




Titel 

Implementierung und Evaluierung einer probabilistischen Methode zur regionalen 

Traktografie des menschlichen Gehirns 

Kurzfassung 

Diffusions-Tensor-Bildgebung ist eine quantitative Magnetresonanztomografiemethode 

zur Untersuchung der anisotropen Diffusionseigenschaften von weißer Substanz im 

Gehirn. Aus diesen Diffusions-Tensoren lassen sich Fasertrakte generieren welche die 

Nervenfaserbündel im Gehirn nichtinvasiv darstellen. Jedoch sind die meisten Methoden 

zur Diffusions-Tensor-Bildgebung und Traktografie zeitintensiv und verlangen die 

Interaktion einer Person. Daher wurde im Rahmen dieser Arbeit das 

Traktografieverfahren TRACULA implementiert, welches die automatische 

Identifizierung und Rekonstruktion von 18 Faserbündel erlaubt, und anhand der 

Resultate von 213 gesunden Probanden und 27 Patienten evaluiert. Die 

Faserbündelrekonstruktionen und traktspezische Diffusionseigenschaften, von gesunden 

Probanden, zeigten Änderungen aufgrund von Bildauflösung, Anzahl an 

Diffusionsrichtungen und Alter. In Patienten mit Amyotropher Lateralsklerose wurde 

eine Erhöhung von mittlerer und radialer Diffusivität in bilateralen corticospinalen 

Trakten festgestellt. Des Weiteren nahm die fraktionelle Anisotropie im corticospinalem 

Trakt und im Superior Longitudinal Fasciculus parietal beidseitig ab. Diese Resultate sind 

in Übereinstimmung mit der vorherrschenden Literatur und unterstreichen die Stabilität 

und Zuverlässigkeit von TRACULA, als auch dessen Potential zur klinischen Anwendung. 
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Title 

Implementation and Evaluation of a Probabilistic Diffusion Tractography Method for 

Regional Assessment of the Brain 

Abstract 

Diffusion tensor imaging is a quantitative magnetic resonance imaging method, which 

probes the anisotropic diffusion properties of white matter in the brain. Furthermore, it 

is possible to generate fiber tracts from these diffusion tensors, which are non-invasive 

visual representations of nerve fiber bundles. However, most methods for diffusion tensor 

imaging and tractography are time consuming and require extensive user interaction. 

Therefore, this thesis demonstrates the implementation of TRACULA, a technique for the 

automatic identification and reconstruction of 18 fiber tracts, and its evaluation based on 

results from 213 healthy probands and 27 Patients. Changes in tract reconstructions and 

tract-specific diffusion properties were found for healthy subjects, regarding image 

resolution, number of diffusion directions and age. Amyotrophic lateral sclerosis patients 

showed an increase in mean and radial diffusivity for bilateral corticospinal tracts. 

Furthermore, fractional anisotropy was decreased for ambilateral corticospinal tracts and 

superior longitudinal fasciculus parietal. These results are in agreement with the 

literature and emphasize the stability and reliability of TRACULA, as well as its potential 

in clinical use. 
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1 Introduction 

Diffusion magnetic resonance imaging (dMRI), or diffusion weighted imaging (DWI), is a 

quantitative magnetic resonance imaging (MRI) technique which provides unique image 

contrast. It probes the tissue microstructure by measuring the signal attenuation due to 

the random motion of water, even though images are acquired on a macroscopic scale. [1, 

2] 

DWI has many applications and was employed to investigate brain white matter (WM) 

and gray matter (GM), the spinal cord and nerves, as well as the heart and other muscles 

[2]. It has gained incredible popularity in clinical research and routine since it can depict 

microstructural tissue changes where other methods show lower sensitivity, or even fail 

to identify hallmarks [1, 3]. Since its development in the 1980s, dMRI has been used to 

study brain ischemia, brain development and aging, cancer, neurodegenerative diseases, 

such as multiple sclerosis, Alzheimer’s disease and amyotrophic lateral sclerosis (ALS), 

and other disorders [3–5]. 

The standard DWI methods have been extended by Basser et al. [6] in 1994 by introducing 

of the diffusion tensor method, which lead to diffusion tensor imaging (DTI). Compared 

to standard DWI, DTI has the advantage to better describe the anisotropic diffusion 

properties of biologic tissue. The diffusion tensor can be diagonalized and represented as 

an ellipsoid, where its shape and orientation is described by its three eigenvalues and 

eigenvectors [7, 8]. Different diffusion parameters can be derived from these eigenvalues, 

which have different geometrical interpretation and provide information about diffusion 

anisotropy [9, 10]. However, these parameters are not able to map the complex 

configuration and structure of biological tissue. Therefore, more sophisticated, higher 

order models and representations are needed to overcome these limitations and give a 

more detailed and in-depth view of the biological microstructure [11–13]. 

Fiber tractography is a method which gives the ability to non-invasively investigate and 

visualize fiber pathways. It maps and tracks the direction of various fibrous tissue types, 

and is most commonly used to analyze WM pathways in the brain [14, 15]. This is done 

under the assumption that the fiber direction is parallel to the direction of highest 

diffusion within a voxel [1, 4, 14, 15]. First approaches used straight forward propagation 

techniques, where the largest eigenvalue of the local diffusion tensor and its 

corresponding eigenvector were used to reconstruct the trajectories of WM pathways 
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which are called streamlines [4]. However, these deterministic algorithms do not account 

for the complex tissue microstructure and have trouble tracking fiber bundles in the 

presence of image noise and artifacts. Therefore, probabilistic tractography algorithms 

are needed, which incorporate higher order diffusion models [14, 15]. These local 

tractography approaches are fast, computational inexpensive, and are best suited to 

investigate the ensemble of all possible connections originating from a seed point. 

However, these approaches have the disadvantage that small errors can accumulate and 

progress along the fiber tracts [14, 16]. Global tractography algorithms were, therefore, 

implemented as an alternative, which promised better stability with respect to imaging 

artifacts. These global methods reconstruct all fiber trajectories simultaneously by 

optimizing a function to best fit the measured data [14]. Furthermore, by presuming that 

two regions of interest are connected, it is possible to reconstruct and identify specific 

WM pathways [17]. 

Nevertheless, all the aforementioned methods require a user with neuroanatomical 

expertise to manually interact with the data in order to reconstruct fiber pathways. This 

is very time consuming for larger tractography studies with multiple fiber tracts, and 

reduces stability and reliability [16, 18, 19]. To overcome this issue, Yendiki and 

colleagues developed TRACULA (TRActs Constrianed by UnderLying Anatomy) [16], 

which allows to automatically identify and reconstruct 18 major WM tracts based on a 

high resolution 𝑇1-weighted scan, by utilizing global probabilistic tractography. 

Therefore, this thesis is aimed on the implementation of TRACULA, as well as on the 

evaluation of this automated global probabilistic tractography tool regarding its stability, 

reliability, and possible application in clinical practice. To evaluate its stability, the 

software was applied on a dataset with varying spatial resolution and number of diffusion 

encoding gradient directions. Furthermore, TRACULA was performed on larger datasets 

of an ongoing community-dwelling study on aging [20, 21] and in a multimodal ALS study 

[22] to demonstrate its reliability and potential in clinical use. 
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2 Theory 

2.1 Diffusion Principles 

Diffusion is described as the random transport of particles through thermal motion, also 

known as Brownian motion. In general, diffusion is defined in terms of concentration 

gradients of molecules. This general description is expressed by Fick’s laws of diffusion. 

However, thermally induced motion even takes place in absence of concentration 

gradients and is often referred to as self-diffusion in general physics. This type of diffusion 

occurs in biologic tissue where water moves within water, and is of interest in dMRI since 

its length scale is of the same order of magnitude as of biological microstructures [2, 23–

26]. 

The random motion of water can be characterized by the relative displacement 𝑹 of a 

water molecule, which moves from position 𝒓 to 𝒓′ [23, 27, 28]: 

 

 𝑹 = (𝒓′ − 𝒓). (1) 

 

The ensemble average propagator or displacement probability density function that a 

particle undergoes this displacement 𝑹 within a certain time 𝑡 is given by: 

 

 
P(𝑹, 𝑡) = ∫𝑃(𝒓, 𝒓′, 𝑡)𝜌(𝒓)𝑑𝐫, (2) 

 

where 𝜌(𝒓) is the initial molecule density and 𝑃(𝒓, 𝒓′, 𝑡) is the conditional probability of 

finding a molecule at position 𝒓′ with originates from 𝒓 [23, 27, 28]. 

In case of free diffusion, the ensemble average propagator is Gaussian distributed and 

expressed as [23, 29, 30]: 

 

 
𝑃(𝑹, 𝑡) =

1

√(4𝐷𝜋𝑡)3
exp(−

|𝑹|2

4𝐷𝑡
), (3) 

 

with 𝐷 known as the diffusion coefficient. 
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The mean squared dynamic displacement 〈𝑅2〉 is then given by [25, 29, 30]: 

 

 
〈𝑅2〉 = ∫ 𝑅2𝑃(𝑹, 𝑡)𝑑𝑹 = 6𝐷𝑡,

+∞

−∞

 (4) 

 

which is proportional with time. From Equation (4) the diffusion coefficient can then be 

calculated as follows: 

 

 
𝐷 =

〈𝑅2〉

6𝑡
. (5) 

 

For a simple liquid, such as water, the diffusion coefficient is 3 ∙ 10−3 𝑚𝑚2𝑠−1 at 37°𝐶 

[26]. However, for biological tissues with anisotropic diffusion, the mean squared 

dynamic displacement does not scale linearly with time, and therefore a more complex 

representation of the diffusion coefficient is needed which will be considered later in this 

chapter [23, 30].  
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2.2 dMRI Measurement 

To measure the diffusion coefficient, Stejskal and Tanner introduced diffusion weighting 

by adding two identical gradient pulses on both sides of the refocusing pulse of a spin echo 

sequence [23, 31]. This method is called the pulsed gradient spin echo (PGSE) sequence 

and a simple schematic representation is depicted in Figure 1, where, for simplicity, the 

paired gradients are assumed to have rectangular shape with strength 𝐺 and duration 𝛿 

[2, 30]. In principle, the PGSE sequence measures the signal attenuation which arises from 

self-diffusion during a diffusion time Δ [23, 26, 30]. 

 

Figure 1: Schematic representation of pulsed gradient spin echo sequence (PGSE), with 

diffusion time Δ, and paired rectangular gradients of strength 𝐺, and duration 

𝛿 (adapted from [26]). 

 

The concept of the PGSE sequence can be understood in the following way. All spins within 

an ensemble are excited and flipped in the transversal plane by the first radio frequency 

(RF) pulse. During the application of the first gradient pulse, the spins are modulated and 

acquire a phase shift depending on their position. A refocusing RF pulse is applied 

afterwards, which inverts the phase of the spins and reverses the direction of precession. 

The second diffusion gradient is employed after a diffusion time from the beginning of the 

first one, which demodulates the spins and induces another phase shift. For static spins, 

the two applied gradient pulses cancel each other out and a maximum echo signal is 

recorded. However, if some spins have diffused, the two phase shifts are different 

depending on the degree of displacement, which leads to incomplete refocusing and an 

amplitude attenuation of the echo signal [25, 30].  
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It should be noted that generally the diffusion gradients can be applied in any direction of 

the Cartesian coordinate system, while, for simplicity, the gradients presented here were 

applied in one main coordinate direction. 

Single-shot echo planar imaging (SS-EPI) is the most common method for image 

acquisition in dMRI. It is a fast readout procedure were all k-space lines are sampled with 

a single alternating trajectory reversal by using bipolar gradients (Figure 2) [2, 26, 32]. 

 

Figure 2: Schematic representation of single-shot echo planar imaging (SS-EPI), where 

all k-space lines are collected with a single trajectory by bipolar readout 

gradients, here depicted in blue (adapted from [26]). 
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However, SS-EPI has the limitation of exhibiting low spatial resolution. Therefore, readout 

segmented EPI has been introduced as an alternative for dMRI to acquire high resolution 

images. In readout segmented EPI, the k-space is split in segments which are then 

acquired in readout direction (Figure 3). This gives the advantage of decreasing distortion 

and blurring artefacts, and further enables higher possible spatial resolution with the 

downside of resulting in a longer scan time [33, 34]. 

 

Figure 3: Illustration of readout segmented EPI. The here shown 5 shot EPI acquisition 

divides the k-space into 5 segments (adapted from [34]). 
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2.3 DWI 

By applying diffusion weighing as described in Section 2.2, a signal 𝑆𝑏 of the following 

expression is measured [10, 35]: 

 

 𝑆𝑏 = 𝑆0𝑒
−𝑏𝐷 , (6) 

 

with 𝑆0 being the signal without diffusion weighting, 𝐷 being the diffusion coefficient, 

whereby the b-value or b-factor is defined as: 

 

 
𝑏 = (𝛾𝐺𝛿)2 (Δ −

𝛿

3
), (7) 

 

for rectangular diffusion gradients, as shown in Figure 1, where 𝛾 is the gyromagnetic 

ratio, 𝐺 is the gradient amplitude, 𝛿 is the gradient pulse width, and Δ is the time between 

the two gradients. 

The diffusion coefficient 𝐷 can then be calculated by: 

 

 

𝐷 =
ln (
𝑆0
𝑆𝑏
)

𝑏
. 

(8) 

 

Nevertheless, for complex tissue structures, the displacement is no longer proportional to 

the diffusion time, which results in a lower diffusion coefficient compared to isotropic 

liquids. Thus, by applying this method, the calculated diffusion coefficient should be 

referred to as the apparent diffusion coefficient (ADC) [23, 26, 36]. 

In clinical practice, multiple diffusion-weighted images from different b-factors are 

collected. By acquiring at least 4 diffusion-weighted images (one without diffusion-

weighting, and three with a b-factor probing in three orthogonal directions), several 

different, rotationally invariant measures can be derived which are used for clinical 

diagnosis [15, 37].  
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The simplest one being the isotropic or combined DWI, which is the geometric average of 

the three orthogonal measured diffusion-weighted images [15, 37] 

 

 
𝑆𝐷𝑊𝐼 = √𝑆𝑥𝑆𝑦𝑆𝑧

3
, (9) 

 

with 𝑆𝑥, 𝑆𝑦 ,and 𝑆𝑧 representing the measured signals along the three different directions. 

From this merit, the mean ADC (also written as 〈𝐴𝐷𝐶〉), often referred to as the ADC in a 

clinical setting, can be extracted  

 

 

〈𝐴𝐷𝐶〉 = ln
(
𝑆0
𝑆𝐷𝑊𝐼

)

𝑏
, 

(10) 

 

which can also be calculated from 

 

 
〈𝐴𝐷𝐶〉 =

𝐴D𝐶𝑥 + 𝐴𝐷𝐶𝑦 + 𝐴𝐷𝐶𝑧

3
,  (11) 

 

where the sum of the ADCs is also known as trace ADC [8, 15, 25, 37]. 

2.4 DTI 

A more proper method for the characterization of diffusion in anisotropic media which 

also accounts for the orientation dependency was introduced by Basser and colleagues 

who used the diffusion tensor 𝑫 [6, 23, 38]. The diffusion tensor 𝑫 is a 3 × 3 vector matrix 

of the form: 

 

 

𝐃 = (

𝐷𝑥𝑥 𝐷𝑥𝑦 𝐷𝑥𝑧
𝐷𝑦𝑥 𝐷𝑦𝑦 𝐷𝑦𝑧
𝐷𝑧𝑥 𝐷𝑧𝑦 𝐷𝑧𝑧

), (12) 

 

where diagonal elements represent the magnitude of diffusivity along x-, y-, and z-

direction, while the off-diagonal terms illustrate the magnitude of diffusion in one 

direction emerging from a concentration gradient in orthogonal direction [6, 15, 23, 38]. 

Since the diffusion tensor is symmetric (i.e. 𝐷𝑖𝑗 = 𝐷𝑗𝑖), it has 6 independent elements, and 
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can be determined from at least 7 DWI measurements, one without (𝑏 = 0 𝑚𝑚2𝑠−1) and 

6 with diffusion encoding (𝑏 > 0 𝑚𝑚2𝑠−1) in 6 non-collinear directions [6, 38]. 

Basser and colleagues showed the determination of the diffusion tensor 𝑫 by solving the 

following voxel wise linear system [6, 39]: 

 

 𝐱 = 𝑩𝛼. (13) 

 

Where the observed data 𝑆 from 𝑁 measurements are represented as an 𝑁 × 1 column 

vector, 𝒙: 

 

 

𝒙 = (

ln(𝑆1)

ln(𝑆2)
⋮

ln(𝑆𝑁)

). (14) 

 

The 𝑁 × 7 matrix 𝑩 is described by the elements of the 𝑏-matrix, which is a 3D 

representation of the b-factor: 

 

 

𝑩 = (

−𝑏𝑥𝑥1 −𝑏𝑦𝑦1 −𝑏𝑧𝑧1 −2𝑏𝑥𝑦1 −2𝑏𝑥𝑧1 −2𝑏𝑦𝑧1 1

⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮
−𝑏𝑥𝑥𝑁 −𝑏𝑦𝑦𝑁 −𝑏𝑧𝑧𝑁 −2𝑏𝑥𝑦1 −2𝑏𝑥𝑧𝑁 −2𝑏𝑦𝑧𝑁 1

). (15) 

 

And the column vector 𝛼 is defined by the 6 independent diffusion tensor elements and 

the logarithmic signal of the non-diffusion weighted measurement 𝑆0  

 

 𝛼 = [𝐷𝑥𝑥 𝐷𝑦𝑦 𝐷𝑧𝑧 𝐷𝑥𝑦 𝐷𝑥𝑧 𝐷𝑦𝑧 ln(𝑆0)]𝑇 . (16) 

 

A different approach to determine the diffusion tensor is by defining the column vector, 𝒅 

[39, 40]: 

 

 𝐝 = [𝐷𝑥𝑥 𝐷𝑦𝑦 𝐷𝑧𝑧 𝐷𝑥𝑦 𝐷𝑥𝑧 𝐷𝑦𝑧]𝑇 . (17) 

 

Information about the normalized diffusion gradient directions 𝑔𝑥𝑖, 𝑔𝑦𝑖, and 𝑔𝑧𝑖 is stored 

in the 𝑀 × 6 matrix, 𝑯, for a total number of 𝑀 diffusion weighted measurements. 
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𝑯 =

(

 
 

𝑔𝑥1
2 𝑔𝑦1

2 𝑔𝑧1
2 2𝑔𝑥1

 𝑔𝑦1
 2𝑔𝑥1

 𝑔𝑧1
 2𝑔𝑦1

 𝑔𝑧1
 

𝑔𝑥2
2 𝑔𝑦2

2 𝑔𝑧2
2 2𝑔𝑥2

 𝑔𝑦2
 2𝑔𝑥2

 𝑔𝑧2
 2𝑔𝑦1

 𝑔𝑧2
 

⋮ ⋮ ⋮ ⋮ ⋮ ⋮
𝑔𝑥𝑀
2 𝑔𝑦𝑀

2 𝑔𝑧𝑀
2 2𝑔𝑥𝑀

 𝑔𝑦𝑀
 2𝑔𝑥𝑀

 𝑔𝑧𝑀
 2𝑔𝑦𝑀

 𝑔𝑧𝑀
 

)

 
 

 (18) 

 

The examined data 𝒀 are represented as their measured ADCs (see Equation (8)): 

 

 

𝒀 = [
ln (
𝑆0
𝑆1
)

𝑏

ln (
𝑆0
𝑆2
)

𝑏
⋯

ln (
𝑆0
𝑆𝑀
)

𝑏

]

𝑇

, (19) 

 

and, the voxel wise linear system is then given by  

 

 𝒀 = 𝑯𝒅. (20) 

 

For the case of applying exactly 6 diffusion weighted directions there exists an exact 

solution to Equation (20). This basic inverse problem can be solved accordingly by 

calculating the inverse of the 𝑯 matrix [39, 40]: 

 

 (𝑯−1𝑯)𝒅 = 𝒅 = 𝑯−1𝒀. (21) 

 

Usually more than 6 encoding directions are applied to increase the stability for the 

determination of the diffusion tensor. This results in an overdetermined inverse problem 

where the matrix 𝑯 is not squared anymore and the true inverse 𝑯−1 does not exist. By 

using an unweighted linear least-squares fit this overdetermined system can be solved 

accordingly [39, 40]: 

 

 𝒅 = (𝑯𝑇𝑯)−1𝑯𝑇𝒀. (22) 

 

Furthermore, by using the covariance matrix it is also possible to perform a weighted 

linear least-squares fit which should give even more correct results [6, 39]. 
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The computed diffusion tensor can be decomposed in its eigenvalues (𝜆1, 𝜆2, and 𝜆3, in 

descending order of magnitude), as well as their corresponding eigenvectors (𝜺1, 𝜺2, and 

𝜺3), and can be further geometrically represented as an ellipsoid (Figure 4) [23, 38]. 

 

Figure 4: Three-dimensional geometric representation of the diffusion tensor as an 

ellipsoid described by its eigenvalues (𝜆1, 𝜆2, and 𝜆3), and their corresponding 

eigenvectors (𝜺1, 𝜺2, and 𝜺3) [23, 38]. 

 

From these eigenvalues several different diffusion metrics like, mean diffusivity (MD), 

axial and radial diffusivity (AD and RD), and fractional anisotropy (FA) can be derived 

within a voxel to better characterize the diffusion properties [9, 10, 15, 23]. The mean 

diffusivity is the simplest measure and represents the average value of diffusion within a 

voxel, 

 

 
𝑀𝐷 = 

𝜆1 + 𝜆2 + 𝜆3
3

. (23) 

 

  



13 
 

Diffusion rates along the main, and transversal directions are the axial and radial 

diffusivities which are described by the largest eigenvalue, and the average of the two 

smaller eigenvalues, 

 

 𝐴𝐷 = 𝜆1, (24) 

 

 
𝑅𝐷 =

𝜆2 + 𝜆3
2

. (25) 

 

The fractional anisotropy illustrates the degree of directional diffusion, 

 

 
𝐹𝐴 =

√(𝜆1 − 𝜆2)2 + (𝜆2 − 𝜆3)2 + (𝜆3 − 𝜆1)2

√2(𝜆1
2 + 𝜆2

2 + 𝜆3
2)

, (26) 

 

where FA = 0 would mean isotropic diffusion, and FA = 1 complete anisotropic, 

directional diffusion [9, 10, 15, 23]. Often maps of FA values are superimposed by their 

main eigenvector to indicate the principle diffusion direction. In detail, by assigning each 

coordinate axis (x, y, and z) to the colors red, green, and blue, it is possible to generate FA 

maps where the fiber orientation controls the hue, and the extent of anisotropy conducts 

the brightness of each pixel [10, 15, 23]. 

2.5 Higher Order Diffusion Models 

The diffusion tensor is a very useful and elegant model to probe the microstructural 

configuration of tissue such as myelination and density. However, since it does not 

account for multiple diffusion compartments and restricted diffusion, as well as multiple 

fibers within a voxel, it has been shown to be insufficient to assess more complex tissue 

microstructure and fiber configuration. Therefore, more sophisticated, so called higher 

order models have been established to overcome these limitation [2, 11, 13, 23, 26, 41]. 

These higher order models have been mainly separated into two types of concepts. The 

first type works on the basis of finding a model which best describes the underlying 

biophysical properties and microstructural features of a specific tissue type [11, 41]. 

These model driven approaches consider the signal as a sum from several contributions, 

and relate it directly to microstructural heterogeneity and microscopic features by 
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utilizing compartmentation and modeling as basic geometric objects. They rely on 

assumptions, approximations and constraints to simplify the general picture of natural 

complexity. Such models are for instance the ball-and-stick model, the composite 

hindered and restricted models of diffusion (CHARMED), AxCaliber, and the neurite 

dispersion and density imaging (NODDI) tissue model, just to name a few. These types of 

models are in general more important than signal based approaches, which are the second 

type of approaches [11, 41]. Signal models are model-independent mathematical 

representations of the measurement which are represented as functions with a set of 

adjustable parameters and coefficients. They rely on very few assumptions and do not 

describe any underlying physical impression. These models include for example  diffusion 

kurtosis imaging (DKI), q-space imaging, and diffusion spectrum imaging (DSI) [11, 41]. 

To incorporate any of the aforementioned concepts a higher amount of information is 

needed. This is realized by increasing the number of diffusion encoding directions, as well 

as the number of sampled b-values, and sampling the DWI signal on a Cartesian grid or on 

several spheres of the diffusion space. Though, this increases the acquisition time and 

restricts its possible clinical application [13, 42]. 

2.6 Fiber Tractography 

Fiber tractography, or often only referred to as tractography, is a technique which enables 

the possibility to non-invasively visualize and investigate in vivo fiber trajectories of 

fibrous tissue such as brain WM in 3D. The general assumption in tractography is that 

every voxel is characterized by a single primary fiber direction which is parallel to the 

major diffusion direction [1, 14, 15].  

In principal, tractography is performed in three main steps which are the seeding, the 

tracking, and the termination of fiber trajectories [2, 13, 14]. 

A seed point is the defined starting location where the fibers are being tracked. Generally, 

a preferred region of interest (ROI) is specified which defines several seed points. These 

ROIs are usually manually defined by a user. This however, is very time consuming for 

multiple tracts and requires a user with vast neuroanatomical expertise, as well as 

reduces stability and reliability [14, 16, 18, 19]. To overcome this issues, ROIs can also be 

derived from anatomic atlases, which define certain brain structures or cortical regions. 

Alternatively, cortical activation maps determined from functional MRI can be used as 

ROIs. This approach might seem very elegant since it allows to analyze and correlate 
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structural and functional connectivity. Nevertheless, it may be difficult to implement this 

approach since the primary diffusion direction of GM is less prominent than in WM [13, 

14]. 

There exist several approaches to terminate a fiber streamline. The most common method 

is by defining a lower threshold for diffusion anisotropy, usually 𝐹𝐴. For example, if the 

𝐹𝐴 values of a voxel is below this pre-defined threshold the trajectory streamline will be 

stopped. Since it is well-known that fiber tracts in the brain do not take sharp turn, it is 

possible to impose an angular threshold. In this case, the propagation of a trajectory is 

terminated when the angle between the initial and subsequent direction is above this 

threshold. Finally, it is possible to apply anatomical constrains to prevent streamlines 

from entering unreasonable areas [13, 14]. 

The tract propagation can be realized with different types of methods and tractography 

algorithms. The earliest and simplest methods were deterministic algorithms, which use 

the orientation information of the diffusion tensor. These approaches reconstruct fiber 

trajectories represented as space curves step-by-step by integrating the partial 

differential equation: 

 

 𝜕𝒓(𝑠)

𝜕𝑠
= 𝜺1(𝒓(𝑠)), (27) 

 

where 𝒓(𝑠) is the streamline at point 𝑠, and 𝜺1 is the corresponding principal eigenvector 

of the diffusion tensor [2, 14, 43]. The simplest way of solving this problem is by using 

Taylor series expansion, which lead to the form [2, 43]: 

 

 𝒓(𝑠1) ≈ 𝒓(𝑠0) + 𝛼𝜺1(𝒓(𝑠0)). (28) 

 

A different approach to solve this partial differential equation is by using 2nd or 4th order 

Runge-Kutta methods, which result in smoother trajectories compared to Taylor series 

expansion [2, 43]. Nevertheless, these deterministic approaches do not consider multiple 

fibers within a voxel, as well as complex tissue microstructure. Furthermore, image noise 

and artifacts cause uncertainty in the orientation of the diffusion tensor, which lead to 

streamline errors [13–15]. To resolve these issues, probabilistic fiber tractography 

algorithms are used. These algorithms work on the basis of higher order diffusion models, 
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and use a local orientation distribution function for reconstructing fiber trajectories [13–

15]. All the aforementioned local tractography algorithms are computational fast, simple 

to implement, widely used, and best suited for exploratory studies. However, they have 

the disadvantage of small errors accumulating and progressing along the fiber 

streamlines, and further changing to overall appearance of the tract [14, 16]. Global 

tractography approaches provide an alternative solution, which promise superior 

reconstruction and tracking stability. These types of algorithms reconstruct the fiber 

trajectories by using the information on diffusion direction of all voxels simultaneously, 

and optimize a function that best fits the acquired data. In addition, it is possible to 

reconstruct and identify particular WM pathways by constraining the connection of two 

ROIs [14, 16, 17]. 

2.7 Stroke 

Stroke is a heterogeneous disorder originating from various pathologies, and affects the 

blood circulation in the brain. It can be subdivided into two distinct types, the first being 

ischemic stroke, which results from occluded blood flow, and is responsible for more than 

80% of the overall stroke incidence. Hemorrhagic stroke is the other lesser portion of 

stroke occurrence, and is the corollary of blood intruding the brain or subarachnoid space 

[44]. 

Both types of stroke, and their numerous subtypes feature distinct underlying pathologies 

which are the direct consequence of different risk factors. The identification and 

monitoring of these risk factors is the key to prevention and treatment of stroke. 

Therefore, the Austrian Stroke Prevention Study (ASPS) aims on the investigation and 

assessment of already established and future cerebrovascular risk factors. It is an ongoing 

monocentric prospective long-term community-dwelling study in a central European 

population, which incorporates a comprehensive diagnostic examination, including MRI 

[20, 21]. 

Diffusion MRI is the most successful application in acute brain ischemia, and the imaging 

technique of choice to manage patients suffering from stroke [4]. It was shown that water 

diffusion decreased significantly in the very early phase of acute brain ischemia. 

Furthermore, in comparison to other imaging methods such as 𝑇2-weighted images and 

X-ray computed tomography, dMRI can detect microstructural changes much quicker, or 

even reveal alterations were others fail [1, 4]. Therefore, dMRI has been proven to be an 
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effective tool for the detection, classification, monitoring, and treatment of both, acute and 

chronic, patients [1, 4]. 

2.8 ALS 

ALS is a fast progressing, invariable, relentlessly lethal neurodegenerative disease, which 

results in the degeneration of the upper and lower motor neuron system. The prevalence 

of ALS is two to three people within 100,000 of the general European population and the 

majority of patients die within three years after diagnosis. It is possible to further classify 

ALS according to the site of onset, into limb and bulbar onset ALS. The clinical 

representation of ALS is dependent on the disease onset, and includes for example 

spasticity, dysphagia, and respiratory problems [45, 46].  

Currently, the diagnosis of ALS is based on distinctive clinical and electrophysiological 

features, according to the revised El Escorial criteria [47]. MRI, and in particular DTI has 

been shown to be one of the most promising and sensitive imaging techniques to probe 

ALS related microstructural tissue changes. Accordingly, damage of the corticospinal tract 

(CST) has been identified as a pathologic hallmark feature of ALS. Moreover, 

microstructural tissue changes were observed in additional tracts which suggests that 

ALS pathologies advances in more widespread areas of the central nervous system [22, 

48, 49]. Compared to other conventional MRI and imaging modalities, DTI showed a 

higher sensitivity and specificity in detecting ALS related pathologies also in other large 

widespread areas of WM, beyond the CST [22, 49, 50]. 
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3 Methods 

3.1 Subjects 

To analyze the implication of varying spatial resolution and number of diffusion encoding 

gradients directions, MRI datasets of a single 32 years old male healthy volunteer were 

collected.  

Furthermore, 212 healthy participants were selected from the ASPS cohort. Among which 

where 126 women and 85 men, within 38 and 81 years of age and a mean age of 

64.7 ± 11.4 years. The complete ASPS cohort received a comprehensive clinical routine 

including clinical history, laboratory evaluation, cognitive testing, assessment of vascular 

risk factors, and MRI. None of the participants had any signs and history of 

neuropsychiatric disease, abnormal neurologic findings examined by a board-certified 

neurologist, heart failure, or uncorrected visual impairment. The study protocol was 

approved by the ethics committee of the Medical University of Graz, and signed consent 

were given by all participants. 

ALS patients were recruited over a 6-year period to take part in an ongoing prospective 

study with an extensive clinical work-up, including MRI, and neurophysiologic 

examination by an expert. In total, the data from 27 patients were collected. All patients 

had definite ALS determination but were initially classified as possible and probable ALS 

according to the El Escorial criteria [47]. Their degree of functional impairment was 

characterized using the revised amyotrophic lateral sclerosis functional rating scale 

(ALSFRS-R), which uses 13 different elements with a score ranging from 48 (best) to 0 

points (worst) [51]. Which resulted in an overall mean ALSFRS-R of 38.8 ±  8.7, within a 

mean disease duration of 16.1 ±  12.7 months. None of the participants showed any 

clinical indication for dementia. The study was approved by the ethics committee of the 

Medical University of Graz, and written informed consent were obtain from all subjects. 
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3.2 Data acquisition 

All MRI measurements were performed on a Siemens Healthcare, Tim Trio 3 Tesla system 

(Siemens Healthcare, Erlangen, Germany), which is located at Department of Radiology of 

the Medical University of Graz, Austria. 

3.2.1 Multiresolution dataset 

Multiresolution datasets were acquired with a 32-channel head coil. 

DWI was performed using a 2D diffusion weighted spin-echo sequence with a SS-EPI 

readout (TR/TE = 6200 ms/86 ms and NEX = 2), a GRAPPA acceleration factor of 2, and 

an image resolution of 2 × 2 × 3 𝑚𝑚3. For diffusion modeling 64 independent diffusion 

sensitizing directions and two b-values (b = 0 and 1000 s/mm²) were executed. 

Additionally, a 2D readout segmented EPI spin-echo-based diffusion sequence 

(TR/TE = 11700 ms/76 ms and NEX = 1) was used to acquire higher resolution DWI data 

with 1.5 mm isotropic resolution. The diffusion was probed in 20 collinear direction, and 

two b-values (b = 0 and 1000 s/mm²). 

Structural images were obtained by using a 𝑇1-weighted 3D MPRAGE sequence with 1 mm 

isotropic resolution (TR/TE/TI/flip angle = 1.9 s/2.15 ms/9° and FoV = 256 mm), and 

whole brain coverage. 

3.2.2 Normal Healthy Subjects 

All MRI measurements for ASPS participants were taken by using a 12-channel head coil 

array. 

Diffusion data were collected using a 2D diffusion-weighted spin-echo sequence with 

single shot EPI readout (TR/TE = 6700 ms/95 ms and NEX = 4), GRAPPA acceleration 

factor of 2, and an image resolution of 2 × 2 × 3 𝑚𝑚3. Twelve independent diffusion 

sensitizing direction and two b-values (b = 0 and 1000 s/mm²) were applied to perform 

DTI and tractography.  

A 𝑇1-weighted 3D MPRAGE sequence with 1 mm isotropic resolution 

(TR/TE/TI/flip angle = 1.9 s/2.15 ms/9° and FoV = 256 mm) was applied to gain 

structural images. 

The imaging protocol for volunteers of the ASPS included further imaging sequences 

which are beyond the scope of this thesis and not further discussed. 
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3.2.3 ALS 

ALS patients underwent MRI by utilizing the identical imaging sequences as described in 

Section 3.2.2, and for convenience are not further mentioned here. Furthermore, the 

initial imaging procedure comprised of a more comprehensive MRI protocol for the 

evaluation of clinical status, and is not further indicated in this thesis. 

3.3 Software implementation 

TRACULA is a part of the FreeSurfer 5.3 software package [52], and uses several different 

software-wide integrated functions. Additionally, it utilizes some operation methods from 

the FMRIB Software Library (FSL), version 5.0.6 [53]. Therefore, all necessary software 

packages and software links which did not already exist, were implemented and 

established on an IBM x3500 M3 server system. The system was running an Intel Xeon 

X5690 processor with 6 cores and 12 threads at 3.47 GHz, 24 GB of RAM, and working a 

64-bit Ubuntu 12.04 operating system. 

3.4 Image analysis 

3.4.1 Preprocessing 

All acquired images were visually inspected ahead of processing, to prevent results being 

influenced by motion and other imaging artifacts. Afterwards, all scans were converted 

from DICOM to NIfTI format using dcm2nii [54]. This allowed for simpler and more 

convenient data handling. 

Furthermore, dcm2nii extracts the normalized gradient directions and b-values into .bvec 

and .bval files, which are needed for the continuing processing. The extracted values in 

the .bvec and .bval files are presented in rows. Since TRACULA expects these values to be 

ordered in columns, they had to be transposed to be depicted in columns. 

The reconstruction tool recon-all, which is included in the FreeSurfer software suite [52], 

was used, to perform automated reconstruction and labeling of distinctive brain regions. 

All technical details for these automated procedures have been described and evaluated 

previously [55–57]. Concisely, the reconstruction consisted of three main tasks based on 

the high resolution 𝑇1-weighted scan. First, it generated WM and pial surfaces by voxel-

wise classification. Therefore, every voxel got assigned to a WM or other than WM label 

based on its intensity and neighbor constraints. Furthermore, cutting planes were chosen 
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to separate hemispheres and to remove the cerebellum, the brain stem and non-brain 

tissue. Afterwards, subcortical regions were segmented into around 40 unique structures. 

Finally, automatic parcellation was performed to identify every point of the entire 

cerebral cortex, and assigning it to one of the 85 separate units. Both, the subcortical 

segmentation and cortical parcellation use the same underlying procedure and basic 

algorithm. Each labeling procedure uses an individual atlas which is generated from 

manually labeled training sets of subjects which are mapped to a common space. Prior to 

labeling each individual input image is aligned to best match the anatomical atlases using 

affine and higher dimensional non-linear registration. Finally, each voxel gets assigned to 

a class label by using a Bayesian approach and prior information on the given atlases and 

alignment functions. 

A python script was used to extract diffusion datasets with 6, 12, and 20 diffusion 

encoding direction for lower, and 6, and 12 sensitizing directions for higher resolution 

diffusion images of the multiresolution dataset. This script scans through the diffusion 

gradient vector file to find and extract the closest normalized gradient direction according 

to a template. The 6 template gradient directions were defined as described by Kingsley 

[58]. For the 12 direction template a sample gradient encoding scheme from the ASPS 

cohort was taken as a reference. The normalized diffusion directions from the high 

resolution diffusion scan were takes as a guide to extract a 20 direction dataset from the 

low resolution scan. The corresponding images were then extracted und combined into 

new 4D image stacks using fslroi and fslmerge from FSL [53]. After extraction, all 5 new 

created image stacks were scrutinized visually. 

3.4.2 DTI and Fiber Tractography 

To increase the statistical validity regarding the software stability, TRACULA was 

executed three times in every instance of the overall 7 single subject multiresolution 

datasets. Furthermore, it was performed on every normal healthy participant and ALS 

patient. 

TRACULA was used for automatic diffusion parameter analysis and global probabilistic 

tractography. The whole procedure and all working steps have been presented and 

described previously [16]. Generally, the entire workflow consists of three main 

processing tasks which require the DWI data: preprocessing, model fitting, and pathway 

reconstruction. 
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The first action of preprocessing was eddy current and simple head motion correction. 

This was achieved by using FSL’s eddy_correct, which registered every diffusion weighted 

volume of the series to the image without diffusion sensitization. After removing non-

brain tissue with FSL’s bet, all 𝑏 = 0 images were registered to their corresponding 𝑇1-

weighted image by affine registration using FSL’s flirt. Furthermore, by performing affine 

inter-subject registration of all individual 𝑇1 scans to a common space, a diffusion-to-

template transformation was achieved. Afterwards, masks for WM units and cortex labels 

were created based on the subcortical segmentation and cortical parcellation, and further 

transformed from the individual 𝑇1 to the individual diffusion space by incorporating the 

afore computed transformation. The next preprocessing step was the computation of all 

DTI parameters (FA, MD, AD, and RD) by performing a least-squares fit using FSL’s dtifit. 

Afterwards, the calculated scalar maps are transformed from the diffusion space into the 

template space with the earlier computed registration matrix. TRACULA relies on 

manually labeled training data to compute a priori pathway probabilities, which is the 

final preprocessing step. Additionally, the training subjects are used to obtain an initial 

guess of the location of the control points and the two trajectory ending ROIs for each 

pathway. These estimated initial control points were then mapped from template space 

into the individual diffusion spaces. 

Model fitting was performed using FSL’s bedpostx which fits the ball-and-stick model of 

diffusion [12] to the DWI data. This model has been introduced and described earlier [12, 

59]. In general, the ball-and-stick model tries to model the underlying fiber structure 

which represents the form of diffusion and thus the measured signal. The most 

straightforward form of this model is a simple two-compartment partial volume model. 

Hence, the first compartment models isotropic diffusion of free water, whereas the second 

one models anisotropic diffusion along the fiber direction. The ith measured diffusion-

weighted signal 𝜇𝑖, along a gradient direction 𝒓𝑖 , with b-value 𝑏𝑖, can therefore be written 

as [12]: 

 

 𝜇𝑖 = 𝑆0 ((1 − 𝑓) exp(−𝑏𝑖𝑑) + 𝑓  exp(−𝑏𝑖𝑑𝒓𝑖
𝑇𝑹𝑨𝑹𝑇𝒓𝑖)),  (29) 

 

where 𝑆0 is the signal without diffusion weighting, 𝑑 is the diffusivity, 𝑓 is the fraction 

signal contributed by anisotropic diffusion, and 𝑹𝑨𝑹𝑇 is the anisotropic diffusion tensor 

along the fiber direction with orientation (𝜃, 𝜙). For each voxel the noise is modeled 
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separately as an independently identically distributed Gaussian, with zero mean and a 

standard deviation across measurements of 𝜎. Thus, this model has a parameter set 𝜔 of 

six free parameters (𝑆0, 𝑓, 𝑑, 𝜃, 𝜙, 𝜎). However, in the above introduced partial volume 

model, only a single fiber orientation is considered for each voxel. Therefore, this model 

was expanded to deduce for multiple fiber configurations. Accordingly, the predicted 

measured DWI signal 𝜇𝑖 can be stated as [59]: 

 

 

𝜇𝑖 = 𝑆0((1 −∑𝑓𝑗

𝑁

𝑗=1

)exp(−𝑏𝑖𝑑) +∑𝑓𝑗

𝑁

𝑗=1

exp(−𝑏𝑖𝑑𝒓𝑖
𝑇𝑹𝑗𝑨𝑹𝑗

𝑇𝒓𝑖)). (30) 

 

Again, 𝑆0 is the non-diffusion-weighted signal, 𝑑 is the diffusivity, 𝑏𝑖 and 𝒓𝑖 are the b-value 

and the gradient direction of the ith measurement, and 𝑓𝑗  and 𝑹𝑗𝑨𝑹𝑗
𝑇 are the contribution 

fraction, and anisotropic diffusion tensor of the jth fiber orientation, and a maximum of 𝑁 

fibers. To fit the parameterized model to the data, the parameters can be considered as a 

probability density function. By using a Bayesian framework this function is called the 

posterior distribution on the parameters given the data: 

 

 
P(𝜔|𝑌,𝑀) =

𝑃(𝑌|𝜔,𝑀) 𝑃(𝜔|𝑀)

𝑃(𝑌|𝑀)
, (31) 

 

where Y represents the data and M the model. However, calculating this probability 

density function, which include solving large integral is troublesome and not tractable 

analytically. Furthermore, using rejection sampling and importance sampling schemes, 

which draw samples in parameter space to solve the integrals numerically and overcome 

this problem, is computationally extensive and very slow. Therefore, the Markov Chain 

Monte Carlo sampling technique is used which addresses this time issue by suggesting 

samples preferably in areas of high probability. Additionally, by applying a Bayesian trick, 

known as automatic relevance determination, or shrinkage priors, it is possible to infer 

multiple fiber population only in cases where there is evidence in the data that they exist. 

Moreover, the use of automatic relevance determination is essential for this multi-

compartment model, since it hinders the model from overfitting the data. In the here 
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presented case of running bedbostx inside TRACULA, one isotropic and two anisotropic 

compartments were assumed to model the voxel-vise diffusion signal. 

Automated WM pathway reconstruction was performed using a Bayesian model for global 

tractography. The pathway reconstruction relies on prior information which was 

extracted from a set of training subjects. This procedure has been reported and illustrated 

in an earlier paper by Yendiki et al. [16] and is based on a Bayesian framework developed 

by Jbabdi et al. [17]. Essentially, this model is composed from the local partial volume 

model, as described in the aforementioned paragraph, and global parameters. A graphical 

depiction of this Bayesian framework is depicted in Figure 5. 

 

Figure 5: Bayesian framework, consists of parameters from the local partial volume 

model (red dashed box, with Y represents the measured data, 𝑆0 is the non-

diffusion-weighted signal, 𝑑 is the diffusivity, 𝑓 the contribution fraction, 𝜃, 𝜙 

are the fiber direction and orientation, and Σ and Λ represent the scale 

parameters), and the global parameters(blue dashed box, including the fiber 

connection ℱ, the existance of connection 𝒞, the tract location ℒ, and the 

control points 𝒦) (adapted from [17]). 

This model admits that the parameters can influence each other, as well as information 

included in the data can back-propagate into the parameters. The set of global parameters 

consist of the fiber connections (ℱ), the priors on the existence of these connections (𝓒), 

the location of a tract within each ROI (ℒ), and the spline control points (𝒦). To provide 

better understanding an illustration of the global parameters is provided in Figure 6. 
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Figure 6: Representation of global parameters for the connection of regions ℛ1 and ℛ2 

at the locations ℒ1 and ℒ2, by the fiber pathway ℱ12, with 𝒦 control points 

(adapted from [17]). 

The set of N brain regions are represented by ℛ = (ℛ𝑖)𝑖=1:𝑁. The existing connection of 

brain regions are expressed by the 𝑁 ×𝑁 matrix 𝓒 = (𝒸𝑖𝑗), where a prevailing 

connections is indicated by a 𝒸𝑖𝑗  value of 1 (and resp. by 0 if not connected). The random 

variable ℒ𝑖𝑗  (resp. ℒ𝑗𝑖) is a subset of ℛ𝑖 (resp. ℛ𝑗) which depict the location of pathway 

endings that are connected to ℛ𝑗  (resp. ℛ𝑖). The pathways connecting these subset 

regions are represented by the random variable ℱ. This variable could include values in 

the set of all possible 3D trajectories between two ROIs. Since this is not easily 

controllable, Catmull-Rom splines with a set of control points 𝒦 were used. These are 

piece-wise cubic splines, and therefore easy to calculate as they do not have many 

parameters, and pass through all their control points in contrast to some B-spline curved. 

The posterior probability over all parameters, which summarizes the relationship of all 

parameters, is defined as: 

 

 𝑝(Ω|𝒀) ∝ 𝑝(𝒀|𝚺, 𝒅, 𝑺0, 𝒇, 𝜽, 𝝓)𝑝(𝚺)𝑝(𝒅)𝑝(𝑺0)

𝑝(𝜽,𝝓|ℱ)𝑝(𝒇|𝚲, ℱ)𝑝(𝚲)𝑝(ℱ|𝓒)𝑝(𝓒),
 (32) 

 

where Ω = (𝚺, 𝒅, 𝑺0, 𝒇, 𝚲, 𝜽,𝝓, 𝓒, ℱ), and bold symbols and letters indicate vectors of 

values for all measurements. Furthermore, the unknown pathway ℱ in any test subject is 

calculated from the DWI data 𝒀 by using the posterior probability distribution of ℱ given 

Y, 
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 𝑝(ℱ|𝒀) ∝ 𝑝(𝒀|ℱ)𝑝(ℱ). (33) 

 

Differently to the approach introduced by Jbabdi et al. [17] which assumes equal prior 

probability for all possible pathways connecting two ROIs, TRACULA uses a prior defined 

as: 

 

 p(ℱ) = 𝑝(ℱ|𝑨, {𝓕𝑘}𝑘=1
𝑁𝑡 , {𝑨𝐾}𝑘=1

𝑁𝑡 ). (34) 

 

Here, 𝑨 represents the anatomical segmentation map of the test subject, and 𝓕𝑘 and 𝑨𝑘, 

𝑘 = 1,… ,𝑁𝑡, are the pathway of interest and the anatomical segmentation map for each 

training subject. The major WM pathways of interest were obtained by manual labeling of 

training subjects. This manual labeling was performed by an expert which drew at least 

two ROIs for each pathway that the pathway is known to traverse. The following pathways 

were labeled: 

 Corticospinal tract (CST) 

 Inferior longitudinal fasciculus (ILF) 

 Uncinate fasciculus (UNC) 

 Anterior thalamic radiation (ATR) 

 Cingulum - cingulate gyrus bundle (CCG) 

 Cingulum - angular bundle (CAB) 

 Superior longitudinal fasciculus - parietal bundle (SLFP) 

 Superior longitudinal fasciculus - temporal bundle (SLFT) 

 Corpus callosum - forceps major (FMAJOR) 

 Corpus callosum - forceps minor (FMINOR) 

All pathways, except FMAJOR and FMINOR, were labeled on bilateral hemispheres which 

resulted in a total of 18 pathways for each subject. The anatomical segmentation maps 𝑨𝑘 

were acquired as described in Section 3.4.1 from the 𝑇1-weighted image using FreeSurfer. 

The posterior distribution 𝑝(𝓕|𝒀) was estimated by using a Markov Chain Monte Carlo 

algorithm. All pathways for each test subject were modeled as cubic splines with a fixed 

number of control points. The number of control points (5) as well as the parameters for 

the Markov Chain Monte Carlo algorithm (200 “burn-in” iteration and 5000 main 

iteration) were set to default as defined by Yendiki et al. [16]. 
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3.4.3 Postprocessing 

Results from DTI analysis and automated tractography were visually verified for correct 

determination and reconstruction for every subject and entity. 

3.5 Statistical analysis 

All statistical analyses were performed using STATISTICA 12 (StatSoft, Tulsa, OK, USA). 

Mean values and standard deviations of diffusion properties (FA, MD, RD, and AD) of all 

WM tracts were extracted from the three iterations of the overall 7 multiresolution 

datasets. To infer to the computation stability, the extracted mean values and standard 

deviations of tract specific diffusion metric were then plotted over the number of applied 

diffusion gradient directions. 

To relate the change and stability of determined diffusion values to age, mean values and 

standard deviation from normal healthy subjects were plotted over decades of age.  

Parametric (Student t-test) or non-parametric tests (Mann-Whitney U test), if 

appropriate, were performed for comparing the two groups of ALS and healthy subjects, 

and to depict the effective possible clinical application of TRACULA. The Kolmogorov-

Smirnov test and quantile-quantile plots were regarded to verify for normal distribution. 

A p-value less than 0.003 (𝑝 <
0.05

18
) was considered as statistically significant after 

Bonferroni correction to account for multiple comparison. Results were also indicated if 

they exceeded a lesser conservative significant threshold of 0.05. 
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4 Results 

Overall, all steps of TRACULA were successfully implemented on the existing system and 

run without any errors. An exemplary three-dimensional reconstruction of all WM 

pathways with their corresponding description is presented in Figure 7. The here 

presented 3D structures provided by TRACULA, incorporate the volumetric probability 

distribution at 20% of its maximum value and from which further the tract related 

diffusion properties were extracted. 

 

Figure 7: Three-dimensional representation of all 18 reconstructed WM tracts in 

relation to the anterior (A), posterior (P), superior (S), and inferior (I) 

directions. 

4.1 Multiresolution dataset 

Automated WM tract reconstruction passed successfully and in absence of any errors for 

all iterations of the 7 multiresolution datasets. Exemplary illustrations of TRACULA 

reconstruction depending on the number of diffusion gradients are shown in Figure 8 and 

Figure 9 for SS-EPI and readout segmented EPI datasets. In the case for low resolution SS-

EPI datasets, the size of highly probable voxels which belonged to specific WM tracts 

decreased with increasing number of gradient directions. This effect however, was not 

observed for readout segmented EPI data. Even though there are slight differences in tract 

size for the different datasets. 
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Figure 8: Reconstruction of WM tracts dependent on number of diffusion encoding 

gradients based on SS-EPI dataset. Here shown from left to right are front, 

side, and top view. Orientation of 3D tracts in relation to anterior (A), 

posterior (P), superior (S), inferior (I), left (L), and right (R) directions. 
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Figure 9: Reconstruction of WM tracts dependent on number of diffusion encoding 

gradients based on readout segmented EPI dataset. Here shown from left to 

right are front, side, and top view. Orientation of 3D tracts in relation to 

anterior (A), posterior (P), superior (S), inferior (I), left (L), and right (R) 

directions. 

The change in mean values of extracted diffusion properties (FA, MD, RD, and AD) from 

all WM tracts over the number diffusion directions are shown in Figure 10-Figure 13 for 

low resolution SS-EPI datasets, and in Figure 14-Figure 17 for high-resolution readout 

segmented EPI datasets. Values of MD were roughly steady over the course of increasing 

number of diffusion direction both for SS-EPI and readout segmented EPI. Altough, some 

tracts (FMAJOR, right CAB, and bilateral CCG) showed a change in MD with increasing 

number of directions for low resolution data. However, an overall increase of RD, along 

with a decrease of FA (except for the corpus callosum - forceps major (FMAJOR) and minor 

(FMINOR)), was observed. Furthermore, while AD slightly decreased with more 

directions for high resolution data, low resolution datasets showed an increase as well as 

a decrease of AD for different fiber tracts. Moreover, overall extracted FA values were 

higher for high resolution datasets compared to SS-EPI datasets. A similar pattern was 
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observed for MD, RD, and AD where extracted values were lower for readout segmented 

EPI datasets. Additionally, when comparing extracted DTI values from SS-EPI data and 

readout segmented data, it was found that for readout segmented EPI results their 

magnitude were similar across all tracts. Whereas DTI results from SS-EPI exhibited a 

larger range of extent across fiber tracts. 

 

Figure 10: Change of FA in all reconstructed fiber tracts from SS-EPI dataset over the 

number of applied diffusion gradients (# Directions). Here shown are mean 

values and standard deviation for all applied number of directions. 

Corresponding structures are shown in the same color, but with different 

mean value markers and different line shape for left (lh) and right (rh) 

hemisphere or anterior and posterior orientation. 
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Figure 11: Change of MD in all reconstructed fiber tracts from SS-EPI dataset over the 

number of applied diffusion gradients (# Directions). Here shown are mean 

values and standard deviation for all applied number of directions. 

Corresponding structures are shown in the same color, but with different 

mean value markers and different line shape for left (lh) and right (rh) 

hemisphere or anterior and posterior orientation. 
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Figure 12: Change of RD in all reconstructed fiber tracts from SS-EPI dataset over the 

number of applied diffusion gradients (# Directions). Here shown are mean 

values and standard deviation for all applied number of directions. 

Corresponding structures are shown in the same color, but with different 

mean value markers and different line shape for left (lh) and right (rh) 

hemisphere or anterior and posterior orientation. 
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Figure 13: Change of AD in all reconstructed fiber tracts from SS-EPI dataset over the 

number of applied diffusion gradients (# Directions). Here shown are mean 

values and standard deviation for all applied number of directions. 

Corresponding structures are shown in the same color, but with different 

mean value markers and different line shape for left (lh) and right (rh) 

hemisphere or anterior and posterior orientation. 
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Figure 14: Change of FA in all reconstructed fiber tracts from readout segmented EPI 

dataset over the number of applied diffusion gradients (# Directions). Here 

shown are mean values and standard deviation for all applied number of 

directions. Corresponding structures are shown in the same color, but with 

different mean value markers and different line shape for left (lh) and right 

(rh) hemisphere or anterior and posterior orientation. 
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Figure 15: Change of MD in all reconstructed fiber tracts from readout segmented EPI 

dataset over the number of applied diffusion gradients (# Directions). Here 

shown are mean values and standard deviation for all applied number of 

directions. Corresponding structures are shown in the same color, but with 

different mean value markers and different line shape for left (lh) and right 

(rh) hemisphere or anterior and posterior orientation. 



37 
 

 

Figure 16: Change of RD in all reconstructed fiber tracts from readout segmented EPI 

dataset over the number of applied diffusion gradients (# Directions). Here 

shown are mean values and standard deviation for all applied number of 

directions. Corresponding structures are shown in the same color, but with 

different mean value markers and different line shape for left (lh) and right 

(rh) hemisphere or anterior and posterior orientation. 
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Figure 17: Change of AD in all reconstructed fiber tracts from readout segmented EPI 

dataset over the number of applied diffusion gradients (# Directions). Here 

shown are mean values and standard deviation for all applied number of 

directions. Corresponding structures are shown in the same color, but with 

different mean value markers and different line shape for left (lh) and right 

(rh) hemisphere or anterior and posterior orientation. 

 

4.2 Normal Healthy Subjects 

TRACULA performed automatic probabilistic tractography and extract DTI values in 205 

of the initial 212 participants. However, in 10 cases of the fully processed datasets the 

reconstruction finished with at least one error. Which in turn resulted in an overall 

number of 195 successful reconstructed cases. Extracted mean DTI values from all WM 

tracts are plotted over age in Figure 18-Figure 21. A decrease of FA, along with a 

concomitant increase of MD, RD, and AD over age was detected for the majority of fiber 
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tracts. Although, the observed extent of change was higher for MD and RD than for FA and 

AD. 

 

Figure 18: Change of FA in all reconstructed fiber tracts from normal healthy subjects 

over age. Here shown are mean values and standard deviation for every 

decade in age. Corresponding structures are shown in the same color, but with 

different mean value markers and different line shape for left (lh) and right 

(rh) hemisphere or anterior and posterior orientation. 



40 
 

 

Figure 19: Change of MD in all reconstructed fiber tracts from normal healthy subjects 

over age. Here shown are mean values and standard deviation for every 

decade in age. Corresponding structures are shown in the same color, but with 

different mean value markers and different line shape for left (lh) and right 

(rh) hemisphere or anterior and posterior orientation. 
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Figure 20: Change of RD in all reconstructed fiber tracts from normal healthy subjects 

over age. Here shown are mean values and standard deviation for every 

decade in age. Corresponding structures are shown in the same color, but with 

different mean value markers and different line shape for left (lh) and right 

(rh) hemisphere or anterior and posterior orientation. 
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Figure 21: Change of AD in all reconstructed fiber tracts from normal healthy subjects 

over age. Here shown are mean values and standard deviation for every 

decade in age. Corresponding structures are shown in the same color, but with 

different mean value markers and different line shape for left (lh) and right 

(rh) hemisphere or anterior and posterior orientation. 
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4.3 ALS 

It was possible to successfully run TRACULA in all ALS patients without any interruptions. 

ALS related changes of DTI quantities (FA, MD, RD, and AD) compared to healthy 

participants are listed in Table 1. Diffusion properties showed specific differences, which 

focused in the bilateral tracts of the CST. There, a significant increase of MD and RD, along 

with collateral decrease of FA was detected, while AD remained consistent. Furthermore, 

a minor significant decrease of FA was found for the left and right superior longitudinal 

fasciculus parietal (SLFP). In addition, a change of AD was only observed in the right 

uncinate fasciculus (UNC), which increased for ALS patients compared to normal subjects. 

All other tracts showed no abnormal changes of DTI parameters. 
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5 Discussion 

This thesis demonstrates the successful implementation and execution of the automated 

global probabilistic tractography tool TRACULA. The here presented results regarding the 

stability with subject to the applied number of diffusion gradients and spatial resolution 

are in line with previous studies [60–62]. Moreover, it has been shown that TRACULA can 

be performed in a larger cohort. Where its reliability and coherent results are consistent 

with other work [63–65]. Finally, the potential of TRACULA being applied in clinical 

studies has been demonstrated while performing global probabilistic tractography and 

DTI in ALS. The results arisen from these analyses are in agreement with the literature 

[22, 48, 66]. Compared to tract-based spatial statistics (TBSS) [67], which is one of the 

most frequently used tools for DTI analysis. TRACULA is a subject based automated 

tractography method, where fiber tracts are more reliably determined, since tracts or 

their skeletons are not subject to misregistration [16]. Although, there exist other DTI and 

tractography software approaches [3, 68, 69], TRACULA has already been used in some 

studies and presented promising results [16, 48, 63, 70]. Furthermore, it utilizes 

additional well reviewed and reliable tools and methods, which are incorporated in the 

FreeSurfer and FSL software packages [16, 52, 53]. 

5.1 Software 

All necessary software packages and software links to run TRACULA, were successfully 

implemented and established. Nevertheless, this was not as straight forward as one might 

think, and several adjustments or workarounds had to be established in combination with 

extensive discussions with the developers. 

The user manual states that TRACULA accepts DICOM data as an input format. However, 

when first running the reconstruction with DICOM images, the algorithm stopped and 

displayed an error that it was not able to extract the b-factor data. Hence, the Siemens 

DICOM data were converted into the NIfTI format before handing them over to the DTI 

and tractography software. 

This led to another problem. While converting from the DICOM to NIfTI format, the b-

values and corresponding normalized gradient directions were extracted and saved in 

two separate row-ordered text-files. Since FSL tools only accept column-ordered files, 

these text-files had to be transformed to fulfill the requirements for FSL. 
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Since DWI data were transformed into the NIfTI format, TRACULA did not support multi 

subject processing anymore. Therefore, separate scripts had to be established which 

provide a workaround and performed data handling for multiple subjects at once. 

Also, the choice of directory name had to be considered. Directory-names are not allowed 

to include the term “nii”, since TRACULA recognizes this term as a file extension. This 

would further lead to missing or not found files, which would excite multiple error-

messages. 

Even though English is the general working language in engineering- and computer-

science, most operating systems in Austria are set to German as their system language. 

This introduced another issue, especially when working with different positional notation 

for numbers, where the different languages use different notations for decimal numbers. 

This resulted in the corruption of input numbers, and further to incorrect reconstructions 

and analyses. To resolve this problem, the system language had to be set to English 

en_US.UTF-8. 

Model fitting was performed by FSL which fits the diffusion model to the DWI data. To do 

this TRACULA calls the command bedpostx, which starts a shell script. However, this was 

not the case in the first place. It was found that the issue had to do with the running 64-

bit Ubuntu 12.04 operating system. For some reason, which is not completely clear yet, 

this called script had to be adjusted and converted into a bash script. 

After completing tractography and DTI analysis, it was found while visually inspecting the 

results, that in some cases one or more WM tract distributions were represented as single 

3D curve. line This resulted from a questionable initial guess for the pathway 

reconstruction, which could perhaps arise from poor image alignment. In cases with only 

one such single curve pathway, these corrupted tracts were reinitialized and 

reconstructed with a different initial guess. If this did not resolve the problem, and in 

cases with more than one defective tract, all steps, inputs, and outputs were extensively 

reviewed. Additionally, all identified issues were resolved if possible. Cases in which the 

problem persisted after rerunning TRACULA, or the cause could not have been identified, 

had been excluded from further investigations. 

A newer version of TRACULA includes quality assessment of input data, so that issues like 

mentioned above can be identified in an early stage of processing. However, by the time 

of implementation the existing FreeSurfer software package on the existing server system 

did not support this version and therefore an older one was used. For future studies, the 
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version of TRACULA should be updated since this would also enable the possibility of 

using more sophisticated DWI image correction methods against susceptibility- and eddy 

current-induced off-resonance fields, and analyses along the tracts. 

Another downside was the limited number of tracts that could reconstructed by TRACULA 

in general. This number, however, should be extended in the future, which will increase 

the applicability of TRACULA overall. Nevertheless, the reconstructed tracts and their 

probability distributions which are available today, can not only be used to analyze DWI 

data but can also to generate ROIs which further allow for the tract-wise investigation of 

other MRI parameters. 

5.2 Multiresolution dataset 

Consistent with previous studies [60, 61, 71], a reduction of FA with increasing number 

of diffusion gradient directions was found. However, these results are in conflict with 

other reports [72, 73], which showed no change in FA with different number of diffusion 

directions. Regarding MD, the here presented results are in compliance with other 

research [61, 71], whereas an increase in MD was reported by others [60]. Furthermore, 

the observed increase in RD, along with a decrease in AD was also shown by others [61, 

71]. 

When comparing results from high resolution readout segmented EPI data to low 

resolution SS-EPI data, it was found globally that FA was higher, and MD, RD, and AD were 

lower in high resolution datasets. These findings on FA, MD, and AD are consistent with 

another study [61]. However, not for RD. Furthermore, it was indicated that the extent of 

voxel anisotropy has an impact on extracted DTI values [74, 75]. Presented results 

originating from these features are concordant with earlier research [62, 76],but 

divergent to others [60].  

The here reported DTI values are in the range of already published studies [60, 61, 71]. 

Nevertheless, they are not completely identical. These diversities might be caused by 

different sequence protocols, imaging parameters or field strength. Additionally, 

differences might also arise from the anisotropic voxel configuration and resolution, since 

these parameters can lead to different averaging of fiber orientation and partial volume 

effects, which can be well observed in Figure 8 [74, 75]. Therefore, to minimize the 

abovementioned issues, it is recommended to acquire volumes with high resolution 

isotropic resolution, and at least 20 diffusion encoding directions [60, 61, 74]. 
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5.3 Normal Healthy Subjects 

It has been shown that the DTI values on MD, RD, and AD increase over age, while values 

on FA concomitantly decrease. These results have been confirmed by earlier studies 

which also used TRACULA for tract-wise age-related analyses [63–65]. Furthermore, the 

here presented results are also in agreement with reports who used a different approach 

to study DTI values [77, 78]. Moreover, extracted DTI values were similar to values from 

the multiresolution dataset and compared studies [63, 77]. However, it was not possible 

to reconstruct and determine fiber tracts from all subject. This was due to missing high 

resolution structural images or volumetric labels, image artifacts, and misregistration (as 

described in Section 5.1). Nevertheless, it was possible to perform automatic probabilistic 

tractography in 195 of the initial 212 subject, which represents 92% of overall number. 

This indicates that TRACULA is a reliable tool, and further emphasizes its potential for 

clinical use. 

5.4 ALS 

The most consisting finding was the destruction of bilateral tracts of the CST. This is in 

agreement with pathology and the general observation in ALS [22, 48, 79]. Though, other 

studies failed to demonstrate degeneration for both or only one side of the CST [80, 81]. 

Furthermore, differences were found in complementary tracts of SLFP and for the right 

UNC. Unfortunately, a main limitation of this analysis comes from the different 

distributions of gender, age, and number of subject, which could affect the outcome of the 

here used analytical techniques. Nevertheless, these concerns can be neglected, since the 

ASPS cohort, which served as control group, holds a higher number of subjects and an 

overall higher age range. Therefore, it has been shown that TRACULA offers the potential 

to study pathological changes in ALS as well as other neurodegenerative diseases. Future 

investigations can also utilize the possibility of studying other MRI modalities in WM 

tracts reconstructed by TRACULA. 

5.5 Statistical Analysis 

In this work, only descriptive analysis were performed to investigate changes of DTI 

values over age and the number of diffusion encoding directions. Yet, many other studies 

use ANOVA analysis to characterize this change. However, this was a conscious choice 
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based on the very high number of measures which would force the correction for multiple 

comparisons with Bonferroni correction and further impose an overly stringent 

significance level. Therefore, to investigate the extent of change further in-depth analysis 

are needed, which investigate only a limited amount of constraints.  

In addition, unmatched groups were used to study ALS related microstructural tissue 

changes. These mismatches regarding gender, age, and number of subjects may prevent 

to illustrate the magnitude of change or even deliver misleading information. However, 

since the ASPS cohort, which served as control group, holds a higher number of subjects 

and an overall higher age, these considerations can be rejected. This decision was also 

supported by the results which are concurrent with literature. 

5.6 Conclusion 

In conclusion, this thesis presents the successful implementation and positive evaluation 

of TRACULA, a fully automated global probabilistic tractography tool. Since it allows for 

the automatic identification and reconstruction of 18 major WM tracts, and additionally 

determines all scalar parameters of the diffusion tensor, it speculates its further 

application in clinical use not only in ALS. The overall stability and reliability has been 

extensively investigated and verified over the course of this thesis. The here presented 

results are in conformity with the literature, which further emphasizes its applicability. 

However, it has been suggested that for future utilization a high number of diffusion 

encoding gradients, and high resolution imaging should be employed. Additional studies 

and technical developments are needed to strengthen this application and its daily clinical 

use. 
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