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Abstract
Background and purpose: Glioma is the most common type of brain tumor,
and there is a continuous need for research on the relations between glioma related
effects on the brain and patient health related quality of life. Brain imaging gives
the potential to investigate changes in the brain. This thesis aims to facilitate the
future work of a research group at Sahlgrenska University Hospital by developing a
workflow including pre-processing of diffusion-weighted magnetic resonance images
(DWI), performing tractography, and analyzing the resulting brain tracts.

Methods: The open-source white matter segmentation tool TractSeg was applied
after image pre-processing steps including removal of noise, Gibbs ringing artifacts,
susceptibility-induced distortions, eddy currents, motion artifacts, and bias fields, as
well as registration to MNI space. Tract approximations of 16 glioma patients were
compared to those of 42 healthy subjects from the Human Connectome Project using
TractSeg’s Tractometry module. The comparison was based on fractional anisotropy
and fiber orientation distribution peak length.

Results: TractSeg successfully computed 99.0% of the tracts for the 16 glioma pa-
tients and demonstrated indications of ability to handle the skewed brain anatomies
observed in glioma patients. The comparison of fractional anisotropy between pa-
tients and healthy subjects revealed that the most affected brain tracts in the cohort
were the anterior thalamic radiation, corpus callosum, cingulum, and striato-fronto-
orbital tract. The comparison based on peak length indicated the most affected
tracts to be the anterior thalamic radiation, corpus callosum, striato-fronto-orbital,
thalamic-premotor, and thalamo-parietal tract.

Conclusions: The most affected brain tracts, as determined by fractional anisotropy
and peak length comparison, were mostly located in the frontal lobe, which is consis-
tent with previous findings related to glioma localization. TractSeg exhibits poten-
tial for performing tractography on glioma patient images and generating accurate
tract approximations. The absence of ground control brain tract outlining poses
challenges in quantitatively evaluating TractSeg performance on glioma-induced
shifted brain anatomy and the following tract analysis. To enable future research,
it is advisable to conduct a comparison with a control method to evaluate the per-
formance of TractSeg.

Keywords: tractography, glioma, diffusion-weighted imaging, pre-processing, con-
strained spherical deconvolution, TractSeg
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DTI - Diffusion tensor imaging
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1
Introduction

Glioma is the most common type of malignant brain tumor, accounting for around
30% of all tumors in the central nervous system [1]. 15% of the gliomas are low-
grade gliomas, affecting 1 per 100 000 persons each year, and are characterized
by slow-growing tumors that eventually become more aggressive and lead to death
[2]. The clinical care process for gliomas is illustrated in Figure 1.1, and is most
often initiated due to some tumor symptom. The most common tumor symptom is
new-onset epileptic seizures [3], but can also be fatigue, headache, or vision loss [4].
A proportion of tumor patients are discovered incidentally, for example when they
undergo a magnetic resonance imaging (MRI) session due to reasons not related to
the tumor, and the tumor is detected [3].

Figure 1.1: Flow chart of the clinical care workflow.

Typically clinical examination and brain MRI are used to form an initial treatment
plan, which normally starts with surgery, and further treatment consists of a com-
bination of radiotherapy and chemotherapy [4]. Through a biopsy taken during
surgery, often in conjunction with tumor resection (surgical removal of the tumor),
a molecular diagnosis of the tumor is made [4]. Moreover, the patients will regularly
undergo follow-ups in terms of MRI after treatment since gliomas are non-curable
[5].

Although diagnosed patients can now survive longer because of advancements in
treatment, there are potential negative outcomes after surgery, such as sustained
cognitive, emotional, and social function impairment [6]. How the impairments are
related to tumor properties, tumor effect on the brain, and treatment is however
not clear. Additionally, the slow growth of low-grade gliomas could induce brain
plasticity, i.e., the ability of the brain to re-organize and move functions to different
locations. However, it still remains to be investigated to what extent brain plasticity
occurs in glioma patients and how it is connected to patients’ health-related quality
of life.
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1. Introduction

1.1 Aims and objectives
This thesis is part of a research project at Sahlgrenska University Hospital that
studies how clinical and imaging data, including tumor properties and anatomical
and functional changes in the brain, are related to glioma patients’ cognitive function
and quality of life. One area of interest for the research project is to study white
matter brain tracts of glioma patients to acquire further knowledge on gliomas and
the treatment of gliomas. To enable the future work of the research project, this
thesis aims to make preparatory work in terms of processing and analyzing diffusion-
weighted MR images, for the purpose to investigate brain tract health and changes.

The objective of this thesis is to establish an automatic image-processing work-
flow to obtain nerve tract approximations from diffusion-weighted MR images from
glioma patients. The workflow will be based on already existing functions and tools
and consist of pre-processing steps to correct for image artifacts before performing
tractography that outputs 2D and 3D images of the brain tracts. The resulting im-
ages will be further analyzed to investigate the properties of glioma patients’ brains.
Questions to investigate in the project are: how are the tracts of the patients in the
cohort affected by the gliomas? Are some tracts affected more than others? Which
methods are most suitable for the analysis of the tracts?

2



2
Theory

The theoretical background to the project includes basics on the anatomy of the
brain and its white matter tracts, followed by the steps needed for imaging the
tracts using magnetic resonance imaging and a description of how the tracts can be
analyzed.

2.1 Anatomy of the brain
The brain consists of nerve cells, called neurons, and different types of glial cells.
Glial cells provide support to the neurons in terms of for example supplying nutri-
ents, repairing, making myelin, and immune defense. The cell bodies of the neurons,
see Figure 2.1, mainly contain water and constitute what is called the gray matter of
the brain. Axons are outgrowths of the neurons that transmit signals, and they are
covered in fatty sheaths called myelin to increase the speed of signal transduction.
The myelinated axons make up the white matter of the brain [7].

Figure 2.1: Drawing of a neuron.

2.1.1 Brain tracts
Brain tracts, or fasciculi, are bundles of axons that send information between dif-
ferent areas of the brain. Cell bodies of neurons that are close to each other and
have similar connections in the brain are grouped into nuclei. The cell bodies in
a nucleus are connected to other neurons via their axons and since the axons of a
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2. Theory

nucleus tend to go along a similar route, they naturally form bundles that connect
nuclei of different locations in the brain, and those bundles are called tracts [7].
A smaller bundle of axons can be called a fiber and therefore, a tract can also be
termed a bundle of fibers. The tracts can be seen as neural highways going from one
area in the brain to another and the brain contains an intricate network of tracts
enabling all necessary functions that the brain supplies.

Classification of the tracts can be done into association fibers, commissural fibers,
and projection fibers. There are short association fibers, also called U fibers, that
connect neighboring areas of the brain, and long association fibers that connect
areas further away within the same hemisphere. Depending on how the tracts are
distinguished, e.g., by dissection or imaging, there are different ways to classify the
tracts to either belong to the association, commissural, or projection fibers [8]. Table
A.1 in Appendix A displays tracts according to how the open-source white matter
segmentation tool TractSeg[9] classifies them, which will be the classification used
in this project.

The association fibers include for example the superior longitudinal fascicle, cingu-
lum, and arcuate fascicle (see Figure 2.2). Opposed to the association fibers that
connect areas within one hemisphere, the commissural fibers form bridges between
the two hemispheres, of which the most important tract is the corpus callosum.
The projection fibers connect the cerebral cortex to structures below, such as the
spinal cord. Examples of projection fibers include the corticospinal tract and optic
radiation (see Figure 2.2). Moreover, all the tracts connect different areas of the
brain and can hence be related to different functions, e.g., the superior longitudi-
nal fascicle transmits signals related to many cognitive functions such as memory,
emotions, and language, and the arcuate fascicle is involved in processing language.
The corticospinal tract connects the motor cortex to the spinal cord and is hence
imperative for motor control, while the optic radiation makes sure signals from the
optic nerve are sent to the visual cortex in the occipital lobe [10].

2.2 Diffusion weighted imaging
The imaging modality considered in the project, diffusion-weighted imaging (DWI),
is a type of magnetic resonance imaging (MRI), where magnetic properties of tissues
are used to get insight into the imaged body part. In MRI, magnetic fields and
magnetic field gradients are applied around the subject making hydrogen atoms in
the body of the subject align with the fields. Measurable signals are created by
exciting the atoms with radio-frequency pulses, where the signals depend on the
type of tissue being imaged and the settings in the MR scanner [13].

There are different settings that can be used to affect how tissues are displayed in
MRI and specifically affect how the tissues are weighted. For instance, T1-weighted
images normally result in a high signal from fat, making the white matter of the
brain bright, and a smaller signal from water, making the cerebrospinal fluid and
the gray matter darker. On the other hand, T2-weighting results in images with
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2. Theory

Figure 2.2: Tracts visualized in 3D Slicer[11] using TractSeg[12] on data from
the Human Connectome Project. From left: corticospinal tract in anterior view,
optical radiation in inferior view, and lateral view of the right arcuate fascicle.
Blue indicates that the direction of the tract is superior-inferior, red is for the
right-left, and green symbolizes the anterior-posterior direction of the tract.

bright areas where there is a lot of water and dark where there is more fat. Another
option is to create contrast based on diffusion, which is done in DWI [13].

DWI is done by applying two extra magnetic field gradients to the MR scheme.
The principle can be seen in Figure 2.3. First, a dephasing gradient is applied and
after some time a rephasing gradient is applied, which is the opposite of the first
gradient. If the hydrogen atoms stay in the same physical location the rephasing
gradient will make them return to where they were before the dephasing gradient.
However, if there is diffusion in the tissue, the atoms will move to other locations
and not receive the opposite of the first dephasing gradient, which leads to signal
loss in DWI [14].

Figure 2.3: Visualization of the idea behind DWI. Two hydrogen atoms are in
phase and can send a signal, a dephasing gradient is applied, one hydrogen atom
diffuses away and does not receive the rephasing gradient, which leads to signal
loss.

The signal loss in DWI depends on the rate of diffusion and properties of the extra
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2. Theory

gradient pair. The gyromagnetic ratio of hydrogen γ, the amplitude G and duration
δ of the gradient, and the time between the two gradients ∆, are combined to the
b-value (s/mm2) via

b = γ2G2δ2(∆ − δ/3). (2.1)

A higher b-value indicates more diffusion weighting and a b-value of 0 s/mm2 means
no diffusion weighting [15].

Diffusion is the random movement of water, where the water molecules bump into
one another and move in any direction where there is no obstacle. Water can diffuse
along the tracts of the brain, creating a direction of diffusion. If the diffusion
has directionality, it is called anisotropic diffusion, otherwise, it is called isotropic
diffusion. Although a DWI image acquired with one set of dephasing and rephasing
gradients can give information about if there is diffusion and magnitude, it can
not determine the direction. To determine the direction of diffusion and perform
tractography (to obtain the tracts of the brain) it is necessary to apply multiple
gradients in different directions [14]. The information of the directions is stored in
b-vectors, which contain three values for each b-value that correspond to the x, y,
and z directions of the applied gradients [16]. Additionally, to motivate the need
for multiple diffusion gradients to determine the direction of diffusion, consider that
the diffusion gradients are applied in the y-direction and there is diffusion in the
x-direction, then there would be no signal loss. On the other hand, if the gradients
were in the x-direction, the diffusion in the x-direction would lead to signal loss.

After performing DWI on a subject, the resulting data will be a 4D image, with
one 3D image for each gradient direction. Figure 2.4 illustrates how the different
dimensions of DWI images are connected to descriptions in this thesis. DWI slice is a
2D slice, which will be the type of image that is displayed most often in illustrations.
DWI volume or DWI image is one 3D volume containing all the DWI slices, making
up a 3D representation of the brain. Finally, DWI images is a broad term describing
all the 3D volumes that make up the 4D image, which is the complete set of the
DWI data for a subject.

Figure 2.4: The difference in words between dimensions of DWI images.

2.3 Tractography
The process of obtaining nerve tract approximations from DWI images is called trac-
tography [15]. Figure 2.2 displays visualizations (tractograms) of three tracts after

6



2. Theory

tractography has been performed. There are many methods to perform tractogra-
phy, ranging from manual to automatic workflows, and utilizing different mathe-
matical concepts. Tractography generally starts with finding the fiber orientation
in each voxel (3D pixel), followed by tracking of the fibers and clustering the fibers
to form the different tracts [16]. There are different methods for finding the fiber
orientation and the ones described in this thesis will be: tensor-based via diffusion
tensor imaging, and constrained spherical deconvolution. After finding the fiber
orientation and performing either deterministic or probabilistic fiber tracking, it is
common to use manual segmentation to perform the clustering to form the different
tracts in a clinical setting. Manual segmentation is however time-consuming and re-
lies on the performance of the expert, but it can be done automatically with newly
developed technologies [12], as will be done in this thesis.

2.3.1 Diffusion tensor imaging

The most common method to find the fiber orientation of each voxel is to utilize
a tensor model, and the subsequent area of study is hence called diffusion tensor
imaging (DTI). In DTI, the diffusion in a voxel is represented with an ellipsoid (see
Figure 2.5), having one principal axis representing the principal diffusion direction.
An ellipsoid can be defined with six parameters; three eigenvectors defining the
orientation of three perpendicular axes pointing in the longest (v1), middle (v2),
and shortest (v3) direction of the ellipsoid, and three eigenvalues (λ1, λ2, λ3) defining
the length of the three axes.

Figure 2.5: Ellipsoid in a voxel with three eigenvectors and their corresponding
eigenvalue marked in the figure.

To measure diffusion and compare it between different tracts or subjects, there are a
few different metrics that can be calculated based on the tensor model in DTI. The
eigenvalues of the diffusion tensor can be combined to measures of axial diffusivity
(AD), mean diffusivity (MD), and radial diffusivity (RD). AD is equal to λ1, while
MD is the average of all eigenvalues, and RD is the average of λ2 and λ3. Yet, the
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2. Theory

most common metric is fractional anisotropy (FA)

FA = 1√
2

√
(λ1 − λ2)2 + (λ2 − λ3)2 + (λ3 − λ1)2

λ1
2 + λ2

2 + λ3
2 , (2.2)

which estimates how much the ellipsoid differs from a perfect sphere. An FA value of
zero indicates that the diffusion is estimated with a sphere, and a higher FA indicates
that the diffusion in a voxel is more anisotropic and has more directionality [14].
Attempts have been made to connect FA to microstructural properties of the white
matter, and is commonly interpreted as a measure of white matter integrity [16].
Although, FA can depend on other factors than the integrity of the white matter,
e.g., axon density and axon diameter [17].

The power of DTI lies in the low number of DWI images per patient required to
find the fiber orientation in a voxel and the resulting short image acquisition time.
One limitation is the assumption that one voxel only contains one fiber, which can
be false in voxels where fibers cross [16].

2.3.2 Constrained spherical deconvolution
An alternative to DTI is to obtain the fiber orientation using constrained spherical
deconvolution (CSD), which has been proven to handle fiber crossings better than
DTI [16]. CSD estimates the fiber orientation distribution (FOD) of a voxel by
assuming that the signal in each voxel is the spherical convolution between a response
function and the FOD, where the response function is the diffusion-weighted signal of
a voxel with only one fiber along the z-axis. Spherical convolution utilizes spherical
harmonics, Fourier transforms of spherical signals, as basis functions for the signal.
Constrained spherical deconvolution is done to obtain the FOD, where the constraint
is non-negativity on the FOD to reduce noise [18].

Figure 2.6 illustrates the difference between the tensor model and FOD in two dif-
ferent cases. If there is just one direction of diffusion, i.e., one direction of the fibers
in a voxel, both the tensor model and FOD can satisfactorily characterize the diffu-
sion. On the other hand, if there is a crossing of fibers, the tensor will not be able
to differentiate the fibers, while the FOD can.

2.4 DWI pre-processing
DWI images with a nonzero b-value typically have lower resolution than T1- or T2-
weighted images, which can be because of a fast acquisition scheme or if a lower
magnetic field strength has been used. Furthermore, DWI images are sensitive to
noise and can have a low signal-to-noise ratio [19]. There are also different artifacts
and distortions that can affect DWI images, which can be corrected to improve the
analysis of the images. The pre-processing pipeline has to be adapted to the data at
hand, depending on each situation and the MR machine used. The most common
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2. Theory

Figure 2.6: Two different fiber contents in voxels are modeled differently with
a tensor and an FOD.

artifacts for DWI and their state-of-the-art correction methods which have been
considered for this thesis can be found in [20], and below is a brief description of
the artifacts relevant to this thesis.

2.4.1 Noise

Noise in DWI images is a random fluctuation that typically comes from the move-
ment of electrolytes within the patient or from the receiver coil [21]. The noise
makes the images look blurry and reduces the possibility of distinguishing anatom-
ical features. Apart from hindering visual inspection, the noise can be amplified
when deriving quantitative metrics from the DWI images and affect their values
[20].

2.4.2 Gibbs ringing artifacts

MR images are acquired in frequency domain with the frequency content ranging
from low to high frequencies, but it is impossible to include all the high frequencies
when reconstructing the images, therefore, it is necessary to truncate the frequencies.
If this is done too abrupt it can lead to an artifact called Gibbs ringing, which will
result in an image with oscillating features [20] with multiple fine lines close to
high-contrast interfaces. For DWI, Gibbs ringing could be a less significant problem
because of the low resolution, and hence the distortions can not be seen [16]. It is
however quite common to correct for them if deemed necessary [22]–[24]. Moreover,
the ringing artifacts could affect metric values that are calculated from multiple
DWI images, such as FA values, since the artifact could be cumulative and lead to
worse approximations [20].

9



2. Theory

2.4.3 Susceptibility-induced distortion
When certain acquisition protocols are used to acquire DWI images and the mag-
netic fields contain inhomogeneities, susceptibility-induced distortion can occur [14].
Susceptibility-induced distortions cause geometrical distortions and signal dropout
and mostly affect areas with tissues of different susceptibility [25]. An example of
how the distortions can look is displayed in Figure 2.7, where an unprocessed DWI
slice with distortions anterior to the auditory canals is visualized in 2.7a, while 2.7b
displays the same slice after correction.

(a) Unprocessed DWI slice (b) Processed DWI slice

Figure 2.7: DWI b = 0 slices (i.e., no diffusion weighting), before and after
correction for susceptibility-induced distortion. The area of interest is encircled.

2.4.4 Eddy currents and motion artifacts
While susceptibility-induced distortions affect all DWI volumes of a patient in the
same way, eddy currents, and motion artifacts can result in different shear distortions
in all volumes. The eddy currents can come from the magnets, coils, imperfections
in the diffusion gradients, or from some gradients lingering too long in the tissue
[14]. Consequently, the lingering gradients can combine with the spatial encoding
gradients to alter the read-out signal, which leads to geometrical distortions [20].
Motion artifacts also lead to geometrical distortions, but come from when the patient
moves in the MR scanner.

2.4.5 Bias field
If there is intensity variation within a tissue in an MR image, it is possible that there
is a distortion called bias field. The bias field can come from inhomogeneity in the
magnetic fields or the RF-coils, but also from patient movement [26]. If analysis of
DWI should be done based on the assumption that one tissue has the same intensity,
bias fields can cause issues [27]. Yet, bias field correction is not as common to do as
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2. Theory

the steps described above [20], but it is adopted when deemed needed, for example
in [22], [23], [28], and [29].

2.4.6 Registration
After distortion correction, the DWI images are typically registered to a standard
atlas, aligning the images to the same coordinate system. The most common at-
las is the Montreal Neurological Institute (MNI) space, which is made from a co-
registration of 152 brains. Registration is done in order to be able to compare
different patients’ brains [30]. Either the image is rigidly aligned to MNI, meaning
it is aligned to the coordinate axes of MNI, or the image can be registered to MNI
with a specified size and shape of the brain. These two types of registrations can
be achieved by applying linear transformations and to align the coordinate axes of
the image to MNI. A rigid transformation with six parameters that can rotate or
translationally transform the image. To register the image to MNI with size and
shape too, an affine transformation with 12 parameters is applied, which can enable
rotation, translation, and stretching of the image [31].

2.5 Quantitative tract analysis
The metrics used for quantitative tract analysis can be divided into two types,
microstructural metrics and metrics that come from morphological features of the
computed tracts. Microstructural metrics are related to the microstructure of the
tracts, for example, FA and other metrics. Examples of morphological features are
the size of the tract or the number of streamlines in each tract [32].

When analyzing tracts from glioma patients, the most common approach is to per-
form tractography by using DTI and computing various tensor-based metrics, such
as FA, AD, MD, and RD for analysis. Even though other methods than DTI are
used for tractography, tensor-based metrics are often used for analysis [33]–[35].
There are other metrics that can be derived, for instance from the FOD, one being
the amplitude of a peak of the FOD, termed peak length. Furthermore, the metrics
can either be compared voxel by voxel, averaged for each tract, or it is possible to
compute metrics along the tracts. It has been seen that computing metrics along
tracts, rather than just one average, has benefits for analysis [36]. For example, the
FA-values of a tract can vary a lot along the tract, and if a person has an alteration
in the tract that makes FA higher in one area and also lower in another, an average
FA-value would not show any difference.
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2. Theory
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3
Methods

The Methods include a description of the data sets used in the project and their
properties, followed by a presentation of the workflow to perform tractography on
them, with an emphasis on pre-processing the glioma patients’ images. Furthermore,
a section is included with the selected quantitative analysis of the tractography
results is explained.

3.1 Glioma imaging data
MR images from 16 glioma patients were included in the project, collected at
Sahlgrenska University Hospital. Anonymized T1-weighted images in MNI and DWI
images were made available for this project. T1 images were obtained for anatomical
visualization and visual inspection of resulting DWI tracts and their location, T1
image processing or analysis was not part of this thesis project. The obtained DWI
images were of the following properties: collected by a single-shell (a single b-value)
acquisition protocol with 64 gradient directions, one reverse phase-encoding b = 0
image and with a voxel size of 2.33 mm3.

The workflow to process the glioma patients’ DWI data to perform tractography is
illustrated in Figure 3.1. Firstly, a series of pre-processing steps were performed,
and secondly, the open-source white matter segmentation tool TractSeg[12] was
applied. The pre-processing steps are described below with functions and parameters
and a brief description of the algorithm each function implements, followed by an
explanation of the TractSeg methodology and a motivation for the choice of TractSeg
to perform tractography.

3.1.1 Pre-processing
Pre-processing of the glioma patients’ images was done with functions from the
software packages: MRtrix3[37], FSL[38]–[40], and DIPY[41]. Firstly, denoising
was done using MRtrix3 function dwidenoise[37], [42]–[44]. The function estimates
noise based on the redundancy of data that comes from the multiple diffusion vol-
umes. By using random matrix theory it is possible to fit a distribution (Marchenko-
Pastur distribution) to the eigenspectrum (set of all eigenvalues) of the signal and
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Figure 3.1: Flow chart for the automatic processing workflow of the glioma
patients’ DWI images.

estimate the noise. This step must be done first before any other steps. The resid-
uals (noisy image subtract denoised image) were visually inspected to make sure no
anatomy could be seen, which would indicate that the denoising was not successful.

After denoising followed the removal of Gibbs ringing artifacts with mrdegibbs[37],
[45]. The function applies a method based on local subvoxel-shifts to reinterpolate
the image and overcome the truncation that was done by the low-pass filter [45].

Susceptibility-induced distortion correction, eddy current, and motion correction us-
ing a b = 0 image with reversed phase encoding are all included in dwifslpreproc[25],
[37], [39], [46]. The settings used were -rpe_pair, which specifies that a pair of im-
ages of opposing phase encoding are included, and the pair is specified with -se_epi.
Additionally, to make sure the pair of images are registered to each other, the option
-align_seepi was included. With these described settings dwifslpreproc maxi-
mizes the similarity between the two b = 0 images of opposite phase encoding and by
that estimates the changes to the DWI images needed to correct for susceptibility-
induced distortions [25]. On top of that, the function will correct for eddy currents
and motion artifacts by predicting how the images should look by modeling the
diffusion signal as a Gaussian Process and then iteratively updating the corrections
needed from the error between the predicted images and the observed [46].

Bias field correction was performed using the N4 algorithm from ANTs (Advanced
Normalization Tools) in the MRtrix3 function dwibiascorrect ants[37], [47]. The
N4 algorithm performs normalization of the DWI volumes using algorithms that
maximize high frequencies in the distribution of intensities in the volumes [47]. No
extra parameters were needed for the function.

After correcting the DWI images, brain extraction was performed to ensure only
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brain areas are included in the subsequent processing. FSL’s tool BET[48] was used
with a fractional intensity threshold of 0.5 and a vertical gradient of 0 to generate
brain masks.

FSL’s tool fslreorient2std was applied before the registration to correct for axes
of the DWI images (right-left, anterior-posterior, superior-inferior) not matching
with MNI standard space, in which case the images are reoriented. The registration
was then done by first computing an FA image based on all DWI volumes for a
patient and estimating the transformation needed to register the FA image to the
corresponding patient’s T1-weighted image in MNI-space. The affine transformation
was estimated using the flirt[49]–[51] function in FSL, with 12 degrees of freedom
and mutualinfo as cost function. To register all the DWI volumes to MNI, the
transformation estimated by flirt was applied with the options: applyisoxfm, 12
degrees of freedom, and spline interpolation. The registration results were controlled
manually by inspection of the spatial agreement between the registered image and
an MNI-space brain mask.

Intensity normalization was done with dwinormalise group[37], which required all
subjects to be normalized at the same time, and therefore, both the glioma patients’
and the healthy subjects’ images were normalized at the same time. The function
used an algorithm based on the median b = 0 white matter value to normalize the
intensities.

3.1.2 TractSeg

TractSeg[12] is an open-source white matter segmentation tool for tractography by
performing fiber tracking and sorting the fibers into 72 different tracts, see Table
A.1 in Appendix A. The main components of the tool are three 2D encoder-decoder
artificial neural networks that are trained via supervised learning on Human Con-
nectome Project (HCP) data. The inputs to each network are FOD peaks. Here
they were obtained by performing CSD, which was done by using a modified version
of TractSeg’s source code, to enable the comparison between subjects by apply-
ing the same response function to all subjects. The response function was chosen
to be the average of all subjects’ response function obtained using dwi2response
tournier[37], [52] from MRtrix3, followed by responsemean[37]. dwi2fod csd[18],
[37], [53] was used to compute FODs by applying CSD, and sh2peaks[37], [54] to
compute the peaks of the three principal diffusion directions from each FOD.

TractSeg’s three encoder-decoder networks result in tract segmentations, tract ori-
entation maps (TOM), and start and end region segmentations, where TOMs are
orientation maps for each tract with one FOD peak per voxel. Creating the final
tractograms is also done in TractSeg, using a probabilistic algorithm that requires
the peaks, the tract segmentations, the ending segmentations, and the TOMs. The
obtained tracts consist of a maximum of 2000 streamlines that goes from the start
to the end regions of the segmented tracts [9].
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The choice of TractSeg is motivated based on its performance compared to other
segmentation tools. When comparing TractSeg to a DTI-based tractography method
it was seen that TractSeg showed potential in being more sensitive to microstructural
changes, and also being able to handle lower b-values and DWI volumes than the DTI
method [22]. Furthermore, comparisons between TractSeg and manual segmentation
indicated that TractSeg computes segmentations with more consistency than the
manual method [55], [56]. There are other automatic tract segmentation tools, e.g.,
TRACULA[57], [58] or RecoBundles[59], but TractSeg has been seen to compute
tracts with better accuracy than them, and also for images with reduced quality
[12].

3.2 Healthy subjects imaging data
The data for the normative population in this project was sourced from the Hu-
man Connectome Project (HCP)[60]–[64] Young Adult database, which consists of
individuals who are considered to be in a healthy state. Of the over 1100 subjects
available, 42 persons were included to represent a healthy population, and those per-
sons are a subset of the data that TractSeg was trained on, see description above.
Computational resources limited the inclusion of more healthy subjects. The HCP
images were acquired using a multishell (multiple different b-values) acquisition pro-
tocol with 190 gradient directions with b-values between 5 and 3010 mm/s2, and a
voxel size of 1.25 mm3. Figure 3.2 displays the flow chart for performing tractogra-
phy on the healthy subjects’ images, consisting of pre-processing steps, followed by
TractSeg, applied according to 3.1.2.

Figure 3.2: Flow chart for the tractography of healthy subjects’ DWI images
from HCP.

The healhty subjects’ images were already pre-processed using a minimal processing
pipeline [60] when downloaded from humanconnectome.org, including intensity nor-
malization across runs, correction of eddy currents, motion artifacts, and gradient-
nonlinearities, along with registration to the corresponding T1-weighted image and
brain mask estimation. However, to enable the comparison between the glioma pa-
tients’ properties and the healthy subjects’, downsampling to a voxel size of 2.33
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mm3 was done using the function mrgrid from MRtrix3 with the option regrid,
and only b-values of 5 or between 995 and 1005 mm/s2 and their corresponding
DWI volumes were included. Furthermore, bias field correction was done using
dwibiascorrect ants, as described above, and intensity normalization was done
using dwinormalise group[37] together with the glioma patients.

3.3 Quantitative tract analysis
The quantitative analysis of the obtained tracts was done using TractSeg’s Trac-
tometry module, which is based on [65]. For both healthy and glioma patients,
metrics were evaluated along the profiles of 50 of the 72 tracts, where the 50 tracts
were selected based on the default settings for Tractometry. The metrics included
in this analysis were FA and the peak length of the FOD. Metric maps of FA were
calculated using the tensor model from DIPY, and the peak lengths of the FODs
were obtained via the norm of the TOM amplitudes. Computing the tract profiles is
illustrated in Figure 3.3. All streamlines in a tract were divided into 100 segments,
and by mapping the coordinates of the streamlines to the metric maps, the segments
were assigned values of the metrics. For each tract, one center streamline with 100
segments was determined and each segment of the other streamlines got assigned to
the closest center streamline segment. Thereafter, the metric values of all segments
that belong to a center streamline segment were averaged to produce 100 values
along the center streamline, representing the tract profile.

Figure 3.3: Computing tract profiles according to TractSeg’s Tractometry
module. From the left, streamlines of a tract are visualized, streamlines are
divided into segments, a center streamline is determined, and the segments of all
streamlines are assigned to the closest center streamline segment.

The number of significant points along the tract profiles was counted for all patients
and if a tract had more than 20% significant values of the 100 values the tract
in question got a vote, leading to all glioma patients voting on the most affected
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tracts. This process was followed for all patients to measure the most affected
tracts. The choice of setting the level at 20% was based on empirical considerations
to avoid excessive or insufficient discrimination in the classification of affected tracts.
However, there is room for improvement in the classification criteria.

The significance was calculated by statistical comparison between corresponding
tract values of all used healthy subjects and the glioma patient using the Crawford-
Howell test, which has shown a potential to be appropriate to determine if one
sample belongs to a certain distribution [66], meaning if one point in a tract profile
of a glioma patient has a metric value differing from the corresponding value of the
healthy population. The test statistic for the Crawford-Howell test was defined as

t = |xglioma − x̄healthy|
s
√

(n + 1)/n
(3.1)

where xglioma is one glioma patient’s metric value and x̄healthy is the average of the
corresponding value for all the healthy subjects, s and n are the standard deviation
and the number of the healthy subjects, which was 42 in this thesis. A 99% two-sided
t-test was done and p-values were obtained using Scipy.stats.t.cdf via

p = 2(1 − Scipy.stats.t.cdf(t, n − 1)), (3.2)

where Scipy.stats.t.cdf extracts the probability from the cumulative distribution
function of the t-test. If the p-value is lower than 0.01 it is possible to reject the
null hypothesis that the glioma patient’s measure comes from the same distribution
as the healthy subjects and the value is classified as significant.

A further quantitative tract analysis was done by investigating the number of stream-
lines TractSeg produced for each tract and counting the number of glioma patients
with less than 2000 streamlines for each tract.
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The Results include examples of the effects of the pre-processing for one represen-
tative glioma patient in terms of both before and after registration. Furthermore,
examples of the resulting tracts for different patients from TractSeg are displayed,
and the results of the comparison between the glioma patients and the healthy
subjects are presented.

4.1 Pre-processing of glioma patients’ DWI
The pre-processing outline described under Methods was applied to the 16 glioma
patients. Visual inspection of the residuals from denoising concluded that none of
the patients’ residuals had any outlines of anatomy. An example of the results after
performing denoising, deringing, susceptibility-induced distortion correction, eddy
current and motion correction, and bias field correction can be seen in Figure 4.1.
Figure 4.1a displays one sagittal slice of the brain of an unprocessed DWI volume and
4.1b displays the same slice after the pre-processing steps. Note that the intensities
are altered and by looking at the most anterior point of the brain in both images,
it is possible to see the effect of the geometrical corrections.

(a) Unprocessed DWI (b) Processed DWI

Figure 4.1: Effect of performing denoising, deringing, susceptibility-induced
correction, eddy current and motion correction, and bias field correction on a
sagittal DWI slice.

19



4. Results

Registration to MNI is the last step in the pre-processing workflow before intensity
normalization and to illustrate the results of registration, Figure 4.2 displays axial,
coronal, and sagittal slices for the b = 0 DWI volume of a glioma patient, where
the slices in the top row are before registration and in the bottom row are the slices
after registration. The outlines of an MNI mask are overlayed on the DWI slices
and are visualized in green, and they differ a lot between the top and bottom row
due to the differences in coordinate systems before and after registration. Moreover,
the lack of alignment between the slices in the top row and the mask indicates the
transformations needed to register the DWI to MNI. The bottom row is aligned with
the mask and the registration was considered successful, which was the case for all
16 patients, and no further modifications were needed.

Figure 4.2: Effect of registration. The top row contains slices from a b=0 DWI
volume before registration and the bottom row shows slices with the same index
after registration. The green outlines indicate the wanted MNI anatomy.

4.2 TractSeg on glioma patients’ DWI
TractSeg successfully computed 100% of the expected 72 tracts for all healthy sub-
jects, and for the glioma patients, 99.0% were computed (11 failed of 72x16 ex-
pected). A tract was considered failed if the number of streamlines was zero. The
failed tracts originated or ended in regions where the tumors have been resected,
i.e., no white or gray matter was present in those areas.
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Figure 4.3 displays example output from TractSeg for one representative healthy
subject in the upper part of the figure and for two glioma patients in the lower
part, where the superior longitudinal fascicle (SLF) III, the inferior fronto-occipital
fascicle (IFOF), and the uncinate fascicle (UF) are visualized. Compared to the
corresponding tracts in the healthy subject, the anterior part of the left SLF III is
more superior and curved around the surgical site, the right IFOF is narrower, and
the right UF is displaced. Only the IFOF of patient 2 lacks streamlines, where 1610
of 2000 were obtained.

Figure 4.3: Upper part: superior view of slices and tracts of a healthy subject
(termed HCP in the figure), lower part: superior view of slices and tracts of
two glioma patients where arrows indicate where the tumors have been resected.
From left: the superior longitudinal fascicle (SLF) III, the inferior fronto-occipital
fascicle (IFOF), and the uncinate fascicle (UF).
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4.3 Quantitative measures and analysis

The results of the comparison between glioma patients and healthy subjects are first
presented based on individual FA comparison, where tracts of two glioma patients
are included to display examples of the FA changes for all glioma patients’ tracts.
Next, the most affected tracts are presented based on both FA and peak length
comparisons. Finally, a tract group comparison is presented where the glioma cohort
is compared to all healthy subjects for the most affected tracts.

4.3.1 FA changes for glioma patients

Individual FA comparisons between all 16 glioma patients’ tracts to the correspond-
ing tracts of all healthy subjects were done and a selection of the comparisons is
included here as three cases. In the first case in Figure 4.4, the right UF of patient
2 had significantly lower FA than the healthy subjects at parts of the tract profile,
with the tract having the expected number of streamlines. Similar features apply
to the second case in Figure 4.5, the left AF of patient 3, with lower FA than the
corresponding tract in the healthy subjects and a full number of streamlines, but
that tract was interrupted due to the tumor. The third case in Figure 4.6 shows
the interrupted tract CC 3 for patient 3, where only a fraction of the streamlines
were computed (130 of 2000 were computed), and the FA tract profile appears to
be shifted to the right.

Figure 4.4: FA comparison between healthy subjects (termed HCP in the
figure) and glioma patient 2 for the uncinate fascicle (UF). A 99% confidence
interval is included for healthy subjects and the significant points based on the
Crawford-Howell test at 0.01 level are marked. To the right in the figure is a
depiction of the left and right UF on a T1-weighted slice in superior view for the
patient with the tract profile directions marked with arrows.
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Figure 4.5: FA comparison between healthy subjects (termed HCP in the
figure) and glioma patient 3 for the arcuate fascicle (AF). A 99% confidence
interval is included for the healthy subjects and the significant points based on
the Crawford-Howell test at 0.01 level are marked. To the right in the figure is a
depiction of the left and right AF on a T1-weighted slice in superior view for the
patient with the tract profile directions marked with arrows.
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Figure 4.6: FA comparison between healthy subjects (termed HCP in the
figure) and glioma patient 3 for corpus callosum (CC) 1-4. A 99% confidence
interval is included for the healthy subjects and the significant points based on
the Crawford-Howell test at 0.01 level are marked. The bottom left part of the
figure contains a depiction of the patient’s CC 2-4 on a T1-weighted slice in the
superior (Sup) view, and since CC 1 can not be seen, the right part is displaying
the inferior (Inf) view. The tract profile directions are marked with arrows in the
inferior view.
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A tract of a glioma patient was considered affected if more than 20% points were
significant according to the Crawford-Howell test, see the orange markings in Figure
4.4, 4.5 and 4.6. Note that the whole tract is colored if it is considered affected, and
not just the parts that contained the significant points. The full tractograms with
affected tracts for glioma patients 3 and 4 can be seen in Figure 4.7. Glioma patient
4 had a larger surgical site compared to glioma patient 3.

Figure 4.7: T1-weigthed images and full tractograms for glioma patients 3 and
4. The tracts are determined to be affected if more than 20% of the FA points
along the tract profiles are significant.

4.3.2 Most affected tracts
The quantitative comparison between glioma patients and healthy subjects resulted
in Table B.1 in Appendix B, of which the most affected tracts based on FA and peak
length comparison are presented in Table 4.1. The values in the table represent the
number of glioma patients with more than 20% significant points. Table 4.1 includes
tracts for the FA and peak length comparisons if the number of patients is greater
than seven and eight, respectively. The most affected tracts according to both the
FA and the peak length comparison were the anterior thalamic radiation (ATR),
corpus callosum (CC) part 1-3, and striato-fronto-orbital fascicle (ST FO). The
FA comparison also resulted in the CC 4, cingulum (CG), thalamo-occipital tract
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(T OCC), and the superior longitudinal fascicle (SLF) III, while the peak length
comparison distinguished the thalamo-premotor tract (T PREM), SLF II, thalamo-
parietal tract (T PAR), striato-premotor tract (ST PREM), and the parieto-occipital
pontine tract (POPT).

Table 4.1: Tracts and their corresponding number of glioma patients with more
than 20% significant points for both FA and peak length comparison. Including
the anterior thalamic radiation (ATR), corpus callosum (CC 1-4), cingulum (CG),
parieto-occipital pontine tract (POPT), superior longitudinal fascicle (SLF) II
and III, striato-fronto-orbital tract (ST FO), striato-premotor tract (ST PREM),
thalamo-occipital tract (T OCC), thalamo-premotor tract (T PREM), and the
thalamo-parietal tract (T PAR). Note that the CC is bilateral and only one value
is displayed for each part.

Tract FA: left | right Peak length: left | right
ATR 10 | 9 16 | 14
CC 1 7 9
CC 2 12 14
CC 3 11 10
CC 4 7 7
CG 7 | 4 4 | 5
POPT 0 | 2 8 | 4
SLF II 3 | 5 3 | 8
SLF III 7 | 5 2 | 4
ST FO 9 | 5 12 | 8
ST PREM 4 | 5 8 | 7
T OCC 7 | 2 6 | 1
T PREM 5 | 5 14 | 10
T PAR 4 | 6 10 | 4

4.3.3 Tract group comparison

Group comparisons between all glioma patients and the healthy subjects for a se-
lection of the most affected tracts, based on the FA comparison in Table 4.1, are
visualized in Figure 4.8. The included tracts are the anterior thalamic radiation
(ATR), corpus callosum (CC) 1-4, cingulum (CG), and striato-fronto-orbital tract
(ST FO). Figure 4.9 presents peak length tract group comparisons for some of the
most affected tracts based on the peak length comparison, including the ATR, CC
1-4, ST FO, and the thalamo-premotor tract (T PREM).
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Figure 4.8: FA comparison between healthy subjects and glioma patients along
the tract profiles of the included tracts, anterior thalamic radiation (ATR), corpus
callosum (CC), cingulum (CG), and striato-fronto-orbital tract (ST FO). 99%
confidence intervals are displayed for both healthy subjects (termed HCP in the
figure) and glioma patients. Visualizations of the tracts are included to the right
of the graphs with the tract profile directions drawn, where the views from the
top to down are: superior (Sup), inferior (Inf), left, and superior.
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Figure 4.9: Peak length comparison between healthy subjects and glioma
patients along the tract profiles of the included tracts, anterior thalamic radi-
ation (ATR), corpus callosum (CC), striato-fronto-orbital tract (ST FO), and
thalamo-premotor tract (T PREM). 99% confidence intervals are displayed for
both healthy subjects (termed HCP in the figure) and glioma patients. Visual-
izations of the tracts are included to the right of the graphs with the tract profile
directions drawn, where the views from the top to down are: superior (Sup),
inferior (Inf), superior, and anterior (Ant).
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Figure 4.10 displays the comparison between the glioma patients in the cohort and
the healthy subjects for three left tracts with both FA and peak length as metrics.
ATR is the most affected tract based on both FA and peak length, while T PREM
and T PAR were determined affected based on the peak length comparison.

Figure 4.10: Comparison of FA and peak length along the tract profiles of the
left anterior thalamic radiation (ATR), left thalamo-premotor (T PREM), and
the left thalamo-parietal fascicles (T PAR). 99% confidence intervals are displayed
for both the healthy subjects (termed HCP in the figure) and the glioma patients.
Visualizations of the tracts are included in the lower part of the figure with the
tract profiles drawn, where the views from left to right are: superior (Sup),
anterior (Ant), and left.
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5
Discussion

The Discussion section of the thesis covers various aspects, including the pre-processing
of imaging data for both glioma patients and healthy subjects. It also presents the
outcomes of TractSeg analysis on glioma patients, along with a quantitative analysis.
Additionally, the section explores potential future research directions.

5.1 Pre-processing of glioma patients’ DWI

The pre-processing steps included in the proposed workflow for glioma patients are
denoising, removal of Gibbs ringing artifacts, correction of susceptibility-induced
distortions, eddy current, motion artifacts, and bias field, followed by registration
to MNI and intensity normalization together with the healthy subjects from HCP.
These steps and their methods were chosen based on what is commonly done for DWI
images according to [20] and a number of articles where TractSeg was implemented
[22]–[24], [28], [29]. However, there are many options for pre-processing, such as
what parameters or methods to use and which corrections to include, and more
testing on the data set at hand is required to find the optimal steps.

Studying the effect of omitting Gibbs ringing removal could lead to more appropriate
usage. Specifically, Gibbs ringing artifacts are noticed as fine lines in high contrast
areas, and this could not be seen in the DWI images, most likely because of their
poor resolution, and it could therefore be argued that it is an unnecessary pre-
processing step. Concurring findings were done in a study investigating the influence
of pre-processing steps on the sensitivity of DWI to white matter pathology, and
it was found that including Gibbs ringing corrections had a negligible impact [67].
Furthermore, it is desired to manipulate the images as little as possible to mitigate
the loss of information and hence it could be motivated to have fewer steps in
the workflow. On the other hand, according to [20] it is possible that the Gibbs
ringing artifacts accumulate when calculating quantitative metrics such as the FA,
and the removal of Gibbs ringing artifacts is recommended. To conclude, it is most
likely acceptable to include the removal of Gibbs ringing artifacts, but it would be
beneficial to study the effect of omitting this step.
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5.2 Pre-processing of healthy subjects’ DWI

The quantitative analysis of this thesis is based on the comparison between two data
sets, 16 glioma patients and 42 healthy subjects. As mentioned under Methods, the
acquisition parameters of the DWI images for the two data sets vary a lot, with
the glioma patients having a single-shell protocol with b=1000 mm/s2, while the
healthy subjects have a multi-shell protocol with b-values ranging from 5 to 3000
mm/s2. Different b-values will enable the capture of different types of diffusion,
where lower b-values can delineate the diffusion in the blood vessels, and b-values
higher than 2000 or 3000 mm/s2 can capture intra-axonal diffusion. Having very
different b-values in the control data set and the glioma patients will make the
analysis complicated, and hence the voxel size of the healthy subjects’ images was
downsampled to that of the glioma patients and only a subset of the volumes was
used, namely, the volumes with b-values of 5 and around 1000. Additionally, Figure
C.1 in Appendix C displays the effect of changing the different processing steps
on the FA values along a tract for the healthy subjects, and a short discussion is
included.

The voxel size of the healthy subjects was 1.25 mm3 and the glioma patients’ had
2.33 mm3, and to make the two data sets comparable, it was necessary to resample
them to have the same voxel size. Attempts were made to upsample the glioma
patients’ DWI images to the voxel size of the healthy subjects, 1.25 mm3, which
also is the voxel size TractSeg is trained on. The immediate effect of upsampling
was image files growing larger, leading to computational issues. Moreover, during
upsampling the DWI images were interpolated to achieve the new resolution, which
does not bring any new information to the image, motivating the observation that
the healthy subjects consistently got higher FA than the glioma patients at the
voxel size 1.25 mm3, but not at 2.33 mm3, leading to the choice of downsampling
the healthy subjects’ images instead of upsampling the glioma patients’ DWI images.

It is complicated to evaluate how appropriate the pre-processing of the healthy sub-
jects images was, but indications of this can be seen in the quantitative comparisons
between glioma patients and healthy subjects. For example in Figure 4.4, it can be
seen that the left UF follows the average healthy subject FA tract profile quite well
without any significant points, and it is also possible to visually confirm that the
left UF looks similar to that of the healthy subjects, while the right UF does not.
The same can be seen in Figure 4.5 and 4.6, where visually unaffected tracts follow
the healthy subjects’ profile quite well, indicating that the pre-processing of healthy
subjects’ images was appropriate.

Another topic with the healthy subjects’ data is its registration to MNI, with it
being rigidly aligned to the coordinate axes of MNI, and not registered to standard
MNI space as the glioma patients’ images are. Although this could be a problem
if a voxel-by-voxel comparison between healthy subjects and the glioma patients is
done, the effects are most likely small since the comparison between glioma patients
and healthy subjects is based on metric values along the tract streamlines, which
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are computed based on the present white matter structure and not a template or
atlas. Therefore, it is only the values along a profile that are compared and not the
shapes of the tracts, mitigating the effect of different alignments to MNI.

5.3 TractSeg on glioma patients’ DWI

TractSeg is based on three 2D encoder-decoder networks to perform tract segmenta-
tion and compute the tract orientation maps for each tract. The networks are trained
on healthy subjects where the anatomies follow very similar patterns throughout the
data set, as opposed to the potentially very skewed anatomies of glioma patients. A
possible issue could arise in the differing anatomies, leading to false segmentations
of the tracts. Nevertheless, TractSeg has shown potential in cortico-spinal tract
(CST) segmentation for patients with brain pathologies and achieved a higher level
of consistency than manual segmentation [55], [56].

Figure 4.3 in Results displays three tracts for two glioma patients where there is
a difference between the left and right tracts, but also between glioma and the
corresponding tract in the healthy subjects. It can be seen that the left SLF III of
glioma patient 1 is bent over the surgical site and was therefore also likely placed
around the tumor before resection. Similar reasoning can be done for the displaced
right UF of patient 2, which has been compressed towards the anterior due to the
tumor. These discoveries and the fact that the tracts were computed without any loss
of streamlines shows that TractSeg can handle the skewed anatomies of patients 1
and 2, indicating that TractSeg has the potential to be used to perform tractography
on glioma patients, which is in line with other findings in [55], [56]. Future research
incorporating a comparison between TractSeg and a manual segmentation method
for ground control tract segmentation could be utilized to further establish the
performance of TractSeg on glioma patients and skewed anatomies. The manual
method does however have inherent limitations in user variability and bias, and the
correct ground truth could only be found via dissection, which makes evaluation of
TractSeg complicated.

Two final points related to TractSeg’s performance are firstly the way TractSeg
segments CC 3, making it not symmetrical and a group of streamlines existing
inferior to the left, but not to the right, which can be seen in Figure 4.6 with
the inferior view having fibers continuing underneath the surgical site, but not in
the other direction. Secondly, TractSeg creates tract segmentations that sometimes
overlap the ventricles. The diffusion in the ventricles is isotropic, corresponding to
low FA values, and this could cause the FA values along the tract profiles to be lower
than expected. Although this could be an issue if absolute FA values are compared
between studies, as long as TractSeg is used for both data sets in a comparison, the
potential error will be the same and can be neglected.
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5.4 Quantitative analysis
From the tract-wise FA comparison between each glioma patient and the healthy
subjects, three tracts of two glioma patients were included in Figure 4.4, 4.5 and
4.6 in the Results, representing three different cases of how the FA along the tract
profile can be affected by the glioma. All these cases have in common that the tract
profiles were shorter for the affected tracts in the glioma patients compared to the
corresponding tract in the healthy subjects. An important note here is how the
tract profiles are constructed since they are determined from the current length of
the tract and not a standard length, i.e., if the tract is shorter (e.g., from being
cut off by the tumor), the subsequent profile will be shorter and look stretched out
compared to the unaltered tract, which will affect the significant point comparison
analysis. However, it is still possible to say the FA values along the tract profiles
are significantly lower at parts of the affected tracts in the glioma patients.

Figure 4.7 displays full tractograms for two glioma patients, and by studying the
T1-weighted anatomical images it is clear that patient 4 had a larger surgical site
and skewed anatomy than patient 3. The tractograms further illustrate this since
patient 4 has a larger proportion of affected tracts, which were not only in close
proximity to the surgical site, but also in other areas of the brain, indicating the
impact of the tumor on the patients’ brain.

5.4.1 Most affected tracts
The main location of the most affected tracts was the frontal lobe (see Table A.1 in
Appendix A for more details on locations of tracts). This is in agreement with the
typical tumor locations of low-grade gliomas [5]. These results are however biased to
the location of gliomas in the cohort, which do not necessarily represent the general
distribution of locations of gliomas. Furthermore, a study distinguished other tracts
in the temporal lobe to typically be in close proximity to tumors, such as the left
CST, left IFOF, left SLF, and left AF [68]. On the other hand, in this thesis the
proximity to the tumor is only indirectly investigated by considering the FA or peak
length values along the tract profile, and the specific deviation from healthy patients
could have other grounds. For example, it has been seen that gliomas can infiltrate
along tracts and spread from the initial tumor, which could affect the tracts in terms
of their ability to transmit information [69], and also their plastic ability [5].

The most affected tracts were determined based on the number of glioma patients
with more than 20% significant points for each tract. As mentioned under Methods,
there is room for improvement in the determination of the most affected tracts.
One alternative could be to compute the highest number of significant points by
summarizing them for all glioma patients and tracts. However, this would make a
very affected tract in one patient have a bigger impact on the determination than a
partially affected. Therefore, it was decided to set a threshold level. A low threshold
reduced the possibility to distinguish the most affected tract since most tracts for
the glioma patients had some significant points, and almost all tracts were shown
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to be affected to some extent. A higher level, on the other hand, filtered out glioma
patients having parts of their tracts affected, leading to a very low number of glioma
patients having any affected tracts. The threshold level of 20% was subsequently
chosen. However, the impact of the threshold on which tracts are distinguished to
be most affected should be studied to investigate if there is a big variation in the
results for different thresholds.

5.4.2 Choice of metric

There is no standard for how tracts are evaluated and compared between subjects,
but FA is often considered in articles related to quantitative evaluation and has
been thought of as white matter integrity. A decrease in FA could be because
of axon degeneration, and it has been seen that FA can be lower in areas with
lesions for glioma patients due to loss of structural organization [70]. Additionally,
a decreased FA in glioma patients has been connected to a higher level of recurrence
[71]. However, since FA depends on a number of factors, such as axon density,
membrane permeability, myelination, and the crossing fibers, it is not trivial to
associate a decrease in FA with axon degeneration [72].

Using metrics that are not based on the tensor model could potentially overcome
some of the limitations of FA and be useful for studying gliomas [16], one being
the FOD peak length included in this thesis. The peak length is the norm of the
tract orientation maps’ (TOM) amplitudes, where the TOMs are tract-specific maps
containing one peak of the FOD per voxel. The peak length can therefore handle
crossing fibers better than FA since one voxel can contain up to three fiber directions,
as opposed to the single direction in the DTI model that underlies the FA. On the
other hand, peak length is a measure depending on the accuracy of the TOMs, which
means that if peak length should be used as widely as FA, especially for comparison
between different studies, it is necessary to have segmentation methods with similar
performance. Nevertheless, for within study investigations using TractSeg, peak
length is an appropriate option for quantitative comparisons.

Based on Figures 4.8, 4.9, and Figure 4.10 in Results the metrics FA and peak
length can be compared for different tracts. For ATR and CC, FA and peak length
agrees quite well on both the shape of the profile and how much they differ between
the healthy subjects and glioma, although peak length discriminates the right ATR
when FA does not. For other tracts such as ST FO and T PAR there is a bigger
difference between the shapes of the profiles for the two metrics, with the peak
length often differentiating the healthy subjects and glioma patients more than FA
does, leading more tracts being classified as affected. This suggests that peak length
values differ more between the two data sets than FA does, and to find the reason
to this more research is needed.
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5.5 Future work

Another potential metric derived from the amplitude of the FOD is called apparent
fiber density (AFD) and is more widely employed than the peak length. During
high b-values (> 3000 s/mm2), it can be assumed that the diffusion signal comes
from the water inside the axons, since water outside of them is attenuated, and the
amplitude of the FOD is proportional to the intra-axonal volume of water, giving
a measure of the apparent fiber density. A lower AFD can have many reasons but
corresponds to a decreased ability of the tract to transfer information [72]. Unlike
FA and the peak length, the AFD has a physiological connection and can be useful
for analysis.

The control data, obtained from the Human Connectome Project, has been acquired
with a different protocol compared to the glioma patients’ data. During future
research it is preferable to have control data acquired with the same protocol as the
glioma patients to make sure the effects of the glioma on the patient’s anatomical
properties can be studied and mitigating studying differences based on the different
protocols. Indeed, attempts were made to make the data sets more comparable,
i.e., by downsampling the healthy subjects’ images and selecting which volumes to
include based on the corresponding b-value. The attempts made the tracts in areas
far from the tumor more similar in terms of FA values, indicating that it was a
reasonable choice to adjust the healthy subjects’ data.

In this thesis a statistical approach using the Crawford-Howell test and a threshold
of 20% significant points to classify a tract as affected for one glioma patient, but
there are also other proposed methods for individual or group tract analysis. One
method is to study the whole network in the brain by implementing graph theory
where certain metrics (FA or peak length for instance) are the weights of the edges
that connect the nodes, where the edges represent the tracts and the nodes are nuclei
in the gray matter. Subsequently, graph theory specific metrics can be derived and
correlated to clinical data. Another suggested method is to employ machine learning
to combine multiple metrics from the patients, which could be appropriate for the
highly heterogeneous data at hand, and henceforth obtain increased predictive and
statistical power [32].

Clinical variables were not included in the thesis and only anonymized images were
supplied, and to further evaluate which steps to include in the pre-processing and
which metric to use for quantitative evaluation, it is possible to study the correlation
between clinical variables and different methodological choices. For example, a
potential future study could be to investigate how FA and peak length varies in
patients with different types of tumors, and potentially connect that to survivability
since it has been seen that glioblastoma patients had decreased survivability if the
tumor affected the right ATR, right IFOF, right or left CST, and CC [69]. Another
potential study could be to look at the correlation between metrics and neuro-
psychological tests, to further delineate the relationship between tract health and
patients’ quality of life.
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Investigations related to possible structural brain plasticity for glioma patients both
before and after resection could be done if the proposed pipeline is applied to DWI
images of glioma patients acquired before surgery, after the surgery, and long-term
follow-up after surgery. Tracts could be compared using FA and peak length and
the extent of tract regeneration or increased health could be studied via visual in-
spection. Additionally, although it is common for gliomas to infiltrate the tracts
and therefore potentially reducing the plasticity, low-grade glioma patients provide
a unique possibility to study how the brain reacts to slow changes of rearrange-
ment since the tumors often have been growing for many years before the patients
experience any symptoms.
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6
Conclusions

An automatic image processing workflow to perform tractography for glioma patients
using TractSeg was developed and evaluated. TractSeg managed to compute tracts
for glioma patients with anatomies differing from the healthy population in 99% of
the cases, producing tracts that either went around the surgical site, were narrower,
or were interrupted. Further testing with ground control tract outlinings from a
manual tractography method is needed to determine the sensitivity of TractSeg for
glioma patients’ images, but it displays great potential to process the images of the
patient group.

Based on the comparison of FA values along tract profiles between healthy subjects
and glioma patients, the most affected tracts were the anterior thalamic radiation,
corpus callosum and striato-fronto-orbital tract, and based on peak length compari-
son the thalamic-premotor tract and thalamic-parietal tract were also affected. Most
of the affected tracts are in the frontal lobe, which is in line with previous research.

Both FA and peak length can be useful metrics to analyze tracts. It is recommended
that future studies include clinical variables and employ the same imaging proto-
col for both glioma patients and healthy subjects. This approach will facilitate the
identification of the most appropriate metric and allow for an in-depth investigation
of brain tract health and changes. Furthermore, establishing associations between
these factors and patients’ cognitive function and quality of life holds the potential
to enhance patients’ well-being and increase the understanding of the relation be-
tween patient cognition and slow changes of white matter in the situation of a brain
tumor. These findings could contribute to the overall pursuit of improving the lives
of individuals affected by gliomas.
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Appendix

The Appendix includes a table of the classification of tracts used for this thesis and
short comments on their locations, followed by the complete table of affected tracts
from the Results of this thesis, and a note on the pre-processing of the healthy
subjects’ images.

A. Table of all tracts
Table A.1 displays the tracts of the brain and the areas they connect, according to
the open-source white matter segmentation tool TractSeg [12].

Table A.1: The 72 tracts in the human brain and their locations are based on
the areas they connect according to the classification used in TractSeg.

Fiber/Tract Location
Association fibers
Arcuate fascicle (AF) Broca’s area and Wernicke’s area.
Cingulum (CG) Cigulate gyrus and parahippocam-

pal gyrus.
Middle longitudinal fascicle (MLF) Superior temporal gyrus, parietal

and occipital lobe.
Inferior occipito-frontal fascicle (IFOF) Temporal, frontal, occipital lobe.
Inferior longitudinal fascicle (ILF) Temporal, occipital lobe.
Superior longitudinal fascicle (SLF) I Superior parietal and frontal lobe,

supplementary motor cortex, premo-
tor cortex.

Superior longitudinal fascicle (SLF) II Inferior parietal lobe, dorsolateral
prefrontal cortex.

Superior longitudinal fascicle (SLF) III Inferior parietal lobe, premotor, pre-
frontal cortex.

Uncinate fascicle (UF) Frontal, temporal lobe.
Projection fibers
Anterior thalamic radiation (ATR) Anterior and midline of thalamus,

frontal lobe.
Continued on next page
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Table A.1 – continued from previous page
Corticospinal tract (CST) Motor and somatosensory areas in

cortex, spinal cord.
Fronto-pontine tract (FPT) Frontal lobe, pons.
Optic radiation (OR) Nerves from eyes, visual cortex.
Parieto-occipital pontine (POPT) Parietal and occipital lobe, pons.
Superior thalamic radiation (STR) Ventral thalamus, precentral

(frontal lobe) and postcentral gyrus
(parietal lobe).

Thalamo-precentral (T PREC) Thalamus, precentral cortex.
Thalamo-prefrontal (T PREF) Thalamus, prefrontal cortex.
Thalamo-premotor (T PREM) Thalamus, premotor cortex.
Thalamo-postcentral (T POSTC) Thalamus, postcentral cortex.
Thalamo-parietal (T PAR) Thalamus, parietal lobe.
Thalamo-occipital (T OCC) Thalamus, occipital lobe.
Striato-fronto-orbital (ST FO) Striatum, orbitofrontal cortex.
Striato-prefrontal (ST PREF) Striatum, prefrontal cortex.
Striato-premotor (ST PREM) Striatum, premotor cortex.
Striato-precentral (ST PREC) Striatum, precentral cortex.
Striato-postcentral (ST POSTC) Striatum, postcentral cortex.
Striato-parietal (ST PAR) Striatum, parietal lobe.
Striato-occipital (ST OCC) Striatum, occipital lobe.
Commissural fibers
Commissure anterior (CA) Temporal lobes.
Corpus callosum (CC) Many areas in the hemispheres.
Rostrum (CC 1) Frontal lobes.
Genu (CC 2) Frontal lobes.
Rostral body (CC 3) Parts of frontal, temporal and pari-

etal lobes.
Anterior midbody (CC 4) Parietal lobes.
Posterior midbody (CC 5) Parietal lobes
Isthmus (CC 6) Parietal lobes.
Splenium (CC 7) Occipital lobes.
Other fibers
Fornix (FX) Out from hippocampus.
Inferior cerebellar peduncle (ICP) Cerebellum, medulla oblongata,

spinal cord.
Middle cerebellar peduncle (MCP) Cerebellum, pons.
Superior cerebellar peduncle (SCP) Cerebellum, midbrain.
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B. Table of affected tracts
Table B.1 displays the number of patients with more than 20% significant FA and
peak length points from the Tractometry comparison for each of the 50 tracts. The
number of patients with less than 2000 streamlines (NOS) is also included, indicating
that the tract could not be fully computed compared to the healthy subjects from
HCP.

Table B.1: Count of patients with affected tracts for FA, peak length, and the
number of streamlines (NOS) comparisons.

Tract FA Peak
length

NOS

AF left 5 7 0
AF right 4 4 0
ATR left 10 16 2
ATR right 9 14 2
CC 1 7 9 1
CC 2 12 14 0
CC 3 11 10 3
CC 4 7 7 1
CC 5 3 1 0
CC 6 6 5 0
CC 7 3 4 0
CG left 7 4 1
CG right 4 5 0
CST left 1 4 0
CST right 1 1 0
FPT left 4 5 0
FPT right 3 3 0
ICP left 0 7 0
ICP right 0 4 0
IFOF left 3 7 1
IFOF right 4 6 1
ILF left 2 5 0
ILF right 3 3 1
MCP 0 0 0
OR left 1 0 0

Tract FA Peak
length

NOS.

OR right 1 0 0
POPT left 0 8 0
POPT right 2 4 0
SCP left 0 7 0
SCP right 1 5 0
SLF I left 4 2 0
SLF I right 6 3 0
SLF II left 3 3 1
SLF II right 5 8 0
SLF III left 7 1 0
SLF III right 5 4 1
ST FO left 9 12 0
ST FO right 5 8 1
ST PREM left 4 8 1
ST PREM right 5 7 0
STR left 4 6 0
STR right 1 3 0
T OCC left 7 6 0
T OCC right 2 1 0
T PAR left 4 10 0
T PAR right 6 4 0
T PREM left 5 14 2
T PREM right 5 10 0
UF left 1 1 1
UF right 3 5 0
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C. Pre-processing healthy subjects comparison fig-
ure
The FA along the left cortico-spinal tract for healthy subjects with different process-
ing steps is presented in Figure C.1, where the healthy subjects’ data pre-processed
with HCP’s minimal processing pipeline is compared to downsampled healthy sub-
jects’ images; downsampled and only selected b-values; downsampled, selected b-
values, bias field corrected and group intensity normalized. In the figure the healthy
subjects are It can be seen that by downsampling the healthy subjects’ images,
FA values will decrease. A decreased FA from downsampling can be explained by
considering the crossing fibers scenario: if there are crossing fibers in a voxel, the
ellipsoid that models the diffusion in that voxel will be closer to a sphere than if
there are no fibers crossing (this can be further understood by looking at Figure 2.6
in the Theory chapter).

Figure C.1: FA along the cortico-spinal tract for all healthy subjects after
performing Tractometry on raw: minimally processed images from hummancon-
nectome.org, DS: downsampled, DS+sel: downsampled and selected b-values,
Norm: downsampled, selected b-values, bias field corrected and intensity nor-
malized images.

Only including certain b-values further decreased the FA for the healthy subjects
after downsampling. This means that lower b-values cause the ellipsoid to be closer
to a sphere and the type of diffusion they inherently capture is more isotropic (i.e.,
directed) than that of higher b-values. This agrees with the fact that higher b-values
are required to study intra-axonal diffusion, which is more anisotropic than diffusion
outside of the axons. Finally, it can be seen that the inclusion of bias field correction
and intensity normalization did not affect the FA significantly.
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