, we used the registration parameters of the T2w-FLAIR scans to
transform the segmentations.
After the registration, all scans were N4 bias field corrected using SimpleITK
version 1.2.4 [244]. A brain mask was made for the atlas using HD-BET, both for
the T1w atlas and the T2w atlas [211]. This brain mask was used to skull strip all
registered scans and crop them to a bounding box around the brain mask, reducing the
amount of background present in the scans, resulting in a scan size of 152 × 182 × 145
voxels. Subsequently, the scans were normalized such that for each scan, the average
image intensity was 0, and the standard deviation of the image intensity was 1 within
the brain mask. Finally, the background outside the brain mask was set to the
minimum intensity value within the brain mask.
Since the segmentation could sometimes be rugged at the edges after registration,
especially when the segmentations were initially made on low-resolution scans, we
smoothed the segmentation using a 3 × 3 × 3 median filter (this was only done in
the train set). For segmentations that contained more than one label, e.g. when the
tumour necrosis and enhancement were separately segmented, all labels were collapsed
into a single label to obtain a single segmentation of the whole tumour. The genetic
and histological labels and the segmentations of each patient were one-hot encoded.
The four scans, ground truth labels, and segmentation of each patient were then used
as the input to the network.

8.4.4

8

Model

We based the architecture of our model on the U-Net architecture, with some adaptations made to allow for a full 3D input and the auxiliary tasks [50]. Our network
architecture, which we have named PrognosAIs Structure-Net, or PS-Net for short,
can be seen in Figure 8.8.
To use the full 3D scan as an input to the network, we replaced the first pooling
layer that is usually present in the U-Net with a strided convolution, with a kernel
size of 9 × 9 × 9 and a stride of 3 × 3 × 3. In the upsampling branch of the network,
the last up-convolution is replaced by a deconvolution, with the same kernel size and
stride.
At each depth of the network, we have added global max-pooling layers directly
after the dropout layer, to obtain imaging features that can be used to predict the
genetic and histological features. We chose global pooling layers as they do not
introduce any additional parameters that need to be trained, thus keeping the memory
required by our model manageable. The features from the different depths of the
network were concatenated and fed into three different dense layers, one for each of
the genetic and histological outputs.
l2 kernel regularization was used in all convolutional layers, except for the last
convolutional layer used for the output of the segmentation. In total this model
contained 27,042,473 trainable an 2944 non-trainable parameters.
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Figure 8.8: Overview of the PrognosAIs Structure-Net (PS-Net) architecture
used for our model. The numbers below the different layers
indicate the number of filters, dense units, or features at that
layer. We have also indicated the feature map size at the different
depths of the network.
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Model training

Training of the model was done on eight NVidia RTX2080Ti’s with 11GB of memory,
using TensorFlow 2.2.0 [87]. To be able to use the full 3D scan as input to the network,
without running into memory issues, we had to optimize the memory efficiency of the
model training. Most importantly, we used mixed-precision training, which means that
most of the variables of the model (such as the weights) were stored in float16, which
requires half the memory of float32, which is typically used to store these variables
[245]. Only the last softmax activation layers of each output were stored as float32.
We also stored our pre-processed scans as float16 to further reduce memory usage.
However, even with these settings, we could not use a batch size larger than one.
It is known that a larger batch size is preferable, as it increases the stability of the
gradient updates and allows for a better estimation of the normalization parameters in
batch normalization layers [246]. Therefore, we distributed the training over the eight
GPUs, using the NCCL AllReduce algorithm, which combines the gradients calculated
on each GPU before calculating the update to the model parameters [247]. We also
used synchronized batch normalization layers, which synchronize the updates of their
parameters over the distributed models. In this way, our model had a virtual batch
size of eight for the gradient updates and the batch normalization layers parameters.
To provide more samples to the algorithm and prevent potential overtraining,
we applied four types of data augmentation during training: cropping, rotation,
brightness shifts, and contrast shifts. Each augmentation was applied with a certain
augmentation probability, which determined the probability of that augmentation type
being applied to a specific sample. When an image was cropped, a random number
of voxels between 0 and 20 was cropped from each dimension, and filled with zeros.
For the random rotation, an angle between −30◦ and 30◦ degrees was selected from a
uniform distribution for each dimension. The brightness shift was applied with a delta
uniformly drawn between 0 and 0.2, and the contrast shift factor was randomly drawn
between 0.85 and 1.15. We also introduced an augmentation factor, which determines
how often each sample was parsed as an input sample during a single epoch, where
each time it could be augmented differently.
For the IDH, 1p/19q, and grade output, we used a masked categorical cross-entropy
loss, and for the segmentation we used a DICE loss, see Appendix 8.F for details. We
used AdamW as an optimizer, which has shown improved generalization performance
over Adam by introducing the weight decay parameter as a separate parameter from
the learning rate [248]. The learning rate was automatically reduced by a factor of
0.25 if the loss did not improve during the last five epochs, with a minimum learning
rate of 1 · 10−11 . The model could train for a maximum of 150 epochs, and training
was stopped early if the average loss over the last five epochs did not improve. Once
the model was finished training, the weights from the epoch with the lowest loss were
restored.

8.4.6

Hyperparameter tuning

Hyperparameters involved in the training of the model needed to be tuned to achieve
the best performance. We tuned a total of six hyper parameters: the augmentation
factor, the augmentation probability, the dropout rate, the l2-norm, the optimizer’s

8.4. Methods

175

initial learning rate, and the optimizer’s weight decay. A full overview of the trained
parameters and the values tested for the different settings is presented in Appendix 8.A.
To tune these hyperparameters, we split the train set into a hyperparameter
training set (85 %/1282 patients of the full train data) and a hyperparameter validation
set (15 %/226 patients of the full train data). Models were trained for different
hyperparameter settings via an exhaustive search using the hyperparameter train set,
and then evaluated on the hyperparameter validation set. No data augmentation was
applied to the hyperparameter validation set to ensure that results between trained
models were comparable. The hyperparameters that led to the lowest overall loss in
the hyperparameter validation set were chosen as the optimal hyperparameters, these
optimal hyperparameters are shown in Appendix 8.A. We trained the final model
using these optimal hyperparameters and the full train set.

8.4.7

Post-processing

The predictions of the network were post-processed to obtain the final predicted labels
and segmentations for the samples. Since softmax activations were used for the genetic
and histological outputs, a prediction between 0 and 1 was outputted for each class,
where the individual predictions summed to 1. The final predicted label was then
considered as the class with the highest prediction score. For the prediction of LGG
(grade II/III) vs. HGG (grade IV), the prediction scores of grade II and grade III
were combined to obtain the prediction score for LGG, the prediction score of grade
IV was used as the prediction score for HGG. If a segmentation contained multiple
unconnected components, we only retained the largest component to obtain a single
whole tumour segmentation.

8.4.8

Model evaluation

The performance of the final trained model was evaluated on the independent test
set, comparing the predicted labels with the ground truth labels. For the genetic and
histological features, we evaluated the AUC, the accuracy, the sensitivity, and the
specificity using scikit-learn version 0.23.1, for details see Appendix 8.G [163]. We
evaluated these metrics on the full test set and in subcategories relevant to the WHO
2016 guidelines. We evaluated the IDH performance separately in the LGG (grade
II/III) and HGG (grade IV) subgroups, the 1p/19q performance in LGG, and we
also evaluated the performance of distinguishing between LGG and HGG instead of
predicting the individual grades.
To evaluate the performance of the segmentation, we calculated the DICE scores,
Hausdorff distances, and volumetric similarity coefficient comparing the automatic
segmentation of our method and the manual ground truth segmentations for all patients
in the test set. These metrics were calculated using the EvaluateSegmentation toolbox,
version 2017.04.25 [249], for details see Appendix 8.G.
To prevent an overly optimistic estimation of our model’s predictive value, we only
evaluated our model on the test set once all hyperparameters were chosen and the
final model was trained. In this way, the performance in the test set did not influence

8

176

Chapter 8. WHO 2016 subtyping and automated segmentation

decisions made during the development of the model, preventing possible overfitting
by fine-tuning to the test set.
To gain insight into the model, we made saliency maps that show which parts of
the scan contribute the most to the prediction of the CNN [250]. Saliency maps were
made using tf-keras-vis 0.5.2, changing the activation function of all output layers
from softmax to linear activations, using SmoothGrad to reduce the noisiness of the
saliency maps [250].
Another way to gain insight into the network’s behavior is to visualize the filter
outputs of the convolutional layers, as they can give some idea as to what operations the
network applies to the scans. We visualized the filter outputs of the last convolutional
layers in the downsample and upsample path at the first depth (at an image size of
49 × 61 × 51) of our network. These filter outputs were visualized by passing a sample
through the network and showing the convolutional layers’ outputs, replacing the
ReLU activation with linear activations.

Data availability
An overview of the patients included from the public datasets used in the training and
testing of the algorithm, and their ground truth label is available in Appendix 8.H.
The data from the public datasets are available in TCIA under the following DOIs:
• REMBRANDT: 10.7937/K9/TCIA.2015.588OZUZB
• CPTAC-GBM: 10.7937/k9/tcia.2018.3rje41q1
• Ivy GAP: 10.7937/K9/TCIA.2016.XLwaN6nL
• Brain-Tumor-Progression: 10.7937/K9/TCIA.2018.15quzvnb

8

• TCGA-LGG: 10.7937/K9/TCIA.2016.L4LTD3TK
• TCGA-GBM: 10.7937/K9/TCIA.2016.RNYFUYE9
The segmentations for the public datasets from the TCIA are available under the
following DOIs:
• Brain-Tumor-Progression: 10.7937/10.7937/K9/TCIA.2018.15quzvnb
• TCGA-LGG: 10.7937/K9/TCIA.2017.GJQ7R0EF
• TCGA-GBM: 10.7937/K9/TCIA.2017.KLXWJJ1Q
Data from the BraTS are available at http://braintumorsegmentation.org/.
Data of 774 patients from the Erasmus MC dataset are available at https://xnat.
bmia.nl/REST/projects/egd, and is described in a separate data publication [251].
Data from the other in-house datasets are not publicly available due to participant
privacy and consent.
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Code availability

The code used in this paper is available on GitHub under an Apache 2 license at
https://github.com/Svdvoort/PrognosAIs_glioma. This code includes the full
pipeline from registration of the patients to the final post-processing of the predictions.
The trained model is also available on GitHub, along with code to apply it to new
patients.
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Appendix
8.A

Parameter tuning
Tuning parameter

Tested values

Augmentation factor
Augmentation probability
Dropout rate
l2-norm
Learning rate
Weight decay

1, 2, 3
0.25, 0.30, 0.35, 0.40, 0.45
0.15, 0.2, 0.25, 0.30, 0.35, 0.40
1 · 10−4 , 1 · 10−5 , 1 · 10−6
1 · 10−2 , 1 · 10−3 , 1 · 10−4 , 1 · 10−5 , 1 · 10−6
1 · 10−3 , 1 · 10−4 , 1 · 10−5

Table 8.A.1: Hyperparameters that were tuned, and the values that were
tested. Values in bold show the selected values used in the final
model.
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Confusion matrices

Tables 8.B.1 to 8.B.3 show the confusion matrices for the IDH, 1p/19q, and grade
predictions, and Table 8.B.4 shows the confusion matrix for the WHO 2016 subtypes.
Table 8.B.2 shows that the algorithm mainly has difficulty recognizing 1p/19q
co-deleted tumours, which are mostly predicted as 1p/19q intact. Table 8.B.3 shows
that most of the incorrectly predicted grade III tumours are predicted as grade IV
tumours.
Table 8.B.4 shows that our algorithm often incorrectly predicts IDH-wildtype astrocytoma as IDH-wildtype glioblastoma. The latest cIMPACT-NOW guidelines propose
a new categorization, in which IDH-wildtype astrocytoma that show either TERT promoter methylation, or EFGR gene amplification, or chromosome 7 gain/chromosome
10 loss are classified as IDH-wildtype glioblastoma [12]. This new categorization
is proposed since the survival of patients with those IDH-wildtype astrocytoma is
similar to the survival of patients with IDH-wildtype glioblastoma [12]. From the 13
IDH-wildtype astrocytoma that were wrongly predicted as IDH-wildtype glioblastoma,
12 would actually be categorized as IDH-wildtype glioblastoma under this new categorization. Thus, although our method wrongly predicted the WHO 2016 subtype, it
might actually have picked up on imaging features related to the aggressiveness of the
tumour, which might lead to a better categorization.

Actual

Predicted
Wildtype

Mutated

Wildtype

120

9

Mutated

25

63

Table 8.B.1: Confusion matrix of the IDH predictions.

Actual

Predicted
Intact

Co-deleted

Intact

197

10

Co-deleted

16

10

Table 8.B.2: Confusion matrix of the 1p/19q predictions.
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Actual

Predicted
Grade II

Grade III

Grade IV

Grade II

35

6

6

Grade III

19

10

30

Grade IV

2

5

125

Table 8.B.3: Confusion matrix of the grade predictions.
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Table 8.B.4: Confusion matrix of the WHO 2016 predictions. The "other"
category indicates patients that were predicted as a non-existing
WHO 2016 subtype, for example IDH-wildtype, 1p/19q codeleted tumours. Only one patient (TCGA-HT-A5RC) was
predicted as a non-existing subtype. It was predicted as an
IDH-wildtype, 1p/19q co-deleted, grade IV tumour. Oligodendroglioma are IDH-mutated, 1p/19q co-deleted, grade II/III
glioma. IDH-mutated astrocytoma are IDH-mutated, 1p/19q
intact, grade II/III glioma. IDH-wildtype astrocytoma are IDHwildtype, 1p/19q intact, grade II/III glioma. IDH-mutated
glioblastoma are IDH-mutated, grade IV glioma. IDH-wildtype
glioblastoma are IDH-wildtype, grade IV glioma.
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Prediction results in the test set
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8.D

Segmentation examples

To demonstrate the automatic segmentations made by our method, we randomly
selected five patients from both the TCGA-LGG and the TCGA-GBM dataset. The
scans and segmentations of the five patients from the TCGA-LGG dataset are shown
in Figure 8.D.1, the scans and segmentations of the five patients from the TCGA-GBM
dataset are shown in Figure 8.D.2. The DICE score, Hausdorff distance, and volumetric
similarity coefficient for these patients are given in Table 8.D.1. The method seems to
mostly focus on the hyperintensities of the T2w-FLAIR scan. Despite the registrations
issues that can be seen for the T2w scan in Figure 8.D.2d the tumour was still properly
segmented, demonstrating the robustness of our method.
Patient

DICE

HD

VSC

0.89
0.80
0.73
0.87
0.88

10.3
5.8
7.8
14.9
11.2

0.95
0.82
0.88
0.90
0.99

0.82
0.91
0.90
0.90
0.73

22.6
13.0
7.3
16.5
19.7

0.99
0.98
0.93
0.99
0.73

TCGA-LGG
TCGA-DU-7301
TCGA-FG-5964
TCGA-FG-A713
TCGA-HT-7475
TCGA-HT-8106
TCGA-GBM
TCGA-02-0037
TCGA-08-0353
TCGA-12-1094
TCGA-14-3477
TCGA-19-5951

8

Table 8.D.1: The DICE score, Hausdorff distance (HD) (in mm), and volumetric similarity coefficient (VSC) for the randomly selected
patients from the TCGA-LGG and TCGA-GBM data collections.

8.D. Segmentation examples

T1w

183

T1wC

T2w

T2w-FLAIR

(a) TCGA-DU-7301.

(b) TCGA-FG-5964.

(c) TCGA-FG-A713.

8
(d) TCGA-HT-7475.

(e) TCGA-HT-8106.

Figure 8.D.1: Examples of scans and automatic segmentations of five patients that were randomly selected from the TCGA-LGG data
collection.
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T1w

T1wC

T2w

T2w-FLAIR

(a) TCGA-02-0037.

(b) TCGA-08-0353.

(c) TCGA-12-1094.
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(d) TCGA-14-3477.

(e) TCGA-19-5951.

Figure 8.D.2: Examples of scans and automatic segmentations of five patients that were randomly selected from the TCGA-GBM data
collection.
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Filter output visualizations

Figures 8.E.1 and 8.E.2 show the output of the convolution filters for the same LGG
patient as shown in Figure 8.5a, and Figures 8.E.3 and 8.E.4 show the output of the
convolution filters for the same HGG patient as shown in Figure 8.5b. Figures 8.E.1
and 8.E.3 show the outputs of the last convolution layer in the downsample path
at the feature size of 49 × 61 × 51 (the fourth convolutional layer in the network).
Figures 8.E.2 and 8.E.4 show the outputs of the last convolution layer in the upsample
path at the feature size of 49 × 61 × 51 (the nineteenth convolutional layer in the
network).
Comparing Figure 8.E.1b to Figure 8.E.2b and Figure 8.E.3b to Figure 8.E.4b we
can see that the convolutional layers in the upsample path do not keep a lot of detail
for the healthy part of the brain, as this region seems blurred. However, within the
tumour different regions can still be distinguished. The different parts of the tumour
from the scans can also be seen, such as the contrast-enhancing part on the T1wC
scan and the high signal intensity on the T2w-FLAIR. For the grade IV glioma in
Figure 8.E.4b, some filters, such as filter 26, also seem to focus on the necrotic part of
the tumour.
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T1w

T1wC

T2w

T2w-FLAIR

(a) Scans used to derive the convolutional layer filter output visualizations.

Filter 1 Filter 2 Filter 3 Filter 4 Filter 5 Filter 6 Filter 7 Filter 8

Filter 9 Filter 10 Filter 11 Filter 12 Filter 13 Filter 14 Filter 15 Filter 16

Filter 17 Filter 18 Filter 19 Filter 20 Filter 21 Filter 22 Filter 23 Filter 24

Filter 25 Filter 26 Filter 27 Filter 28 Filter 29 Filter 30 Filter 31 Filter 32
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Filter 33 Filter 34 Filter 35 Filter 36 Filter 37 Filter 38 Filter 39 Filter 40

Filter 41 Filter 42 Filter 43 Filter 44 Filter 45 Filter 46 Filter 47 Filter 48

Filter 49 Filter 50 Filter 51 Filter 52 Filter 53 Filter 54 Filter 55 Filter 56

Filter 57 Filter 58 Filter 59 Filter 60 Filter 61 Filter 62 Filter 63 Filter 64
(b) Filter output visualizations.

Figure 8.E.1: Filter output visualizations of the last convolutional layer
in the downsample path of the network at feature map size
49 × 61 × 51 for patient TCGA-DU-6400. This is an IDHmutated, 1p/19q co-deleted, grade II glioma.
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(a) Scans used to derive the convolutional layer filter output visualizations.

Filter 1 Filter 2 Filter 3 Filter 4 Filter 5 Filter 6 Filter 7 Filter 8

Filter 9 Filter 10 Filter 11 Filter 12 Filter 13 Filter 14 Filter 15 Filter 16

Filter 17 Filter 18 Filter 19 Filter 20 Filter 21 Filter 22 Filter 23 Filter 24

Filter 25 Filter 26 Filter 27 Filter 28 Filter 29 Filter 30 Filter 31 Filter 32

Filter 33 Filter 34 Filter 35 Filter 36 Filter 37 Filter 38 Filter 39 Filter 40

Filter 41 Filter 42 Filter 43 Filter 44 Filter 45 Filter 46 Filter 47 Filter 48

Filter 49 Filter 50 Filter 51 Filter 52 Filter 53 Filter 54 Filter 55 Filter 56

Filter 57 Filter 58 Filter 59 Filter 60 Filter 61 Filter 62 Filter 63 Filter 64
(b) Filter output visualizations.

Figure 8.E.2: Filter output visualizations of the last convolutional layer
in the upsample path of the network at feature map size
49 × 61 × 51 for patient TCGA-DU-6400. This is an IDHmutated, 1p/19q co-deleted, grade II glioma.
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T1w
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(a) Scans used to derive the convolutional layer filter output visualizations.

Filter 1 Filter 2 Filter 3 Filter 4 Filter 5 Filter 6 Filter 7 Filter 8

Filter 9 Filter 10 Filter 11 Filter 12 Filter 13 Filter 14 Filter 15 Filter 16

Filter 17 Filter 18 Filter 19 Filter 20 Filter 21 Filter 22 Filter 23 Filter 24

Filter 25 Filter 26 Filter 27 Filter 28 Filter 29 Filter 30 Filter 31 Filter 32
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Filter 33 Filter 34 Filter 35 Filter 36 Filter 37 Filter 38 Filter 39 Filter 40

Filter 41 Filter 42 Filter 43 Filter 44 Filter 45 Filter 46 Filter 47 Filter 48

Filter 49 Filter 50 Filter 51 Filter 52 Filter 53 Filter 54 Filter 55 Filter 56

Filter 57 Filter 58 Filter 59 Filter 60 Filter 61 Filter 62 Filter 63 Filter 64
(b) Filter output visualizations.

Figure 8.E.3: Filter output visualizations of the last convolutional layer
in the downsample path of the network at feature map size
49 × 61 × 51 for patient TCGA-06-0238. This is an IDHwildtype, grade IV glioma.
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(a) Scans used to derive the convolutional layer filter output visualizations.

Filter 1 Filter 2 Filter 3 Filter 4 Filter 5 Filter 6 Filter 7 Filter 8

Filter 9 Filter 10 Filter 11 Filter 12 Filter 13 Filter 14 Filter 15 Filter 16

Filter 17 Filter 18 Filter 19 Filter 20 Filter 21 Filter 22 Filter 23 Filter 24

Filter 25 Filter 26 Filter 27 Filter 28 Filter 29 Filter 30 Filter 31 Filter 32
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Filter 41 Filter 42 Filter 43 Filter 44 Filter 45 Filter 46 Filter 47 Filter 48
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Filter 57 Filter 58 Filter 59 Filter 60 Filter 61 Filter 62 Filter 63 Filter 64
(b) Filter output visualizations.

Figure 8.E.4: Filter output visualizations of the last convolutional layer
in the upsample path of the network at feature map size
49 × 61 × 51 for patient TCGA-06-0238. This is an IDHwildtype, grade IV glioma.
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Training losses

During the training of the network we used a masked categorical cross-entropy loss
for the IDH, 1p/19q, and grade outputs. The normal categorical cross-entropy loss is
defined as:
LCE
batch = −

1

XX

Nbatch

j

yi,j log (ŷi,j ) ,

8.1

i∈C

where LCE
batch is the total cross-entropy loss over a batch, yi,j is the ground truth label
of sample j for class i, ŷi,j is the prediction score for sample j for class i, C is the set
of classes, and Nbatch is the number of samples in the batch. Here it is assumed that
the ground truth labels are one-hot-encoded, thus yi,j is either 0 or 1 for each class.
In our case, the ground truth is not known for all samples, which can be incorporated
in Equation 8.1 by setting yi,j to 0 for all classes for a sample for which the ground
truth is not known. That sample would then not contribute to the overall loss, and
would not contribute to the gradient update. However, this can skew the total loss
over a batch, since the loss is still averaged over the total number of samples in a
batch, regardless of whether the ground truth is known, resulting in a lower loss for
batches that contained more samples with unknown ground truth. Therefore, we used
a masked categorical cross-entropy loss:
LCE
batch = −
where
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8.2

i∈C

Nbatch X
µbatch
=P
yi,j
j
i,j yi,j i

8.3

is the batch weight for sample j. In this way, the total batch loss is only averaged
over the samples that actually have a ground truth.
Since there was an imbalance between the number of ground truth samples for
each class, we used class weights to compensate for this imbalance. Thus, the loss
becomes:
LCE
batch = −

1

X

Nbatch

j

µbatch
j

X

µclass
yi,j log (ŷi,j ) ,
i

8.4

i∈C

where
µclass
=
i

N
Ni |C|
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is the class weight for class i, N is the total number of samples with known ground
truth, Ni is the number of samples of class i, and |C| is the number of classes. By
determining the class weight in this way, we ensured that:
µclass
Ni =
i

N
= constant.
|C|
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Thus, each class has the same (weighted) contribution to the overall loss. These
class weights were (individually) determined for the IDH output, the 1p/19q output,
and the grade output.
For the segmentation output we used the DICE loss:
LDICE
batch =

X
j

Pvoxels
yj,k · ŷj,k
k
1 − 2 · Pvoxels
,
yj,k + ŷj,k
k

8.7

where yj,k is the ground truth label in voxel k of sample j, and ŷj,k is the prediction
score outputted for voxel k of sample j.
The total loss that was optimized for the model was a weighted sum of the four
individual losses:
X
µm L m ,
8.8
Ltotal =
m

with

µm =

1
,
Xm

8.9

where Lm is the loss for output m, µm is the loss weight for loss m (either the IDH,
1p/19q, grade or segmentation loss), and Xm is the number of samples with known
ground truth for output m. In this way, we could counteract the effect of certain
outputs having more known labels than other outputs.
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Evaluation metrics

We calculated the AUC, accuracy, sensitivity, and specificity metrics for the genetic
and histological features; for the definitions of these metrics see Tharwat [252].
For the IDH mutation output, the IDH-mutated samples were regarded as the
positive class; for the 1p/19q co-deletion output, the 1p/19q co-deleted samples were
regarded as the positive class. Since the grade was a multi-class problem, no single
positive class could be determined. For the prediction of the individual grades, that
grade was seen as the positive class and all other grades as the negative class (e.g.
in the case of the grade III prediction, grade III was regarded as the positive class,
and grade II and IV were regarded as the negative class). For the LGG vs. HGG
prediction, LGG was considered as the positive class and HGG as the negative class.
For the evaluation of these metrics for the genetic and histological features, only the
subjects with known ground truth were taken into account.
The overall AUC for the grade was a multi-class AUC determined in a one-vsone approach, comparing each class against the others; in this way, this metric was
insensitive to class imbalance [253]. A multi-class accuracy was used to determine the
overall accuracy for the grade predictions [252].
To evaluate the performance of the automated segmentation, we evaluated the
DICE score, the Hausdorff distance, and the volumetric similarity coefficient. The
DICE score is a measure of overlap between two segmentations, where a value of 1
indicates perfect overlap. The Hausdorff distance is a measure of the closeness of the
borders of the segmentations, where a lower value is better. The volumetric similarity
coefficient is a measure of the agreement between the volumes of two segmentations,
without taking account the actual location of the tumour, where a value of 1 indicates
perfect agreement. See Taha et al. [249] for the definitions of these metrics.
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Ground truth labels of patients included from public
datasets
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“And there’s a million things I haven’t done. . . ”
— Lin-Manual Miranda, Hamilton
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In this thesis, I showed the potential of automated methods for the analysis of glioma
on magnetic resonance imaging (MRI) scans in several different applications. Most
prominently, I developed machine learning methods that predict the genetic features
of glioma from preoperative MRI scans (Chapters 5 and 8). In addition, I used
computational methods to evaluate potential observer-independent imaging markers
(Chapters 3 and 4), and developed a machine learning method to help with the
segmentation of glioma (Chapter 8). I also developed a machine learning method
to assist with the data preparation in the initial stages of research (Chapter 6),
and made data available that other researchers can use to develop new methods
(Chapter 7). In this final chapter, I discuss the main findings and contributions of this
thesis (Section 9.1), address the clinical and technical opportunities and challenges
of automated image analysis methods (Sections 9.2 and 9.3), provide an outlook on
the future clinical impact of these methods and potential future research directions
(Section 9.4), and end with a general conclusion (Section 9.5).

9.1
9.1.1

9

Main findings and contributions
Summary of findings

In Chapters 3 and 4, I investigated the relation between the location and the genetic
features of glioma. In Chapter 3, I found that isocitrate dehydrogenase (IDH)mutated low grade glioma (LGG) are more frequently located in the frontal lobes,
and IDH-wildtype LGG are more frequently located in the basal ganglia of the right
hemisphere. In Chapter 4, I found that there is no difference in localization between
O6 -methylguanine-methyltransferase (MGMT) methylated and MGMT unmethylated
IDH-wildtype glioblastoma.
In Chapter 5, I developed a radiomics method that predicts the 1p/19q co-deletion
status of presumed LGG using preoperative post-contrast T1-weighted and T2-weighted
scans. This method was able to non-invasively predict the 1p/19q co-deletion status,
outperforming four clinical experts that performed the same task, in terms of accuracy.
In Chapter 6, I developed a method that can automatically recognize the image
contrast type of brain MRI scans. The method can also sort the scans based on the
predicted image contrast type. This method achieved a near-perfect accuracy, and
even generalized to brain scans of patients without a tumour.
In Chapter 7, I collected data from 774 patients with glioma and made this data
publicly available. The dataset contains imaging data, genetic and histological features,
and segmented tumours, and is currently the largest dataset of its kind.
Finally, in Chapter 8, I developed a method that predicts the IDH mutation status,
1p/19q co-deletion status, and grade of glioma, while simultaneously providing an
automatic segmentation of the tumour. I showed that this method was able to perform
all of these tasks with good performance, worked for all subtypes of glioma, and
generalized well to a separate patient population.
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Clinical and research impact

The results from Chapters 3 and 4 are the most straightforward to implement in the
clinic. The localization features described in those chapters for the different genetic
groups (or in the case of the MGMT status, the lack of such features) are easy to
determine and do not require additional methods or expertise to be implemented in
the clinical workflow. In the clinic these localization features can be used to get a
prediction of the genetic status at an early stage during clinical decision making. These
results show the importance of researching these relatively simple imaging markers, as
they can (in the short term) be the most impactful.
The radiomics approaches in Chapters 5 and 8 achieved promising results and
constitute an important step in bringing radiomics methods closer to the clinic. In both
cases an independent test set was used to validate the performance of the radiomics
approach, something that, although strongly recommended, is still not commonplace
in (glioma) radiomics research [32, 43, 228, 229]. By validating the methods on an
independent test set, the measured performance is a better representation of the
expected clinical performance, making the clinical acceptance of these algorithms more
likely.
In Chapter 5, there was a focus on the explainability of the algorithm; by showing
the relative feature importance and examples of what the algorithm considered the
most representative patient of each class, we were able to provide some insight into the
method. Furthermore, the feature importance and representative examples matched
with imaging features previously described in the literature, further supporting that
our method recognized the relevant imaging features. This helps with the acceptance
of this method in clinical practice, as the method is no longer a complete black box,
increasing the trust in the validity of the algorithm.
The scan sorting method presented in Chapter 6 was developed with a research
application in mind. At the moment, the method is already finding its way into
research as it is being used to reduce the time needed to prepare new datasets for
research on automated analysis methods [254]. Although the clinical impact may
currently be limited, since clinical applicability was not the goal of this study, the
introduction of automated methods in the clinic might change this. These automated
methods make use of specific scan types, requiring users to identify the correct scan
types. In this way, our method can be used as the first step in such an automated
pipeline to identify the required scan types without the need for human interaction.
The dataset presented in Chapter 7 is a valuable addition to the currently publicly
available data. The large number of patients included in this dataset and the clinical
routine, real-life character of this data will aid in the development of more generalizable
methods and allows for the better comparison of different methods by evaluating them
on the same, publicly available data.
Chapter 8 is an important milestone for radiomics research, as it presents one of
the first multi-task radiomics approaches. The method is especially pioneering as it
combines the segmentation task and genetic feature prediction task, which are often
considered separate challenges. Furthermore, the method was trained on the largest,
most diverse glioma dataset to date, and could use the full 3D MRI scan as the basis of
its prediction. Thus, it pushed some important research boundaries, while the diverse
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training data, the independent test set, and multiple clinically relevant prediction
tasks make it more likely that this method will be embedded in the clinical workflow
in the future.

9.1.3

9

Methodological contributions

I developed several open source toolboxes that I made available for further use by the
community.
In Chapter 5, I developed PREDICT, a toolbox that can extract imaging features
from biomedical scans, and that can correlate these imaging features with the disease
characteristics of a patient using a machine learning method. This toolbox has
been integrated into WORC, a generalized radiomics toolbox that can extract many
imaging features and use multiple machine learning methods to find the best radiomics
algorithm [92]. WORC lowers the threshold for the development of these algorithms
by providing tools that require a minimal amount of setup, allowing for new research
to be more easily initiated. These toolboxes are open source and available at https:
//github.com/Svdvoort/PREDICT, https://github.com/Svdvoort/PREDICTFastr,
and https://github.com/MStarmans91/WORC. The trained model from Chapter 5 is
available at http://dx.doi.org/10.17632/rssf5nxxby.
In Chapter 5, I used the OpenPC toolbox, which I developed for previous research
and expanded for this purpose, to determine the relative feature importance. OpenPC
is a versatile toolbox for the construction and evaluation of polynomial chaos expansions
and is available at https://github.com/Svdvoort/OpenPC.
In Chapter 6, I developed DeepDicomSort, an algorithm that can be used to quickly
sort an unstructured dataset of brain MRI scans. The code and trained model are
publicly available at https://github.com/Svdvoort/DeepDicomSort, allowing other
researchers to use this method in their research.
In Chapter 8 I developed the PrognosAIs toolbox. The goal of this toolbox
was to allow researchers to focus on designing new deep learning architectures and
quickly setting up experiments, while ensuring that the available computational
resources are used as efficiently as possible. For example, PrognosAIs can automatically
train deep learning networks on parallel GPUs and tunes the algorithm’s training
to the GPU’s specific capabilities to reduce the memory footprint. The PrognosAIs
toolbox is available at https://github.com/Svdvoort/PrognosAIs; the methods
and trained model developed in Chapter 8 are available at https://github.com/
Svdvoort/PrognosAIs_glioma.
To train the models used in Chapters 6 and 8, I made use of shared GPU resources.
I set up an environment in which the GPU resources can be shared among multiple
users, and the environment also ensured that experiments are repeatable by providing
standardized software environments. The code to set up this environment is available
at https://github.com/Svdvoort/Radiomics-GPU-Server.

9.2

Automated image analysis: from research to clinic

Although the automated image analysis methods presented in this thesis could (theoretically) be implemented in the clinic at this moment, automated methods, and
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machine learning methods in particular, are, for the most part, still restricted to the
research domain. This section discusses some of the hurdles that need to be overcome
before automated image analysis methods can find widespread clinical acceptance.

9.2.1

What is the added value of radiomics?

The goal of most radiomics methods is the same: the prediction of certain disease
characteristics based on biomedical images. Often, these are disease characteristics
that are currently obtained through some invasive procedure. The promise of radiomics
is to provide the same information without such an invasive procedure. For example,
the methods developed in Chapters 5 and 8 can be used to predict the histological
and genetic features of glioma preoperatively. However, even if this information is
available preoperatively, this might not change the clinical workflow. For example, in
most cases, when a glioma is discovered, it will be resected as part of the standard
clinical workflow, regardless of the genetic or histological features of the tumour [23,
255]. In this case, the radiomics method provides no benefit to the patient, as the
clinical workflow is not affected by the radiomics method’s predictions. Moreover, the
genetic and histological features can be determined from the resected tissue using the
current gold standard methods. What then is the role of radiomics methods in the
clinical workflow, and what is the added value of radiomics?
Firstly, although most patients will follow the traditional resection pathway, there
likely is a subset of patients for whom radiomics methods can be beneficial. For
example, if a tumour is located in an area of the brain associated with a high risk
of complications in case of a biopsy or resection, a radiomics method can be used to
predict the aggressiveness of the tumour. If the tumour is predicted to be low risk,
and the patient does not currently experience any symptoms, it might be beneficial to
delay the resection. If this is the intended use case of a radiomics method, the method
needs to be optimized for these scenarios to ensure an optimal benefit.
Secondly, the genetic and histological analysis of tumour tissue is not perfect. A
biopsy sample, which is only a small part of the tumour, might not represent the
tumour as a whole. For example, the biopsy could be taken from a region of the tumour
that is less aggressive, underestimating the real aggressiveness of the tumour [256].
Using a radiomics method, which looks at the full tumour, as a second opinion can give
an extra degree of certainty when it agrees with the tissue analysis. A disagreement
between the tissue analysis and the radiomics prediction might warrant a second look
at that case, potentially reducing errors. In this way, radiomics methods can serve as
an additional check.
Thirdly, radiomics methods might be an excellent opportunity to include the latest
glioma insights into clinical workflows in which the current standard-of-care cannot be
used. For example, although genetic analysis is considered the gold standard method
which should be used in every clinical workflow of glioma patients, it is a luxury to
have the required equipment and expertise. Unfortunately, not all institutes have the
resources required to use the gold standard methods, especially in underprivileged
countries [257]. With the addition of more genetic features in the glioma categorization,
the price of the equipment needed to analyze these features increases, and even for
privileged institutes that have access to the required equipment, it might not be
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cost-effective to analyze all tumours [258, 259]. Although preferable for their accuracy,
this makes these gold standard methods infeasible as the de facto standard everywhere.
In these cases, radiomics methods can be a cheap and easy-to-use solution, which,
although not as accurate as the gold standard methods, can improve the current
situation in which there might be no or minimal information about the genetic and
histological features.
Lastly, the type of predictions that radiomics methods provide can also be reconsidered. For example, instead of predicting genetic features, a radiomics method can
be developed that can predict which parts of the tumour are the most important to
remove during the resection or to sample for biopsy. Methods can also be developed to
predict the treatment with the highest chance of success for a specific patient. These
kinds of methods might fit better in the current clinical workflow and can perhaps be
a first step in introducing automated image analysis methods in the clinic. In this
way, these methods can first prove themselves by conforming to the current clinical
workflow. Only once the added value of the methods is proven in that step, we can
take the next step to methods that will change the clinical workflow.

9.2.2

9

How do we create realistic expectations for radiomics
methods?

The rapid rise in popularity of radiomics methods can partially be attributed to early
studies that promised near-perfect performances. However, as was quickly realized
in subsequent studies, this near-perfect performance was not reached in the clinical
setting [32]. The high expectations of and consequent disappointment in radiomics
methods have led to skepticism regarding their clinical applicability. This problem
persists; the expectations for radiomics are still (perhaps unreasonably) high. How
then, do we create realistic expectations for radiomics methods, showing their true
potential without overselling it?
A first factor that plays a role is the observer-independency and speed of machine learning methods, making it easy to measure their performance on different
datasets. This ease of performance measurement and abundance of reported achieved
performances has led to a very concrete overview of the capabilities of radiomics
methods. Such performance measurements are far harder to perform for the current
gold standard method, and as a result, we often compare a very objective performance measurement of the radiomics method with a gold standard method for which
we might not know the real performance. For example, in Chapters 5 and 8 the
performance of the radiomics methods are compared to the ground truth obtained
through genetic analysis of tumour tissue. The performance of the radiomics methods
can then easily be expressed in terms of e.g. accuracy, where an accuracy of 100 %
is desirable. However, although it is known that the genetic analysis methods are
not perfect, there is no concrete measure of their performance, e.g., we do not know
the accuracy, sensitivity, and specificity of these methods. Thus it is impossible to
directly compare performance of the ground truth method with the performance of
the radiomics method. Although this problem cannot directly be solved, it is essential
to keep in mind when evaluating the performance results of radiomics methods.
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Another key factor is the proper validation of radiomics methods. Proper validation
requires the use of independent, clinically representative datasets to evaluate the
performance of a method [32, 43, 228, 229]. Currently, external validation sets are
only used in a minority of the studies, and as a result, the reported performance is
most likely a too optimistic representation of the actual clinical performance. This was
also seen in Chapter 5, where the results of mixing the train and test datasets were
consistently better than the results evaluated on the independent test set. Furthermore,
different algorithms are often validated on different datasets, which makes it difficult
to objectively compare the performance of different methods. Thus, the availability of
public datasets and the use of these datasets as external validation sets is important
to obtain realistic and comparable performance measurements.
It is also important to report a method’s performance in a setting that is representative for the clinical reality. The performance of radiomics methods can be
expressed in numerous metrics. Each metric might give a different view of the method’s
performance, and some metrics might make the performance of a method look better than others. This variety in metrics can lead to (subconsciously) choosing the
best performing metrics, which might not give a proper representation of the clinical
performance. For example, in Chapter 8 we achieved a high area under the receiver
operating characteristic curve (AUC) for all the different tasks. However, when looking
at the sensitivity of the 1p/19q co-deletion prediction task it can be seen that our
method is still lacking in this prediction. As a result, if we would only have reported
the AUC metric, this would have led to an overestimation of the performance of our
method. This problem can be solved by establishing a framework that calculates a
default set of metrics and requiring the reporting of these metrics in future studies.
Furthermore, it is important to consider subgroups of patients based on their disease
characteristics within the evaluation set. A method might achieve better performance
for some subgroups than for others, which could be clinically relevant. This difference
in performance between different subgroups may skew the reported overall performance,
misrepresenting the actual performance. For example, in Chapter 8, the AUC for the
1p/19q co-deletion prediction task was higher overall than in the LGG subgroup. Since
high grade glioma (HGG) are in the overwhelming majority of the cases 1p/19q intact
and our algorithm was better at predicting 1p/19q intact glioma, this skewed our
overall results for this task. However, the 1p/19q co-deletion status is only clinically
relevant in LGG, and therefore we have also reported the performance separately in
this subgroup, to show the expected performance in a clinical setting.
It is also vital to include radiomics methods in prospective studies. At the moment,
most studies use retrospective data, which is suboptimal. The retrospective data is
often several years old, and since imaging protocols or clinical pathways may have
changed during this time, this influences the performance of the radiomics methods
in the current clinical standard. Prospective studies might also reveal new obstacles
for implementing radiomics methods in the clinic, which were not considered in
retrospective studies. Furthermore, a prospective study is the best way of showing
the actual clinical performance of a method, since it comes closest to how a radiomics
method will be used in a clinical setting.
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When is radiomics performance sufficient?

Another critical barrier for clinical acceptance of radiomics methods is their predictive
performance. Although the methods developed in Chapters 5 and 8 successfully predicted the genetic features, their performance was considered insufficient for clinical use.
However, there is no generally accepted threshold for “sufficient clinical performance”,
which makes it hard to determine when a method is clinically acceptable and what the
main focus of performance improvement should be in future research. For example,
it might be possible to improve the overall performance, but in some cases, it might
be more interesting to improve the performance in specific subgroups, as discussed in
Section 9.2.1. Thus, before these methods are clinically accepted, we need to establish
at which point the performance of a radiomics method is sufficient.
The performance of radiomics methods is compared to a gold standard derived
through some other method (e.g., through the analysis of a biopsy sample in the case of
genetic features). Thus, the machine learning methods will never (directly) outperform
these gold standard methods; at best, they can match them perfectly. In that sense,
by definition, the performance will never be acceptable, since the currently established
method is always better. Of course, the radiomics methods have a different starting
point from which they try to derive the same information (e.g., a scan instead of a
biopsy sample to predict the genetic features). Thus, comparing the radiomics methods’
performance with the gold standard might be unfair, and a different benchmark could
be considered. For example, in Chapter 5, we did not reach perfect performance
compared to the ground truth obtained from pathological analysis. However, when we
compared our method with clinical experts, who used the same data as was available
to the algorithm, we found that our algorithm could outperform some of them. Thus,
based on this benchmark, the performance might already be acceptable for clinical
use, since it can improve over a current, comparable situation.
The performance that needs to be achieved to make a method clinically acceptable
also depends on the intended use of the radiomics method. For example, the benchmark
with which the radiomics methods are compared could differ between institutes. The
experts with which we compared our method in Chapter 5 were well-recognized experts
in their field and came from an institute specialized in glioma. However, it is likely
that not all institutes have access to the same level of expertise. Thus, in other
institutes, the performance of the currently available radiomics methods might already
be clinically acceptable, since it could improve over the current situation.

9.2.4

How do we increase trust in radiomics methods?

Another important barrier to the acceptance of machine learning methods is their lack
of interpretability. In particular, deep learning methods are considered black boxes
since there is no explicit knowledge about the imaging features that these methods use
as a basis for their predictions. Thus, it is hard to trust these methods’ predictions,
especially when considering that the clinical experts and the patient might want an
explanation as to why a certain prediction is made. Even if a method shows perfect
performance, clinical experts might not use it if they cannot verify the method’s
predictions. How then do we increase the trust in radiomics methods?
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An important step is the increased explainability of machine learning methods.
In Chapters 5, 6, and 8 we tried to provide some insight into the image information
that was used by the machine learning methods. In Chapter 5, we looked at the
relative importance of different features, and in Chapters 6 and 8, we showed attention
maps and convolution filter outputs. Although in this way we can provide some
insight into these methods, this is very high-level and lacks an explanation as to why
certain imaging features are used in the prediction. Although much research focuses
on methods that can provide additional insight into machine learning algorithms,
the question remains whether human-interpretable explanations of machine learning
methods will be available in the near future [260]. This lack of an interpretable
explanation creates distrust for these algorithms since, even if the algorithm considers
the correct part of the scan (e.g., inside the tumour and not somewhere outside the
brain), the algorithm might consider it for the wrong reasons. It is easy to attach
our own explanation to these methods if we see them focusing on particular parts,
but since the methods might consider a specific part of the scan for different reasons
than we expect, this can easily lead to misinterpretations. Thus, a method that could
not only indicate which imaging features a radiomics method uses but also why these
features are used would be a huge step forward.
A method that can explain why a deep learning network looks at a specific part of
a scan would not only create more trust in the algorithms, as the predictions can now
be verified, but it can also help to develop better algorithms. If a sample is wrongly
predicted, but the algorithm can explain why it looked at certain parts, it might be
possible to redesign the algorithm to make sure that it focusses on the correct parts of
the scans.
Another way to increase trust is to create methods that can not only predict disease
characteristics, but that are also able to provide the level of certainty with which they
make their predictions. If it can be shown that these methods are good at estimating
their own uncertainty, this allows clinical experts to only take the predictions into
account in instances when the algorithm is certain. Furthermore, it would create a
sense of trust since the method is not presented as perfect; the uncertainty measure
shows that the method is fallible.
It might not be possible to create a radiomics method that is not (at least partly)
a black box. However, currently there are also medicines for which the exact workings
might not be known, but which are still used as they have been shown to be beneficial
for (specific groups of) patients. Therefore, although increasing the trust in radiomics
methods is essential, it might not be necessary to create a fully explainable model,
instead the benefit to the patient needs to be shown, for example in prospective studies.

9.2.5

What clinical assumptions underlie radiomics methods?

Since radiomics methods are, in the end, statistical methods, they rely on certain
(implicit or explicit) assumptions on the input data. For example, in this thesis, it
was assumed that all scans were scans of glioma patients. However, this means that it
should first be established whether a scan contains a glioma. Thus, it is important to
consider: what assumptions underlie radiomics methods, and how can we deal with
these assumptions?
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Firstly, it is crucial to explicitly state what assumptions are made about the input
data. For example, in Chapter 5, we assumed that the scans were of presumed LGG,
based on the visual appearance of these glioma in the scan. This assumption adds an
upstream analysis step, in which the visual appearance of the scans is evaluated by
a clinical expert, which might cause errors in the input data. Moreover, it restricts
the algorithm’s applicability since clinical expertise is needed to interpret the scans.
Therefore, in Chapter 8, we made no such assumptions; instead, we included all types
of glioma. This generalization reduces the number of upstream steps, thereby reducing
the potential for errors made in the evaluation of the data.
However, even in Chapter 8, the assumption is still made that the scans contain
glioma. Thus, none of the methods presented in this thesis are fully automated,
since scans first need to be manually evaluated for the presence of glioma. To make
the pipelines fully automatic, machine learning algorithms can be developed that
distinguish between different types of brain diseases, for example, between glioma and
metastasis [261].
It is also possible to expand the method presented in Chapter 8 to include the
prediction of non-glioma pathology. However, this means that the algorithms need
to predict multiple, unrelated outputs. For example, one output can still be the IDH
mutation status, while another output can indicate the presence a brain infarct (instead
of a glioma), in which case the IDH mutation is nonsensical. While this is possible, it
might be infeasible since adding additional prediction tasks also increases the model’s
size. Thus, the machine learning methods should be as generalizable as possible to
reduce the amount of upstream analysis that needs to be done while ensuring that the
model’s predictions remain coherent. If the outputs are not coherent, the tasks should
be split up into several models to create more resource-efficient models.
In this thesis, we assumed that the genetic and histological features of glioma
were homogenous throughout the whole tumour; this means that if a tumour was
considered, for example, IDH-wildtype, that the tumour was assumed to be IDHwildtype everywhere. However, it is known that genetic and histological features can
show intra-tumour heterogeneity [262]. Thus, radiomics methods need to be developed
that take into account this intra-tumour heterogeneity. This type of radiomics, where
a label is predicted for each voxel rather than for the whole tumour, is known as
voxel-wise radiomics [263]. An important barrier to the development of voxel-wise
radiomics methods is the acquisition of ground truth data. Tumour tissue obtained
through biopsy is often obtained from a single or limited number of locations, thus
not containing the information for the whole tumour. Although it is possible, albeit
very resource-intensive, to analyze the whole tumour after resection, the problem then
becomes the linking of the tissue analysis to the exact location in the MRI scan. This
problem could partially be solved by setting up a prospective study where the biopsies’
locations are determined by the predictions of the voxel-wise radiomics method.

9.3

The technical challenges of automated image analysis

Apart from the questions related to the clinical implementation of radiomics methods,
there are also several technical challenges to overcome.
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How can radiomics keep up with new clinical research?

Radiomics methods are, at their core, statistical methods that rely on historical data to
predict future events. In order to extract sufficient statistical information, a database
of a certain size is needed. Since the number of glioma patients is (luckily) relatively
low, it often takes several years to accumulate a large enough database to use in
machine learning research. For example, the data used in Chapter 8 was collected
over a period of ten years. This timeframe needed to collect the data means that
these databases often contain data that is several years old. During this time, research
might have revealed new insights about patients’ relevant disease characteristics, and
new imaging sequences or new imaging hardware may have been developed. These
new insights cannot directly be incorporated in radiomics methods, since the existing
datasets do not contain this new information. The question then is: how can radiomics
methods keep up with the latest clinical research?
It is essential to distinguish between developments regarding the data used as
an input to radiomics methods and developments that influence the clinical features
that the algorithms try to predict. Biomedical images are often used as input for
radiomics methods, thus research on new imaging sequences will have a considerable
influence here (see also Section 9.4.1). For the clinical features, new insights into the
genetics that play a role in specific patient groups will influence the results (see also
Section 9.4.2).
When new imaging sequences are developed, sufficient data first needs to be
collected such that methods can be trained using this new data. However, previously
treated patients cannot be scanned again, as the tumour has often already been
removed. To minimize the amount of data needed to train methods using these new
imaging sequences, future studies could use transfer learning. Transfer learning takes
an already trained algorithm and uses the knowledge contained in that algorithm to
make the training of a new algorithm on slightly different, but related, data easier
[62]. In this way, a smaller dataset can be used to train the algorithm, reducing the
time needed to collect the new data.
In case of new insights into clinical features that play a role in glioma, the situation
is both more complicated and easier at the same time. If new genetic features are
discovered that need to be included in the radiomics prediction, it might be possible to
obtain this data for previously included patients in the dataset. If tumour tissue has
been preserved, it can be analyzed for these new genetic features. Although this might
not be realistic for all patients, as it is a costly procedure and not enough tumour
tissue might be available for all patients, it might be worth the effort if the data can
be used for multiple studies.
Multi-task networks, such as the one presented in Chapter 8, might also be part of
the solution. By predicting multiple genetic and histological features simultaneously,
the method could learn relationships between the different features. If a new genetic
feature is discovered, which correlates with existing features (i.e., if it occurs mostly
in LGG), the weights from the already trained algorithm can be used, while adding a
new output for the new genetic feature. The correlations learned by the algorithm
might then lead to a faster training convergence, thus requiring less data than when
training a model from scratch.
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How will radiomics methods deal with ground truth
uncertainties?

As mentioned in Section 9.3.1, machine learning methods are statistical methods that
learn from historical data. However, this historical data can contain errors, causing the
method to learn incorrect correlations. Since this uncertainty in the ground truth is
unavoidable, how can we make sure radiomics methods can handle these uncertainties?
There might be a true ground truth for certain output categories, but there might
not be a method that can determine this ground truth with perfect accuracy. For
example, the genetic analysis of tumour tissue is imperfect; thus, the genetic analysis
results may misrepresent the actual ground truth. When comparing multiple methods
to determine the IDH status of tumour tissue, these methods are not always in
agreement [264]. The uncertainty can be larger for some ground truths than for others.
For example the accuracy for the determination of the MGMT status is quite low
[265]. If there is a measure of uncertainty for a specific ground truth label, it might
be beneficial to use “soft” labels, which are continuous rather than binary, during the
training of an algorithm. Usually, labels are used that only indicate whether a specific
genetic mutation is present or absent in a sample. Using soft labels will punish the
algorithm less for samples with large uncertainty in the ground truth. In this way, the
uncertainty can be taken into account during the training.
In other cases, there might not be a true ground truth; instead, the label may
be inherently observer-dependent. This inherent observer-dependency is present for
tumour segmentation, which will always depend on the observer who created the
segmentation. The observer-dependency makes it hard to define the best performing
algorithm since the ground truth could be less accurate than the predictions. For
example, when comparing segmentations from multiple observers a mean whole tumour
DICE score of 0.85 was found, which is very close to our DICE score of 0.84 achieved
in Chapter 8 [239]. Therefore, it might be hard to improve the performance further,
especially if ground truth segmentations of several different observers are used to
train the algorithm. This problem of observer dependency is hard to solve since
a segmentation might also be based on personal preference. Segmentation based
on a consensus of multiple experts might partially solve this problem, since these
segmentations will be more consistent.

9.4

The future of automated image analysis

The previous sections have addressed some important questions regarding the current
state of radiomics and other automated analysis methods. In this section, I present an
outlook to the future and suggest potential future research directions.

9.4.1

What can improvements in imaging bring to radiomics?

At the moment, one of the main challenges for radiomics methods that use MRI
scans is the qualitative nature of MRI scans, which does not allow for truly objective
imaging markers. In recent years, quantitative MRI, which uses new imaging sequences
to measure true tissue values, has gained in popularity. The voxel values in these
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quantitative MRI scans have a meaning, in contrast to the currently used (qualitative)
MRI scans where only the difference in voxel values between different voxels has a
meaning. Furthermore, when using quantitative MRI the same patient scanned on
different scanners should result in the same scan. The quantitative nature of the scans
makes the development of new imaging biomarkers and automated methods easier, as
the absolute voxel intensity can now be used, and methods can more easily be shared
between different institutes. However, quantitative MRI sequences are still mainly a
research application, not yet ingrained in the clinical routine.
Imaging sequences that measure physiological properties have also been developed,
such as diffusion-weighted imaging (DWI) and perfusion-weighted imaging (PWI) sequences. It has been shown that adding these sequences in radiomics methods provides
additional information and leads to a better performance [235, 236]. Furthermore, the
tissue properties derived from these scans are also (in principle) quantitative. In recent
years these sequences have become more standard in clinical practice, and sufficiently
large databases are now available to use for the training of new methods. More recent
imaging sequences such as chemical exchange saturation transfer (CEST) provide
additional physiological data not present in DWI and PWI, however they are far from
common in clinical practice.

9.4.2

What can improvements in genetics bring to radiomics?

Although the World Health Organization (WHO) 2016 guidelines were an important
step forward in explaining the differences in the survival of glioma patients, there is
still a lot to discover about the mechanisms that drive the aggressiveness of glioma.
What developments will there be, and how can these developments benefit radiomics
methods?
An important development in the field of genomics is the commodity of more
advanced genetic analysis machines. With the introduction of next-generation sequencing, the genetic analysis results become more reliable, partially solving the problem
of ground truth uncertainty. Moreover, more genes can be analyzed and in this way
new genes can be discovered that correlate with the aggressiveness of the tumour,
and in the future, the glioma categorization will most likely be solely dependent on
genetic features. This shift to a genetics-based categorization is beneficial for radiomics
methods, since histological analysis is highly observer-dependent, and although there
is still some observer-dependency in the genetic analysis, it is much less than for the
histological analysis.

9.4.3

How will deep learning models develop?

To improve the performance of deep learning methods, it is vital to consider the models
that these methods use. Although most models are currently constrained by GPU
memory size, this problem is quickly being resolved, paving the way for new types of
models.
One way to extend models is to use the scan at different resolutions, thereby forcing
the model to learn relevant features at different scales [138]. Another interesting approach would be to keep the different scan modalities separate during the convolutions.
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Currently, the first convolutional layer combines the different modalities (e.g., T1weighted and T2-weighted scans) into feature maps. However, keeping the modalities
separate deeper into the model may lead to different features being learned. Of course,
one can then also make different paths in the models for different combinations of
modalities, where each path can learn specific features. However, this will significantly
increase the amount of memory required to train these models. Thus, these models
might be infeasible now, but the rapid improvements in GPU technology might see
the developments of such methods within the next couple of years.

9.4.4

9

How will we collect and share data?

Machine learning methods are only as good as the data that is used to develop and
evaluate them. Thus, databases have been ever-increasing, containing larger amounts
of, and more varied data. All of this data comes from clinical patients, which raises
questions regarding the collecting and sharing of this data.
Currently, data is retrospectively collected once a research question is established.
However, data collection is time- and resource-consuming, and data can often be used
in multiple studies. With the advance of automated tools such as CTP and XNAT, it
has become easier to automatically collect data while ensuring patient privacy [77].
Because of this data’s value, it is essential to consider the automatic collection of data
from new patients, to make it available for research.
Once the data has been collected, the question of with whom to share this data
becomes relevant. Of course, the data can easily be shared within the institute in
which it has been collected. However, sharing data between multiple institutes will
result in larger and more diverse datasets, which is important for developing and
evaluating machine learning methods.
The sharing of data is also related to more political considerations. Since both the
Dutch healthcare system and the Dutch research infrastructure is primarily financed
by taxpayer money, it could be argued that the data needs to be collected by and
made available to all Dutch researchers. In this way, the data can improve the Dutch
healthcare system, potentially reducing costs in the future, and an extensive database
could quickly propel the Netherlands to be at the forefront of glioma image analysis
research.
Recently, initiatives such as healthRI (https://www.health-ri.nl/) have been
setup to facilitate data sharing in a national infrastructure, but unfortunately the
amount of data being shared is still limited. Ultimately it is essential to create more
public databases. The public sharing of databases allows all institutes, especially those
which are not privileged enough to have access to this data themselves, to incorporate
the latest research in the clinical practice, as discussed in Section 9.2.1. Combining
the data of multiple centers in these public databases also means that databases will
grow at a quicker rate. This is especially relevant for the incorporation of new clinical
and imaging insights, as less time is needed to collect a database of sufficient size,
allowing the faster development of radiomics methods that include these new insights.
Furthermore, this will create even larger and more diverse databases and allows for
better reproducible research that can be verified on these publicly available datasets.
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How to unlock the full potential of radiomics?

As discussed in Section 9.2.3, radiomics methods are often benchmarked against a
gold standard ground truth. However, radiomics models might better predict the
aggressiveness of glioma than the gold standard genetic and histological features. If
enough data is used to train a model, the model could pick up on imaging features that
predict tumour aggressiveness, uncorrelated with one of the genetic features predicted.
For example, in Chapter 8, some tumours were incorrectly predicted when considering
the ground truth according to the WHO 2016 guidelines, but were correctly predicted
according to the newest cIMPACT-NOW guidelines (which is based on more genetic
features) [12]. In the newest guidelines, these glioma are categorized as more aggressive
than according to the WHO 2016 guidelines, which shows that our algorithm picked
up on imaging features that represent this aggressiveness. Thus, radiomics methods
might provide more predictive value than just the prediction of the ground truth
labels.
The prediction of the radiomics methods can be evaluated by linking the model’s
predictions with the patient survival, which might show patients in different groups than
expected from the ground truth. However, if the model picked up on aggressiveness,
the model might provide a better patient stratification than provided by the original
ground truth. By correlating the predictions with survival, we can verify whether the
radiomics methods provide better patient stratification, and this new stratification
might then be used in the clinic.

9.4.6

What else can automated methods contribute?

Radiomics methods often use the obtained scans as the starting point of their method.
However, imaging begins from the moment the patient gets into the scanner, and
numerous steps are taken before a clinical expert is presented with the scan. In many
of these steps, automatic and machine learning methods can play a role, see Figure 9.1.
A lot of these steps can be automated before a neuro-radiologist takes a first look
at the scans, which can reduce the radiologist’s workload and provide them with
more consistent information by removing the observer-dependency, for example in the
volume measurement of a glioma.

9.5

Conclusion

The above discussion raises several important questions that need to be addressed
in future research. The most essential question to ask, is what the future clinical
application of radiomics will be.
In the above discussion, several future directions were explored. Perhaps the most
important one, and the direction that currently gets the least amount of attention, is
the use of radiomics methods as a way of democratizing the latest developments in
glioma research. This democratization would require models to be shared publicly,
and requires guidelines on when and how these radiomics models can be used if no
gold standard method is available. These guidelines should be made as accessible as
possible to ensure that the use of these models has a low threshold.
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All in all, radiomics and automated image analysis are definitely here to stay. With
the increasing healthcare costs, the increasing amounts of data, and the decreasing
amount of time clinical experts can spend on a single patient, automatic methods
offer a cheap solution that can efficiently deal with large amounts of data. Several
methodological and clinical barriers still need to be overcome, while keeping in mind
the ultimate goal of improving patient healthcare to guide future research. Ultimately,
we do need to move away from the human eye to more objective analysis methods, while
at the same time making sure that these automated methods provide the information
clinicians need. In this way, we can ensure that the clinicians and the automated
methods will play to each other’s strengths.
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Figure 9.1: Overview of (some) steps in which automated methods and
machine learning methods can play a role, from the moment the
patient steps into the scanner till the eventual patient follow-up.
The arrows indicate the relationship between steps that depend
on one another.

Summary
In recent years, automated image analysis and machine learning methods have
had a significant impact on biomedical imaging research. At the same time, research
on glioma has revealed several genetic features that drive the aggressiveness of these
tumours. These two developments have popularized the field of radiomics, where
imaging features are extracted from biomedical images and correlated with the clinical
characteristics of a tumour. In this thesis, I combined the latest insights from clinical
and radiomics research, focussing on the automated image analysis of glioma magnetic
resonance imaging (MRI) scans.
Chapter 1 introduces the current clinical understanding and management of
glioma. It focusses on the role that a glioma’s genetic features play in the aggressiveness
and treatment response of the tumour, and the role of these genetic features in clinical
decision making. In this chapter, I also introduce the current role of biomedical
imaging in the clinical management of glioma.
In Chapter 2, I provide a general introduction to automated image analysis and
machine learning methods. I explain the methodology underlying several machine
learning techniques and discuss the importance and potential pitfalls of setting up
an adequately executed radiomics study. This chapter also discusses infrastructure
resources that researchers can use to efficiently carry out radiomics experiments.
In Chapter 3, I used MRI data from 224 low grade glioma (LGG) patients to
investigate whether there is a relationship between the location of a tumour and its
genetic features. If such a relationship exists, these localization features can be used
in a clinical setting as a first indication of a tumour’s genetic features. I found that
isocitrate dehydrogenase (IDH)-mutated LGG were more frequently located in the
frontal lobes and IDH-wildtype LGG were more frequently located in the basal ganglia
of the right hemisphere. Tumours that showed 9p loss were more frequently located
in the left parietal lobes. For other genetic features, such as the 1p/19q co-deletion
status, no significant association with the tumour location was found.
Motivated by the findings of Chapter 3, I also investigated potential localization
features for high grade glioma (HGG), where different genetic features play a role.
To this end, in Chapter 4, I used MRI data from 435 IDH-wildtype HGG patients
to determine whether there is a relationship between the tumour location and the
O6 -methylguanine-methyltransferase (MGMT) methylation status of the glioma. A
visual inspection suggested that MGMT unmethylated glioma were more frequently
located in the bifrontal and left occipital periventricular areas and less frequently near
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the right occipital periventricular area. However, a statistical analysis did not support
a significant relationship between the tumour localization and the MGMT methylation
status.
The localization features as used in Chapters 3 and 4 are only a small subset of
the imaging features that can be extracted from MRI scans. Therefore, in Chapter 5,
I developed a radiomics method that predicts the 1p/19q status of non-enhancing
LGG using a support vector machine (SVM) based on 78 imaging features extracted
from preoperative MRI scans as well as 2 clinical features. Data from 284 patients was
used to develop the method, and an independent dataset of 129 patients was used to
evaluate the method. This method was successful in predicting the 1p/19q status and
outperformed two out of four clinical experts that performed the same task. Further
analysis showed that the method mainly based its predictions on imaging features
that were previously related to the 1p/19q status in the literature.
The results from Chapter 5 showed the importance of using a large, diverse
dataset for the development of a radiomics method. However, the clinical datasets
that are used in radiomics research are often unstructured, complicating the automatic
processing of the data. Therefore, in Chapter 6, I proposed a method that solves
the problem of using unstructured, large-scale biomedical imaging data. This method,
based on a convolutional neural network, can predict the type of brain MRI scans and
can automatically sort the data based on the predicted type, providing a tremendous
speed-up compared to the manual sorting of these datasets. The method was trained
using 11,065 MRI scans of 719 glioma patients and tested on 2360 scans of 192 glioma
patients. It was also tested on 7227 scans of 1318 Alzheimer’s patients, to show the
generalizability of our method to MRI scans that do not contain brain tumours. Our
method was able to predict the type of the scan with near-perfect accuracy in both
the glioma patients and the Alzheimer’s patients.
I used the method developed in Chapter 6 to create the largest, most diverse
glioma MRI dataset to date. This dataset has been made publicly available and is
described in Chapter 7. The dataset contains imaging data, genetic and histological
features, and tumour segmentations of 774 patients with glioma. The public availability
of this data allows for the development and validation of new radiomics and automated
segmentation methods.
The dataset described in Chapter 7, along with other publicly available data,
was used in Chapter 8 to develop a method that can simultaneously segment glioma
and predict their IDH status, 1p/19q status, and grade using preoperative MRI scans.
By predicting these genetic and histological features, a tumour can be categorized
according to the World Health Organization (WHO) 2016 guidelines. This method
was based on an existing convolutional neural network architecture, which was altered
to enable the multiple, simultaneous predictions. By optimizing the model, I was able
to use the full 3D MRI scan as an input, despite the limited computational resources
available to train the model. Furthermore, this method was designed to work on
all types of glioma, regardless of their clinical characteristics or visual appearance.
This method was developed using a dataset of 1508 glioma patients and tested on an
independent dataset of 240 patients. The method achieved good performance for all of
the different tasks, demonstrating the potential of using a single method for multiple
tasks.
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Finally, in Chapter 9, I discuss the contributions of this thesis towards the
improvement of the image analysis of glioma. Although there are still hurdles to
overcome before automated image analysis and machine learning methods will be
commonplace in the clinic, there is a clear potential for these methods to contribute
to the diagnosis and treatment of glioma in a significant way.

Samenvatting
In de afgelopen jaren hebben automatische beeldanalyse methodes en machine learning een grote impact gehad op onderzoek op het gebied van biomedische beeldanalyse.
Tegelijkertijd heeft onderzoek naar gliomen verschillende genetische eigenschappen
aangetoond die bepalend zijn voor de agressiviteit van tumoren. Door deze ontwikkelingen is “radiomics” erg populair geworden. Radiomics methodes extraheren
beeldeigenschappen uit biomedische beelden en correleren deze eigenschappen met de
klinische karakteristieken van een tumor. In dit proefschrift combineer ik de meest
recente inzichten vanuit klinisch en radiomics onderzoek en pas ik deze inzichten toe
op de automatische beeldanalyse van magnetic resonance imaging (MRI) scans van
gliomen.
Hoofdstuk 1 introduceert de huidige klinische kennis en behandeling van gliomen.
In dit hoofdstuk leg ik de relatie tussen de genetische eigenschappen en de agressiviteit
van een glioom uit, alsmede hoe de genetische eigenschappen van een glioom bepalend
kunnen zijn voor de effectiviteit van een bepaalde behandeling. Verder bespreek ik de
rol die deze genetische eigenschappen spelen bij beslissingen binnen het behandeltraject
van gliomen. Ook introduceer ik de huidige rol van biomedische beeldvorming bij de
klinische behandeling van gliomen.
In Hoofdstuk 2 geef ik een algemene introductie van automatische beeldanalyse
methodes en machine learning methodes. Ik leg onder andere de methodologie achter
verschillende machine learning technieken uit, en bediscussieer het belang van een
goed uitgevoerde radiomics studie en de mogelijke valkuilen bij het opzetten van een
dergelijke studie. Dit hoofdstuk refereert ook aan een aantal infrastructuurmiddelen
die onderzoekers kunnen gebruiken om radiomics experimenten op een efficiënte manier
uit te voeren.
In Hoofdstuk 3 gebruik ik MRI data van 224 patiënten met een laaggradig glioom
(LGG) om te onderzoeken of er een relatie bestaat tussen de locatie en genetische
eigenschappen van een tumor. Als een dergelijke relatie bestaat kunnen deze locatieeigenschappen in een klinische omgeving worden gebruikt als een eerste indicatie
voor de genetische eigenschappen van een glioom. Ik heb ontdekt dat isocitraat
dehydrogenase (IDH) gemuteerde LGG vaker voorkwamen in de frontaalkwab en dat
IDH wild type LGG vaker voorkwamen in de basale ganglia van de rechter hersenhelft.
Tumoren met verlies van chromosoom 9p kwamen vaker voor in de linker pariëtale
kwab. Voor andere genetische eigenschappen, zoals de 1p/19q co-deletie status, heb ik
geen significante relatie met de tumor locatie ontdekt.
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Naar aanleiding van de resultaten van Hoofdstuk 3 heb ik onderzocht of er in
hooggradige gliomen (HGG), waarin andere genetische eigenschappen van belang zijn
dan bij LGG, ook een relatie bestaat tussen de genetische eigenschappen en de locatie
van de tumor. In Hoofdstuk 4 heb ik daartoe MRI data van 435 patiënten met een
IDH wild type HGG gebruikt om te onderzoeken of er een relatie bestaat tussen de
locatie en de O6 -methylguanine-methyltransferase (MGMT) methylatiestatus van een
tumor. Bij een visuele inspectie leken MGMT ongemethyleerde gliomen vaker voor te
komen in de bifrontale en linker occipitale periventriculaire gebieden en leken ze minder
vaak voor te komen in het rechter occipitale periventriculaire gebied. Statistische
analyse liet echter geen significante relatie zien tussen deze of andere gebieden en de
MGMT methylatiestatus.
De locatie-eigenschappen zoals die zijn bepaald in Hoofdstukken 3 en 4 zijn
maar een klein deel van de beeldeigenschappen die kunnen worden geëxtraheerd uit
MRI scans. In Hoofdstuk 5 heb ik daarom een radiomics methode ontwikkeld die
de 1p/19q co-deletie status van niet-aankleurende LGG voorspelt. Deze voorspelling
wordt gedaan door een support vector machine op basis van 78 beeldeigenschappen
die zijn geëxtraheerd uit preoperatieve MRI beelden en 2 klinische eigenschappen. Ik
heb data van 284 patiënten gebruikt om deze methode te ontwikkelen, vervolgens heb
ik de methode getest op een onafhankelijke dataset van 129 patiënten. Deze methode
kon de 1p/19q co-deletie status succesvol voorspellen en was beter dan de voorspelling
van twee van de vier klinische experts. Verdere analyse liet zien dat de radiomics
methode haar voorspelling voornamelijk baseerde op beeldeigenschappen die al eerder
in de literatuur aan de 1p/19q status gerelateerd waren.
De resultaten uit Hoofdstuk 5 tonen het belang aan van een grote, diverse dataset
voor de ontwikkeling van een radiomics methode. Echter, klinische datasets die gebruikt
worden in radiomics onderzoek zijn initieel vaak ongestructureerd, wat het gebruik van
deze datasets bemoeilijkt. Daarom heb ik in Hoofdstuk 6 een methode ontwikkeld
die het gebruik van ongestructureerde, grootschalige datasets van biomedische beelden
vergemakkelijkt. Deze methode is gebaseerd op een convolutioneel neuraal netwerk
(CNN) en deze methode kan het type van MRI hersenscans voorspellen. Op basis van
het voorspelde type kan deze methode de data vervolgens automatisch structureren.
Ik heb 11.065 MRI scans van 719 patiënten met een glioom gebruikt om de methode
te ontwikkelen en de methode vervolgens getest op 2.369 scans van 192 patiënten
met een glioom. Om de generaliseerbaarheid naar hersenscans van patiënten zonder
glioom aan te tonen is de methode ook getest op 7.227 scans van 1.318 patiënten met
de ziekte van Alzheimer. Mijn methode kon het type van de scan nagenoeg perfect
voorspellen bij zowel de patiënten met een glioom als de patiënten met de ziekte van
Alzheimer.
De methode uit Hoofdstuk 6 heb ik gebruikt om de tot op heden grootste en
meeste diverse MRI dataset van patiënten met een glioom samen te stellen. Deze
dataset is openbaar beschikbaar gemaakt, en de dataset staat beschreven in Hoofdstuk 7. De dataset bestaat uit MRI scans, genetische en histologische eigenschappen,
en een aflijning van de tumor voor 774 patiënten met een glioom. Doordat deze dataset
openbaar beschikbaar is, kan deze worden gebruikt voor de ontwikkeling en validatie
van nieuwe radiomics en automatische segmentatiemethodes.
De dataset uit Hoofdstuk 7 heb ik vervolgens in Hoofdstuk 8 gebruikt om een
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methode te ontwikkelen die de tumor kan aflijnen en tegelijkertijd de IDH status,
1p/19q co-deletie status, en graad van de tumor kan voorspellen. Door al deze genetische en histologische eigenschappen van de tumor te voorspellen, kan de tumor worden
gecategoriseerd op basis van de aanbevelingen van de World Health Organization
(WHO) uit 2016. Deze methode is gebaseerd op een bestaande CNN architectuur,
die ik heb aangepast zodat het mogelijk was om de verschillende genetische en histologische eigenschappen gelijktijdig te voorspellen. Door het model te optimaliseren
was ik in staat om de volledige 3D MRI scan te gebruiken als een invoer voor het
netwerk, ondanks de technische beperkingen. Ik heb een dataset van 1.508 glioom
patiënten gebruikt om deze methode te trainen en heb de methode vervolgens getest
op een onafhankelijke dataset van 240 patiënten. De methode behaalde een goede
nauwkeurigheid voor het voorspellen van de verschillende eigenschappen, wat de
potentie om één enkele methode te gebruiken voor meerdere voorspellingen laat zien.
Tot slot bediscussieer ik in Hoofdstuk 9 de bijdragen die dit proefschrift heeft
geleverd aan het verbeteren van de beeldanalyse van gliomen. Alhoewel er nog een
aantal hindernissen genomen dienen te worden voordat automatische beeldanalyse
methodes gemeengoed zullen zijn in de klinische praktijk, is het duidelijk dat deze methodes significant kunnen bijdragen aan het verbeteren van de diagnose en behandeling
van gliomen.
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Courses

Year

Advanced MRI physics
UMC Utrecht, The Netherlands

2017

7

Advanced Pattern Recognition
Delft University of Technology, The Netherlands

2017

4

Data Carpentry Genomics Workshop
University of Amsterdam, The Netherlands

2017

1

English Biomedical Writing and Communication
Erasmus MC, The Netherlands

2017

3

NFBIA summerschool
NFBIA, The Netherlands

2017

3

Research Integrity
Erasmus MC, The Netherlands

2018

0.3

Data Visualization
TU Eindhoven, The Netherlands

2019

3

ECTS

21.3
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PhD portfolio
International and local research meetings

Year

NVPHBV
Eindhoven, The Netherlands

2016

0.3

Landelijke Werkgroep Neuro-Oncologie
Utrecht, The Netherlands

2017

0.3

Medical Imaging Symposium for PhD students
Utrecht, The Netherlands

2017

0.3

European Congress of Radiology
Vienna, Austria

2017

1

International Symposium on Biomedical Imaging
Melbourne, Australia

2017

1

Dutch Techcentre for Life Sciences workshop
Utrecht, The Netherlands

2018

0.3

European Society of Neuroradiology Meeting
Rotterdam, The Netherlands

2019

1

Medical Imaging Symposium for PhD students
Groningen, The Netherlands

2019

0.3

European Society for Magnetic Resonance in
Medicine and Biology Meeting
Rotterdam, The Netherlands

2019

1

European Society for Magnetic Resonance in
Medicine and Biology Meeting
Online

2020

1

Biomedical imaging group seminars (biweekly)
Erasmus MC, The Netherlands

2016 – 2020

1

Medical Informatics research lunch meeting
(biweekly)
Erasmus MC, The Netherlands

2016 – 2020

1

Radiomics research meetings (monthly)
Erasmus MC, The Netherlands

2016 – 2019

0.5

Neuro-Oncology meeting (monthly)
Erasmus MC, The Netherlands

2016 – 2020

0.5

Total

ECTS

9.5
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Bachelor Clinical Technology
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Image Processing
Junior Med School

2018

Image Processing
Medical Delta Minor

2018

Advanced Image Processing
Master Technical Medicine

2018 – 2019

Image Processing
Bachelor Clinical Technology

2019

Student supervision

Year

Supervision internship - Jose Castillo Tovar
Deep learning radiomics for glioma imaging

2016 – 2017

0.5

Supervision Bachelor thesis - Mink Oosterhout
Radiogenomics of low grade glioma using a
semi-supervised learning approach

2017 – 2018

0.5

Supervision internship - Dai Rui
Missing feature in radiomics: application of the
1p/19q status in presumed low-grade glioma

2017

0.5

Co-supervision internship - Paul De Almeida
Robustness of Radiomics features to segmentation
variation

2017

0.5

Supervision of Master thesis - María García Sanz
Predicting 1p/19q co-deletion status in low grade
gliomas - The effect of using local binary
convolutional networks

2018

1

Total

ECTS

3
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Grants & Awards

Year

IMDI talent prize (second place)

2017

NVidia GPU grant (together with Dr. Stefan Klein)

2018

Pilot grant SURFsara (800,000 billing units)

2018 – 2020

Committees

Year

Radiomics meeting
Organizing member

2016 – 2019

Imaging Research on the Move
Organizing member

2017 – 2018

GPU cluster committee
Committee member

2017 – 2018

BIGR website committee
Committee member

2017 – 2018

MISP committee
Organizing member

2018

Dutch Hacking Health Rotterdam
Chair
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Radiology dinner committee
Organizing member

2019

Radiomics GPU cluster
Cluster administrator

2018 – 2020

Promeras
Treasurer/Committee member

2018 – 2020

Young Medical Delta
Chair/Committee member

2018 – 2020

Glossary
1p/19q co-deletion A genetic mutation where the long arm of chromosome 1 and
the short arm of chromosome 19 are absent. Glioma that are 1p/19q co-deleted
show better survival than glioma that are 1p/19q intact.
astrocytoma Historically a type of glioma where the cancerous cells mutated from
astrocyte cells. In the WHO 2016 guidelines it is a 1p/19q intact tumour, either
IDH-mutated or IDH-wildtype.
glial cell A type of brain cell that plays a supporting role in the central nervous
system.
glioblastoma A grade IV glioma, the most aggresive type.
glioma A type of brain tumour. The cancerous cells that make up a glioma mutated
from (healthy) glial cells.
IDH mutation Genetic mutation of the IDH gene on chromosome 2 or chromosome
15. Glioma that are IDH-mutated show a better survival than IDH-wildtype
glioma.
MGMT methylation Genetic mutation of the MGMT gene on chromosome 10.
Glioblastoma that are MGMT methylated show a better survival than MGMT
unmethylated glioblastoma.
oligoastrocytoma Historically a type of glioma where the cancerous cells mutated
from a mixture of oligodencrocyte and astrocyte cells. It no longer exists in the
WHO 2016 guidelines.
oligodendroglioma Historically a type of glioma where the cancerous cells mutated
from oligodencrocyte cells. In the WHO 2016 guidelines it is the least aggresive
glioma, and is 1p/19q co-deleted and IDH mutated.
tumour A lump of cancerous cells.
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Acronyms
ABIDE Autism Brain Imaging Data Exchange.
ADC apparent diffusion coefficient.
ADNI Alzheimer’s Disease Neuroimaging Initiative.
API application programming interface.
AUC area under the receiver operating characteristic curve.
AUMC Amsterdam UMC.
BIDS brain imaging data structure.
BITE brain images of tumors for evaluation.
BraTS Brain Tumor Segmentation challenge.
CEST chemical exchange saturation transfer.
CI confidence interval.
class class.
CNN convolutional neural network.
CNS central nervous system.
CNV copy number variation.
CoLlAGe co-occurrence of local anisotropic gradient orientations.
COM center of mass.
CPTAC-GBM Clinical Proteomic Tumor Analysis Consortium Glioblastoma Multiforme.
CSF cerebral spinal fluid.
CT computed tomography.
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DICOM digital imaging and communications in medicine.
DWI diffusion-weighted imaging.
EGD Erasmus Glioma Database.
EMC Erasmus MC, University Medical Centre Rotterdam.
FFPE formalin-fixed-paraffin-embedded.
FISH fluorescence in situ hybridization.
FPR false positive rate.
FSL FMRIB software library.
GBM glioblastoma multiforme.
GLCM grey level co-occurence matrix.
GLRLM grey level run length matrix.
GLSZM grey level size zone matrix.
GPU graphics processing unit.
HD Hausdorff distance.
HGG high grade glioma.
HMC Haaglanden Medical Centre.
IBSI Imaging Biomarker Standardization Initiative.
ICBM International Consortium for Brain Mapping.
IDH isocitrate dehydrogenase.
IQR interquartile range.
Ivy GAP Ivy Glioblastoma Atlas Project.
KPS Karnofsky performance score.
LBP local binary pattern.
LGG low grade glioma.
LoG Laplacian of Gaussian.
MGMT O6 -methylguanine-methyltransferase.

Acronyms

Acronyms
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MLPA multiplex ligation-dependent probe amplification.
MNI Montreal Neurological Institute.
MR magnetic resonance.
MRI magnetic resonance imaging.
NGS next-generation sequencing.
NIfTI Neuroimaging Informatics Technology Initiative.
OASIS Open Access Series of Imaging Studies.
PCA principle component analysis.
PDw proton density weighted.
PET positron emission tomography.
PPMI Parkinson’s Progression Markers Initiative.
PWI perfusion-weighted imaging.
PWI-ASL arterial spin labeling perfusion-weighted imaging.
PWI-DSC perfusion-weighted dynamic susceptibility contrast.
RADISTAT RADIomic Spatial TexturAl descripTor.
REMBRANDT Repository of Molecular Brain Neoplasia Data.
RF random forest.
RIDER Neuro MRI Reference Image Database to Evaluate Therapy Response:
Neuro MRI.
ROC receiver operating characteristic.
ROI region of interest.
SD standard deviation.
SI signal intensity.
SMOTE synthetic minority over-sampling technique.
SVM support vector machine.
T1w T1-weighted.
T1wC post-contrast T1-weighted.
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Acronyms

T2w T2-weighted.
T2w-FLAIR T2-weighted fluid attenuated inversion recovery.
TCIA The Cancer Imaging Archive.
TPR true positive rate.
UMCU University Medical Center Utrecht.
USIGT The Norwegian National Advisory Unit for Ultrasound and Image Guided
Therapy.
VOI volume of interest.
VSC volumetric similarity coefficient.
WHO World Health Organization.
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