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Chapter 01 | Introduction

Prologue 

“The whole is greater than the sum of its parts.” 

― Aristotle

If we want to understand a system, regardless whether it is the brain or the latest iPhone, 
inspecting the elementary building blocks is not sufficient. Early understanding of the human
brain was based on dissection, tracer studies and various invasive procedures (Klingler and 
Ludwig, 1956), but investigating the living brain with a high level of detail seemed still far-
fetched. This frustration busted out as Crick and Jones wrote a commentary in Nature in 1993 
(Crick and Jones, 1993) on how little is known about the connections of the human brain as 
compared to the macaque’s brain. At that time, magnetic resonance imaging (MRI) was a 
static technique and positron emission tomography (PET) was the only available dynamic 
technique able to monitor the whole brain, but was considered rather slow and limited in 
spatial resolution. Their final words were: “Clearly what is needed for a modern human brain 
anatomy is the introduction of some radically new techniques, but unless there is a general 
awareness of the need for them they are not likely to arise.” The irony was that just one year 
later, Basser and colleagues (Basser et al., 1994a) demonstrated such radically new technique 
called diffusion tensor (DT) MRI (DT-MRI or DTI), which measured the diffusion of water 
and could indirectly map the axonal connections of the living human brain. With the 
proliferation of new diffusion MRI (dMRI) methods in recent years, we can now start to 
unravel the brain’s circuitry with unprecedented levels of detail. Fig. 1 shows the result of 
dMRI data quality improvement over the last decade in the pons, where the left-right oriented 
ponto-cerebellar tracts cross the up-down oriented cortico-spinal fiber pathways (Aggarwal et 
al., 2013; Calabrese et al., 2015).  

Fig. 1 Gradually finer details in the region of the pons can be seen with higher dMRI data resolutions. 
The red, green, and blue colors represent the left-right, front-back, and up-down orientations of the 
underlying fiber tissue, respectively. Image courtesy of Alexander Leemans.
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Diffusion 

In the process of diffusion, particles randomly move from one place to another driven by 
thermal energy. In the case where the diffusion is free in all directions, the particles cover the 
same distance in a given time and therefore the diffusion is called isotropic. By contrast, if the 
media is not free of obstacles, then motion of particles is not equal in all directions and, 
hence, is called anisotropic. In this latter case, typically, there are one or more dominant 
orientations along which the particles prefer to move. In the brain, ventricles filled with 
cerebrospinal fluid (CSF) are a good example of isotropic diffusion, whereas diffusion is 
likely to be anisotropic in brain tissue, especially in white matter, due to the fact that water is 
less hindered by obstacles like myelin sheaths surrounding the axons along the fiber trajectory 
than perpendicular to it. Fig. 2 shows an example where anisotropic diffusion takes place: 
densely packed myelin sheaths are physical barriers for water particles, therefore diffusion 
parallel to the sheath is larger than perpendicular, whereas outside of the cell bodies, water is 
free to move in any direction, leading to isotropic diffusion. 

Fig. 2 shows an electron microscopy image of the dorsal white matter myelin sheath of an adult 
mouse. Image courtesy of Jennifer N. Bourne. 

Diffusion MRI

At the time of writing this thesis, MRI is a nearly 40-year-old method. It has revolutionized 
clinical care as well as biomedical research by providing a non-invasive approach to reveal 
the anatomy and dynamic processes of the living tissue. The image contrast is based on the 
differences in the relaxation properties in tissue magnetization between different tissue types. 

Since hydrogen is the most abundant element in tissue, the source of every signal in this work 
is most likely the hydrogen nucleus, i.e. the proton. 

In dMRI, in its most general form the MR acquisition is adjusted to become sensitive to the 
diffusion of the water particles too. More specifically, the image contrast is dependent on the 
weight and the direction of the sensitization as well (Tournier et al., 2011) by applying the 
diffusion gradients. Accordingly, the acquired diffusion-weighted (DW) images can be 
characterized by the strengths and the direction of the DW gradients. The former is also 
known as the b-value (after Dennis Le Bihan). A higher b-value leads to larger diffusion 
weighting, but also to a lower signal-to-noise ratio (SNR). Fig. 2 shows DW images with 
different b-values (top row) and with the same b-value but in different directions (bottom 
row) from the same subject of the MASSIVE project (Multiple Acquisitions for 
Standardization of Structural Imaging Validation and Evaluation) (Froeling et al., 2017). 

Fig. 3 Overview of dMRI data quality for different b-values ranging from 0 s/mm2 to 3000 s/mm2 (top 
row) and different directions (bottom row, b-value = 1000 s/mm2).

Focusing on the splenium of the corpus callosum (CC) in Fig 3 bottom row, one can see that 
if the gradient is oriented along the trajectory of the CC, the diffusion is large because of a 
high signal loss due to phase dispersion. However, if the underlying tissue and the DW 
gradient are oriented differently, then the diffusion is smaller. Important to note is that a
diffusion direction g results in an image with identical contrast as the image with the exact 
opposite diffusion gradient direction, i.e., –g. While the orientations are identical, the 
directions are not. Recognizing this feature of DWI gradient design has led Jones et al (Jones 
et al., 1999) to establish the optimal way of distributing gradients: they should spread across a 
half-sphere similar to electrons that repel each other on a metal surface.
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While the DW images are useful in certain diagnosis scenarios, like acute stroke (Simonsen et 
al., 2015), to transit the analysis from qualitative to quantitative further data processing and 
modeling is necessary. As we have seen, the information from a DW experiment is orientation 
sensitive, which therefore depends on the relative orientation of the subject as well. In other 
words, the anisotropy estimates depend on how the subject is positioned in the MRI scanner. 
The most successful and even nowadays still the most prevalent solution to calculate 
rotational invariant metrics from a set of DWIs was proposed by Basser et al., who 
introduced DTI (Basser et al., 1994b). 

Fig. 4 Ellipsoidal representation of the diffusion signal from a diffusion tensor model with a reference 
T1-weighted image. Image courtesy of Alexander Leemans.

With DTI, the diffusion signal is parametrized with a symmetric 3 by 3 matrix. The process to 
compute this matrix is also called tensor estimation, which in its simplest form is a linear 
regression. Nowadays, there are advanced estimation techniques that take various noise 
models and outlier detection schemes into consideration (Chang et al., 2005; Tax et al., 2015; 
Veraart et al., 2013b). The diagonal elements of the DT (Dxx, Dyy, and Dzz) refer to the
apparent diffusion coefficients (ADC) along x, y and z directions, respectively, whereas the 
off-diagonal elements (Dxy, Dxz and Dyz) represent the covariance between the respective pairs 
of axes. In practice, these DT elements are not very useful, because they are defined along 
fixed axes, which rarely overlap with the underlying tissue orientation. To facilitate 
interpretation, the axes of the DTs need to be changed. Eigenvalue decomposition can provide 
such a coordinate frame transformation, which results in three eigenvalues and eigenvectors 
of the DT, the former representing the diffusivities along the orientations of the associated 
eigenvectors. This eigen decomposition allows for a geometrical interpretation, as presented 
in Fig. 4, which shows diffusion ellipsoids for the right hemisphere. The color encoding of the 

ellipsoid reflects the orientation which is based on a consensus with red meaning left-right 
dominant orientation, green front-back (anterior-posterior) and blue up-down (rostral-caudal), 
while mixed colors show the intermediate directions (Pajevic and Pierpaoli, 1999). The 
associated T1-weighted MRI scan with a red rectangle is shown for anatomical reference.
Some well-defined anatomical regions are already recognizable, like the CC in red with 
dominant left-right orientations as expected and above the CC, the cingulum arching over the 
CC in green, whereas the fornix is just below in green. 

Fig. 5 Different diffusion weighted signal and derivatives representations in the corpus callosum: (A)
raw ADC, (B) fitted ADC from the DT, (C) cone of uncertainty, (D) raw diffusion weighted signal,
(E) fitted diffusion weighted signal from the DT, (F) ellipsoids from the diffusion tensor model. On 
the right DEC FA brain map with red rectangle showing the reference region. 

Furthermore, the eigenvalues are further combined into several measures, which have been 
used many times in clinical and neuroscience applications (Cercignani and Gandini Wheeler-
Kingshott, 2019; Lebel et al., 2019): (1) fractional anisotropy (FA), which is the normalized 
standard deviation of the eigenvalues of a DT, and ranges between 0 and 1; (2) mean 
diffusivity (MD), which is the mean of the eigenvalues; (3) axial diffusivity (AD), which is 
equal to the largest eigenvalue; and (4) radial diffusivity (RD), which is the average of the 
second and third eigenvalues (Basser, 1995). Fig. 5 shows different representations of the 
signal: on the right, the color information is weighted with FA, resulting in the directionally-
encoded color (DEC) FA map. The red rectangle highlights the areas of interest used for the 
other subfigures. The top and bottom figures on the left show the raw ADC and DW signal 
per voxel, whereas in the middle, their fitted representations using the DT are shown. The top 
right representation shows the cone of uncertainty (CoU) (Jones, 2003), which reflects the 
uncertainty of the main eigenvector: a smaller CoU means a higher precision. One can see 
that the CC, having mostly single fiber populations produces a small CoU, whereas in the 
neighboring CSF regions, it is much larger.  
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DTI is a straightforward method, but has the conceptual limitation that it cannot model 
multiple fiber populations within a voxel. Among the many solutions, one of the most notable 
methods is called constrained spherical deconvolution (CSD) (Tournier et al., 2007), which 
fits a set of spherical harmonics to represent the voxelwise fiber orientation distribution
function (fODF) with an additional enforcement of non‐negativity to avoid the physically 
meaningless negative fiber peaks. Fig. 6 demonstrates the difference between the two 
methods. Since DTI can only model one locally dominant direction, tractography on the 
tensors could only reveal an anterior-posterior oriented bundle. CSD, on the other hand,
allows for the reconstruction of multiple fiber populations and, therefore, additional pathways 
in the left-right and up-down orientations. 

Fig. 6 Tractography performed on the same data with DTI on the left and with CSD on the right. 
Image courtesy of Alexander Leemans.

The virtual reconstruction of fiber pathways, or tractography in short, is based on the 
integration of the underlying diffusion orientation information (Conturo et al., 1999; Mori et 
al., 1999; Tournier et al., 2003). A single path is generated from a seed point, which follows 
consecutively the local fiber orientation until termination based on some predefined criteria; 
the procedure is then repeated for multiple seed points throughout the whole brain. Details of 
the various settings like seeding strategy, integration method, and termination criteria, to 
mention a few, can influence the resulting streamlines to a large extent (Bastiani et al., 2012). 

Thesis outline

Diffusion MRI processing methods could be divided into two classes of data preparation 
steps: “mandatory”, like motion correction and “optional”, for example, the type of 
modelling. Mandatory or non-optional steps are necessary due to the nature of the artifact or 
error present in the data. For example, motion correction is unavoidable in order to achieve 
sufficient physical alignment of the same tissue from image to image; therefore, motion 
correction is a mandatory processing step. On the other hand, optional processing steps give 
the researchers large degrees of freedom during data analysis. During modeling of the 
diffusion MR signal there are numerous available methods in which case the exact choice will 
make a significant difference in both practical and statistical terms. In this thesis, I explored 
the impact of such mandatory and optional processing steps, specifically focusing on their 
influence on population- and group-based investigations, which are the backbone of the 
diffusion MRI based applications presented in this thesis. 

In Chapter 2, a simulation study of the effect of motion on diffusion MRI is presented. The 
distribution of the DW gradients is not optimal after motion correction due to the necessary B-
matrix rotation, which leads to an irreversible error in the sampling of the DW signal. Here, 
the extent and significance of this effect are investigated.

In Chapter 3, the ordinary linear least squares (OLLS) and the iterative weighted linear least 
squares (IWLLS) DTI estimation methods were evaluated in a group comparisons using the 
very same data. While previously the effects of the sole estimation steps have been reported, 
the choice of processing algorithms, which can affect the findings from groupwise analyses, 
has not yet been fully explored.

In Chapter 4, a new fiber tract pathway, the superoanterior fasciculus (SAF), located in the 
orbitofrontal-prefrontal cortex, is presented. Consistent tract configuration across multiple 
subjects and different data cohorts was observed, which boosts the confidence that this 
finding is not based on artifacts.  

In Chapter 5, the SAF was further investigated in a literature-based search. Current white 
matter atlases do not support, neither reject the existence of the SAF. To find out if there are 
any ‘forgotten’ traces of the proposed structure 58 brain atlases from the 16th to the 21st

century were revisited. 

In Chapter 6, microstructural changes of brain tissue in post-radiotherapy (RT) patients are 
presented. Cognitive decline affect nearly all patients after cranial RT, which might be related 
to the irradiation-induced changes of healthy tissue. Information about brain regions’
sensitivity to dose is the first step towards new cognition-sparing radiation treatment planning,
which may result in fewer side effects.

In Chapter 7, the fractional anisotropy (FA) of the uncinate (UF) and arcuate fasciculi (AF) 
were studied in military veterans with aggression-related problems. The UF and AF form an 
integral part of the emotion regulation circuit, thus can help in understanding in military 
veterans.

In Chapter 8, the main results of this thesis are summarized and future perspectives are 
discussed. 
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Abstract

Purpose: To assess whether changes in the distribution of the diffusion-weighted 
gradient after motion-, and subsequently B-matrix correction, can induce biases in 
diffusion tensor imaging (DTI) derived features such as fractional anisotropy 
(FA), mean diffusivity (MD) or the orientation of the first eigenvector (FE).  

Methods: Motion paths were analyzed from a clinical cohort of patients with 
Alzheimer's disease (AD) and control subjects, as well as from the Human 
Connectome Project (HCP). DTI signal simulations were performed, in which 
plausible rotational motion and noise were applied in order to mimic realistic 
experiments. The motion correction results obtained from the HCP dataset served 
as the basis for the settings of the motion path simulations.

Results: Our results confirm motion-dependent misestimation of the derived 
tensor metrics and the increased uncertainty as well as bias in the orientation of 
the FE. In a high FA with high SNR simulation scenario the ground truth FA and 
AD could decrease down with 0.5%, RD could increase with to 2%, the angular 
deviation could increase up with 3° with increasing amount of motion, whereas 
MD was nearly immune to motion. Also, the effect of motion is more pronounced 
if the SNR is higher, while low SNR eliminates the effect of motion completely.

Conclusion: The main indication that even after comprehensive data processing 
subject motion inherently acts as a confounding factor, which further challenges 
the interpretation and reliability of biological findings with dMRI. 

Introduction 

Diffusion magnetic resonance imaging (dMRI) is the preferred technique to characterize 
microstructure of the brain (Alexander et al., 2019; Novikov et al., 2019) or to investigate 
connectivity (Maier-Hein et al., 2017; Sotiropoulos and Zalesky, 2019) via fiber tractography 
(FT) (David et al., 2019a; Dell’Acqua and Tournier, 2019; Jeurissen et al., 2019). The most 
widespread technique used to model dMRI signal in tissues is diffusion tensor imaging (DTI) 
(Basser et al., 1994b), due to its straightforward way of data analysis. Several measures can be 
calculated from the diffusion tensor, including the principal direction of diffusion or first 
eigenvector (FE), and scalar metrics such as mean, axial, radial diffusivity (MD, AD, RD) and 
fractional anisotropy (FA). Changes in these metrics have been previously linked to 
neurodegenerative diseases (Cercignani and Gandini Wheeler-Kingshott, 2019), development 
of the brain (Lebel et al., 2019), susceptibility to radiation (David et al., 2019b) and aging 
(Zavaliangos-Petropulu et al., 2018). 

Changes in dMRI measures are not solely related to biological processes, but can also 
originate from several confounds during acquisition (Derek K. Jones et al., 2013; Jones and 
Cercignani, 2010). For example, subjects’ head motion (Yendiki et al., 2014) or cardiac 
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pulsation (Chang et al., 2012; Kozák et al., 2013) reduce the reliability of an experiment. 
Motion have an impact on functional- (Power et al., 2012; van Dijk et al., 2012; Yan et al., 
2013) and structural connectivity (Baum et al., 2018), and can cause bias in the DTI 
estimation (Ling et al., 2012). While the aforementioned examples focus on the impact of 
motion on 4D MRI data, regular T1w scans are also affected by decreased estimates of 
cortical thickness and gray matter volume (Reuter et al., 2015), diminishing its clinical 
usability (S. H. J. Nagtegaal et al., 2019). Different solutions or mitigation strategies have 
been proposed to reduce the adverse effects of motion, e.g. the use of mock scanners for 
training (De Bie et al., 2010), advanced regression techniques to diminish motion-like time 
series (Parkes et al., 2018), identification and removal of noise-like functional networks 
(Kozák et al., 2017), custom-made head molds (Power et al., 2019), active tactile feedback 
(Krause et al., 2019) and advanced registration methods (Marami et al., 2016), among many 
others. By engaging the participants’ attention by means of a task (Huijbers et al., 2017) or a 
video shown during scanning (Greene et al., 2018), motion can be reduced.  

Motion is a confounding factor in dMRI and a challenge for data processing. The specific 
demand of dMRI motion correction is necessary to correct the diffusion weighted (DW) 
gradient orientations with the rotational component of the motion, because the information in 
the images is orientation specific. The recovery process, coined as the B-matrix rotation
(Leemans and Jones, 2009), is restoring the accurate relationship between the applied DW 
gradients and acquired DW images after motion correction. However, B-matrix rotation 
necessarily changes the distribution of the gradient encoding scheme (GES). One can see that
it makes no difference whether the distribution of the GES was suboptimal in the first place 
due to an inefficient GES generating method or become suboptimal due to the B-matrix 
rotation as a consequent of subject motion. 

Previously, extensive theoretical research (Basser et al., 1994a, 1994b; Basser and Pierpaoli, 
1996) was carried out in order to optimize dMRI experiments. Briefly, the key concepts are 
statistically rotationally invariant sampling schemes and rotationally invariant indices. The 
former guarantees that the variance of the indices is independent of the tensor orientation, 
while the latter concept ensures that the tensor derived quantities are orientation independent 
with respect to the laboratory reference frame, which is a necessary condition for a tensor-
derived quantity to be intrinsic to the medium. For detailed description, the reader is referred 
to Derek Jones’s Diffusion MRI book (Jones, 2010). In summary, a well-designed dMRI 
experiment should hold uniformly distributed (UD) gradients, which were generated for 
example via electrostatic repulsion (Jones et al., 1999) with at least 30 directions on a half 
sphere. The search for such optimal configuration is also known as the ‘Thomson problem’ 
(Thomson, 1904; Wales and Ulker, 2006). Face triangulation can generate icosahedrons as 
GESs for 5∙n2+1 directions, where n= 1, 2, etc., while for arbitrary number of directions there 
is no analytical solution and several strategies exist to create UD configurations (Hasan et al., 
2001). One approach is to minimize some sort of potential energy between the gradients 
represented as charged particles placed on a metal sphere, for which several different energy 
functions were defined (Caruyer et al., 2013; De Santis et al., 2014; Hasan et al., 2002),
however they resulted in conflicting outcomes. Another approach is to maximize the 
uniformity metric (UM), noted as βmin (Hasan et al., 2002), which measures the minimal angle 
between any possible pair of DW gradients. Interestingly, the potential energy measures and 
βmin also disagree on which GES configurations are considered the most optimal (Alipoor et 

al., 2016). However, βmin is also an unsatisfactory metric for DW gradient uniformity 
considering the following scenario: even if only one DW gradient moves in the whole set of 
GES the resulting βmin will decrease, therefore the GES could be considered less optimal, 
while practically its utility has not changed, especially if it holds a large number of DWIs. A 
robust metric to describe how optimal the distribution of the DW gradients is yet to be found. 

While the mentioned studies provide straightforward recommendations to design a dMRI 
experiment, only a handful of them consider the most common artifact in any in vivo MRI 
scan: subject motion. One of them, Maniega et al. (Maniega et al., 2008), introduced motion 
to different GESs. However, the motion settings were rather unrealistic: random orientations 
and up to 20°. Random motion is rather unlikely; partially at least due to the anatomical 
restrictions some movement of the human head in the MRI scanner is more likely than others. 
For example, a roll around the x axis is feasible, as the participant falls asleep and starts tilting 
her head, while pitch around the y axis is rather unlikely. Leemans and Jones (Leemans and 
Jones, 2009) extended the findings to more realistic motion schemes with a fixed rotation axis 
and established that B-matrix rotation is a mandatory processing step in DTI, which is 
applicable to other dMRI models as well, like diffusional kurtosis imaging (DKI) (Jensen et 
al., 2005), spherical deconvolution (SD) (Tournier et al., 2004) or neurite orientation 
dispersion and density imaging (NODDI) (Zhang et al., 2012), as motion correction precedes 
model fitting.

In this work, we perform simulations in a DTI model to explore if subject motion correction-
induced B-matrix rotation affected GESs can result in meaningful changes of the DTI derived
features compared to the unaffected GESs. For that first, we analyzed a clinical (Y. D. 
Reijmer et al., 2013) and a healthy (Van Essen et al., 2013) dMRI dataset to examine how 
participants move in the MRI scanner. Then, motion simulation parameters were derived from 
the healthy dataset to calculate the smallest expected quantity of motion. We reached out to 
the Young Adult Human Connectome Project (YA-HCP) dataset, which contains large 
amount of high quality, preprocessed dMRI scans from young and healthy participants. Such 
large-scale epidemiological project can ensure that the recovered motion paths are genuine; 
nevertheless represent the minimally expected motion during an MR scan, which serve as the 
basis of the simulations settings. We also investigated how the introduced motion interacts 
with another well-known confound, the noise bias. Although in real experiments translation is 
also present, here we limit our investigation only to the rotational components when referring 
to motion generally. The translational component has an effect on the DW images, but not on 
the B-matrix, as registration can introduce smoothing via interpolation. Preliminary results of 
current work have been presented at the 2016 ISMRM meeting in Singapore (David et al., 
2016).  
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GES the resulting βmin will decrease, therefore the GES could be considered less optimal, 
while practically its utility has not changed, especially if it holds a large number of DWIs. A 
robust metric to describe how optimal the distribution of the DW gradients is yet to be found. 

While the mentioned studies provide straightforward recommendations to design a dMRI 
experiment, only a handful of them consider the most common artifact in any in vivo MRI 
scan: subject motion. One of them, Maniega et al. (Maniega et al., 2008), introduced motion 
to different GESs. However, the motion settings were rather unrealistic: random orientations 
and up to 20°. Random motion is rather unlikely; partially at least due to the anatomical 
restrictions some movement of the human head in the MRI scanner is more likely than others. 
For example, a roll around the x axis is feasible, as the participant falls asleep and starts tilting 
her head, while pitch around the y axis is rather unlikely. Leemans and Jones (Leemans and 
Jones, 2009) extended the findings to more realistic motion schemes with a fixed rotation axis 
and established that B-matrix rotation is a mandatory processing step in DTI, which is 
applicable to other dMRI models as well, like diffusional kurtosis imaging (DKI) (Jensen et 
al., 2005), spherical deconvolution (SD) (Tournier et al., 2004) or neurite orientation 
dispersion and density imaging (NODDI) (Zhang et al., 2012), as motion correction precedes 
model fitting.

In this work, we perform simulations in a DTI model to explore if subject motion correction-
induced B-matrix rotation affected GESs can result in meaningful changes of the DTI derived
features compared to the unaffected GESs. For that first, we analyzed a clinical (Y. D. 
Reijmer et al., 2013) and a healthy (Van Essen et al., 2013) dMRI dataset to examine how 
participants move in the MRI scanner. Then, motion simulation parameters were derived from 
the healthy dataset to calculate the smallest expected quantity of motion. We reached out to 
the Young Adult Human Connectome Project (YA-HCP) dataset, which contains large 
amount of high quality, preprocessed dMRI scans from young and healthy participants. Such 
large-scale epidemiological project can ensure that the recovered motion paths are genuine; 
nevertheless represent the minimally expected motion during an MR scan, which serve as the 
basis of the simulations settings. We also investigated how the introduced motion interacts 
with another well-known confound, the noise bias. Although in real experiments translation is 
also present, here we limit our investigation only to the rotational components when referring 
to motion generally. The translational component has an effect on the DW images, but not on 
the B-matrix, as registration can introduce smoothing via interpolation. Preliminary results of 
current work have been presented at the 2016 ISMRM meeting in Singapore (David et al., 
2016).  
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Methods 

Data & Processing

Clinical cohort

An Alzheimer's disease (AD) study dataset, containing 50 patients and 50 healthy controls, 
was used to investigate motion in a clinical cohort. Acquisition details were listed elsewhere 
previously (Y. D. Reijmer et al., 2013). Briefly, the scans were acquired on a 3T scanner 
(Intera, Philips, Best, The Netherlands) using 45 diffusion weighted (DW) gradients with a b-
value of 1200 s/mm2 and 1 b=0 s/mm2. Motion correction and B-matrix rotation was 
performed with ExploreDTI (Leemans et al., 2009). 

Healthy cohort 

The minimally preprocessed data were collected from the full S1200 HCP release (Glasser et 
al., 2013; Van Essen et al., 2013) via the HCP Amazon S3 Bucket. Briefly, a subject’s dataset 
consists of six separate acquisitions of 90 DW volumes with b-values equal to 
1000/2000/3000 s/mm2 and five, six or seven non-DWIs (b-value = 0 s/mm2) with both left-
to-right (or so called negative) and right-to-left (positive) phase encoding (PE). The six 
acquisitions were corrected for susceptibility-, eddy current induced distortions and motion 
with FSL (Jenkinson et al., 2012) tools topup (Andersson et al., 2003) and eddy (Andersson 
and Sotiropoulos, 2016). 

Every participant for which all the DWIs and non-DWIs were available, and which was not 
listed among participants with known anatomical anomalies or data quality issues, was 
included in the analysis. The complete list of the excluded participants can be found on the 
appropriate HCP wiki page (HCP, 2019). The final sample size is 973 participants, consisting 
of 522 females and 451 males.  

Motion path extraction 

Motion paths were extracted for further analysis from every eligible HCP participants. The 
original DW gradient files are available on the Amazon S3 Bucket at 
HCP_1200/${Subject}/unprocessed/3T/Diffusion/, while the motion correction summary 
reports, called eddy_unwarped_images.eddy_parameters, which describe the rotational, 
translational and eddy current terms from eddy are available at 
HCP_1200/${Subject}/T1w/Diffusion/eddylogs. The report’s first three columns correspond 
to the subject’s translational motion (as in x, y and z), the second three columns are the 
rotational motion relative to the very first volume in the 4D acquisition as in x, y and z. The 
data order of the acquisitions (95RL - 95LR - 96RL - 96LR - 97RL - 97LR) and the data order 
during preprocessing (95RL - 96RL - 97RL - 95LR - 96LR - 97LR) are different, except the 
first and the last (sixth) acquisition, therefore the reported motion values in the eddy reports 
have to be back-shuffled in order to reveal the truly-timed evolution of motion. Since the 
relative motion between neighboring acquisitions’ last and first DWI volumes is unknown 

without reprocessing the data, we realigned them to obtain a smooth realistic motion pattern, 
instead of the sudden jumps which appear exactly at the start of new scans. This processing 
step ignores the potential motion between the continuously scanned sessions, which we deem 
negligible regarding the results of this work. Lastly, the motion parameters of the non-DWIs 
were removed from further analysis as a systematic underestimation of motion parameters 
appear in all subjects.

The acquisition order is documented in the first appendix of the ‘1200 Subject Reference 
Manual’ p46 (HCP, 2017), while the processing order is documented at the github page of the 
HCP (HCP, 2018). Moreover, the angular deviation (AGD), the angle between the original 
and the corrected DW gradients, in the HCP dataset cannot be calculated directly, because the 
DW images and the motion corrected b-vectors after motion correction were further rigidly 
reoriented to match the MNI space template orientation for convenience of visualization.

Diffusion Weighted Signal Simulation and Estimation

To investigate how motion introduced changes in the DW-GES affects DTI estimates, we 
performed single-voxel Monte Carlo simulations based on the DTI model (Basser et al., 
1994b). For the generation of the DW signals, first the ground-truth (GT) FA and MD were 
predefined, which are in line with the typical microstructural properties of the white matter 
(WM) in the human brain: MD = 7 x 10-4 mm2/s, FA was set as 0.2 and 0.8 to represent WM 
proxy to gray matter and deep WM regions along with a b = 1000 s/mm2. The GT eigenvalues 
are related to this as follows:

�� =  
√3[�1 − �2]

��12 + �22 + �32
(1)

�� =
�1 + �2 + �3

3
(2)

Axial symmetry: the second and third eigenvalues of the GT DT are equal, hence λ2 = λ3. This 
condition have been used numerous times in previous works (Jones et al., 1999; Jones and 
Basser, 2004; Leemans and Jones, 2009; Skare et al., 2000), as this prerequisite eases the 
simulation setup only to predefine the FA and MD in order to construct all eigenvalues of the 
GT DT. By choosing �1 > �2 = �3 the GT eigenvalues can be calculated from equation (1) 
and (2) as: 

�1 =  
3���3 + ��√9 − 2��2�

9 − 2��2 + ��√9 − 2��2
(3)

�2,3 =  
3��[3 − ��2]

9 − 2��2 + ��√9 − 2��2
(4)

The derived �1, �2, �3 were inputs for the diagonal-only DT: 
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1994b). For the generation of the DW signals, first the ground-truth (GT) FA and MD were 
predefined, which are in line with the typical microstructural properties of the white matter 
(WM) in the human brain: MD = 7 x 10-4 mm2/s, FA was set as 0.2 and 0.8 to represent WM 
proxy to gray matter and deep WM regions along with a b = 1000 s/mm2. The GT eigenvalues 
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GT DT. By choosing �1 > �2 = �3 the GT eigenvalues can be calculated from equation (1) 
and (2) as: 

�1 =  
3���3 + ��√9 − 2��2�

9 − 2��2 + ��√9 − 2��2
(3)

�2,3 =  
3��[3 − ��2]

9 − 2��2 + ��√9 − 2��2
(4)

The derived �1, �2, �3 were inputs for the diagonal-only DT: 

140298_Szabolcs David_BNW.indd   23140298_Szabolcs David_BNW.indd   23 27-11-19   11:0427-11-19   11:04



24 

Chapter 02 | Subject motion on DTI estimates: A simulation study

24 

Chapter 02 | Subject motion on DTI estimates: A simulation study

� = �
�1 0 0
0 �2 0
0 0 �3

� (5)

Diffusion signal was calculated via the Stejskal-Tanner equation (Stejskal and Tanner, 1965)
using the predefined non-DWI signal intensity (S0). 

��  
 = �0 ∙ �−���

���� (6)

Where Si 
 stands for the signal of the i-th DW volume, S0 is the unweighted signal, b is the b-

value and �� stands for the i-th DW gradient vector. Three different scan lengths were 
modeled with 10/30/60 DWIs along with 1/3/6 non-DWIs, respectively. The non-rotated or 
ideal distribution of DW gradients is based on electrostatic repulsion generation on the half 
sphere (Jones et al., 1999), while for the rotated signal formulation the �� gradient directions 
were rotated according to the simulated motion paths. Non-DWIs were not rotated. Details of 
the simulated motion paths are described later. Different initial orientation of the single-fiber 
population was set to (1,0,0), (0,1,0) or (0,0,1), i.e.: along the x, y and z axes. Signal-to-noise 
ratio (SNR) was defined in the non-DWIs and varied between 10 and 50 to represent a wide 
variety of data quality. The influence of noise was examined via adding Rician noise with the 
standard deviation σ = S0/SNR and for each SNR levels 500 realizations were performed. 
After DW signal calculation, estimation of the new DTs were performed with the weighted 
linear least squares (WLLS) (Veraart et al., 2013b) approach and the following metrics were 
calculated: FA, MD, AD, RD, cone of uncertainty (CoU) (Jones, 2003) and the mean AGD of 
the GT (FEGT) and the simulated FE (FESim). Change from the GT scalar values were 
quantified in percentage changes:

��[%] =
�� − ���
���

∙ 100 (7)

Where �� stands for the percentage change of scalar �� and ��� is the ground truth value. 

Furthermore, if scanning large (>120) number of DWIs is possible, one of the recommended 
acquisition setups is to scan N/2 DWIs with a unique set of DW gradients and then repeat the 
experiment with the same set of DW gradients, but with opposite PE. This setup can aid some 
specific eddy current distortion correction tools, like eddy (Andersson and Sotiropoulos, 
2016) to recover signal from regions, where a compressed area in one of the images is 
stretched in the other images with opposing PE-directions. Via simulations, we examine the 
angular difference between the DW gradients occupying the same position in sequence, e.g.: 
first DW gradient in the first set and first DW gradient in the second set, etc.

Motion modeling

Motion paths were simulated to mimic the slow gradual drift of a subject in a realistic dMRI 
experiment. Based on the analysis of the HCP subjects, motion could be modeled as a 3D 
random walk and formally can be computed as: �� = ��−1 + ��, where � represents the 
rotations around the x (roll), y (pitch) and z (yaw) axes in the i-th DWI volume respectively, 
with �0 = 0. �� is sampled from a normal distribution with zero mean μ and an increasing 

standard deviation �� = � ∙ ��� ∙ � with �0 = 0, where ��� represents the linear increase of 
the standard deviation of the rotations around the x (roll), y (pitch) and z (yaw) axes 
respectively and � is the DWI volume number. A scaling factor, �, was also introduced to the 
motion of participants from lower to potentially higher levels of motion, like patients with 
motor deficit, elderly or very young participants like infants or even in utero (Oubel et al., 
2012). � ranges from 0, therefore motion free experiment, up to five, therefore five times the 
HCP-like motion in 21 intermediate steps. The generated x, y and z rotation angles, noted as 
α, β and γ, were than fed to the individual rotation matrix around the x axis: 

RX(α) = �
1 0 0
0 cosα −sinα
0 sinα cosα

� (8)

to the rotation matrix around the y axis: 

RY(β) = �
cos β 0 sinβ

0 1 0
−sinβ 0 cos β

� (9)

and to the rotation matrix around the z axis, respectively:

RZ(γ) = �
cos γ −sin γ 0
sin γ cos γ 0

0 0 1
� (10) 

Combining eq. (8), (9) and (10) one can get to the net rotation: Ri = Rz,i ∙ Ry,i ∙ Rx,i, where Ri

corresponds to the rotation of the i-th DW gradient. It is import to note, that the rotational 
motion of the subject with an arbitrary axis and degree does not necessarily translate into the 
same amount of rotation for the given DW gradient. Suppl. Fig. 1 a) shows the amount of 
rotation per DW volume (in red), which is known from the image registration-based motion 
correction procedure and the angle between the original and rotated b-vectors (in blue) for the 
same HCP subject as in Fig 3. Suppl. Fig. 1 b) shows two types of angles for the whole HCP 
cohort. If the axis of rotation and the DW gradient are, or close to being, orthogonal, than the 
rotation has a larger effect on the DW gradient. However, if the axis of rotation and the DW 
gradient are, or close to being parallel, than the effect of rotation decrease greatly, which can 
be seen in the negative spikes. While the HCP results show that the mean motion is also 
changing along the scans, but remains reasonably small, below 1° even after 500 volumes, 
and therefore for the sake of simplicity the mean was enforced as zero in this study.

Results 

Fig. 1 shows the distribution of the gradients before and after B-matrix rotation for an 
example subject of the clinical cohort. The distribution of the gradient vectors deviates from 
the desired, usually uniform, distribution over a sphere due to B-matrix rotation. This is 
reflected in the area of the surface triangles, which represents the local angular coverage or 
resolution. As a result of B-matrix rotation the coverage is less uniform: in some regions the 
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standard deviation �� = � 𝑖𝑖 ��� 𝑖𝑖 � with �0 = 0, where ��� represents the linear increase of 
the standard deviation of the rotations around the x (roll), y (pitch) and z (yaw) axes 
respectively and � is the DWI volume number. A scaling factor, �, was also introduced to the 
motion of participants from lower to potentially higher levels of motion, like patients with 
motor deficit, elderly or very young participants like infants or even in utero (Oubel et al., 
2012). � ranges from 0, therefore motion free experiment, up to five, therefore five times the 
HCP-like motion in 21 intermediate steps. The generated x, y and z rotation angles, noted as 
α, β and γ, were than fed to the individual rotation matrix around the x axis: 

RX(α) = �
1 0 0
0 cosα −sinα
0 sinα cosα

� (8)

to the rotation matrix around the y axis: 

RY(β) = �
cos β 0 sinβ

0 1 0
−sinβ 0 cos β

� (9)

and to the rotation matrix around the z axis, respectively:

RZ(γ) = �
cos γ −sin γ 0
sin γ cos γ 0

0 0 1
� (10) 

Combining eq. (8), (9) and (10) one can get to the net rotation: Ri = Rz,i 𝑖𝑖 Ry,i 𝑖𝑖 Rx,i, where Ri

corresponds to the rotation of the i-th DW gradient. It is import to note, that the rotational 
motion of the subject with an arbitrary axis and degree does not necessarily translate into the 
same amount of rotation for the given DW gradient. Suppl. Fig. 1 a) shows the amount of 
rotation per DW volume (in red), which is known from the image registration-based motion 
correction procedure and the angle between the original and rotated b-vectors (in blue) for the 
same HCP subject as in Fig 3. Suppl. Fig. 1 b) shows two types of angles for the whole HCP 
cohort. If the axis of rotation and the DW gradient are, or close to being, orthogonal, than the 
rotation has a larger effect on the DW gradient. However, if the axis of rotation and the DW 
gradient are, or close to being parallel, than the effect of rotation decrease greatly, which can 
be seen in the negative spikes. While the HCP results show that the mean motion is also 
changing along the scans, but remains reasonably small, below 1° even after 500 volumes, 
and therefore for the sake of simplicity the mean was enforced as zero in this study.

Results 

Fig. 1 shows the distribution of the gradients before and after B-matrix rotation for an 
example subject of the clinical cohort. The distribution of the gradient vectors deviates from 
the desired, usually uniform, distribution over a sphere due to B-matrix rotation. This is 
reflected in the area of the surface triangles, which represents the local angular coverage or 
resolution. As a result of B-matrix rotation the coverage is less uniform: in some regions the 

140298_Szabolcs David_BNW.indd   25140298_Szabolcs David_BNW.indd   25 27-11-19   11:0427-11-19   11:04



26 

Chapter 02 | Subject motion on DTI estimates: A simulation study

26 

Chapter 02 | Subject motion on DTI estimates: A simulation study

angular resolution has increased, shown by blue triangles, while in others it has decreased, 
shown by red triangles. 

Fig. 1 Gradient distributions are shown before (on the left) and after (on the right) B-matrix correction 
for a subject of the clinical cohort. The actual, or correct, distribution of the gradient vectors deviates 
from the original distribution over a sphere due to subject motion. The gradients form the vertices of 
the triangles and their relative positions define the area of the triangles. If the gradients move due to B-
matrix rotation then the area of the triangles change as well.

Fig. 2 Rotational motion summary of the clinical cohort is shown: patients in red and healthy controls 
in blue. a), b) and c) show the mean and standard deviation of rotation in the coronal (x axis or roll), 
sagittal (y axis or pitch) and axial (z axis or yaw) planes, respectively, while d) shows the median and 
5-95 percentiles of the angle between the original and the corrected DW gradients for the two groups 
separately.

Fig. 2. shows the rotational motion of patients and healthy controls separately from the 
clinical cohort. While on average rotation is nearly zero for all groups, meaning that there is 
no or only negligible directional bias of motion in any direction, the deviation of the rotations 
are larger for the patient group. The largest deviations are in the coronal plane, followed by 
sagittal and axial planes. Also, the deviation of the motion increases during the course of the 
acquisition, confirming that longer experiments result in increasingly larger amounts of 
motion. In the beginning of the scans the angular differences were nearly equal, while during 
the later stages the patient group gradually built up a difference, as the extent of the rotations 
are larger, which can be seen from Fig. 2 d).

Fig. 3 Rotational motion summary of the whole HCP cohort is shown: females in red and males in 
blue. a), b) and c) show the mean and standard deviation of rotation in the coronal (x axis or roll), 
sagittal (y axis or pitch) and axial (z axis or yaw) planes, respectively, while d) shows the median and 
5-95 percentiles of the angle between the original and the corrected DW gradients for the two groups 
separately.

Suppl. Fig. 2 shows the results of processing the HCP motion correction parameters from 
eddy in an example subject. Suppl. Fig. 2 a) shows the raw or original values, highlighting the 
sudden jumps at the borders of different acquisitions. Since there are still some unrealistic 
changes in the motion results, the motion values were adjusted, which resulted in a much 
smoother, slowly changing motion, as seen in Suppl. Fig. 2 c). Moreover the b=0 s/mm2 scans 
show a small, but systematic misestimation, especially in the sagittal planes, therefore the 
results from the non-DWIs were excluded from further analysis. The final, truly time-evolved 
rotational motion parameters of the subject are shown in Suppl. Fig. 2 d). 

Fig. 3. shows the rotation of females and males separately from the whole HCP cohort. While 
on average the rotation is nearly zero for all groups, for female coronal rotation it is somewhat 
different than zero, meaning that there is no or only negligible directional bias of motion in 
any direction, while the deviation of the rotations are slightly larger for the female group. The 
largest deviations are in the coronal plane, followed by sagittal and axial planes, which trend 
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Fig. 2. shows the rotational motion of patients and healthy controls separately from the 
clinical cohort. While on average rotation is nearly zero for all groups, meaning that there is 
no or only negligible directional bias of motion in any direction, the deviation of the rotations 
are larger for the patient group. The largest deviations are in the coronal plane, followed by 
sagittal and axial planes. Also, the deviation of the motion increases during the course of the 
acquisition, confirming that longer experiments result in increasingly larger amounts of 
motion. In the beginning of the scans the angular differences were nearly equal, while during 
the later stages the patient group gradually built up a difference, as the extent of the rotations 
are larger, which can be seen from Fig. 2 d).

Fig. 3 Rotational motion summary of the whole HCP cohort is shown: females in red and males in 
blue. a), b) and c) show the mean and standard deviation of rotation in the coronal (x axis or roll), 
sagittal (y axis or pitch) and axial (z axis or yaw) planes, respectively, while d) shows the median and 
5-95 percentiles of the angle between the original and the corrected DW gradients for the two groups 
separately.

Suppl. Fig. 2 shows the results of processing the HCP motion correction parameters from 
eddy in an example subject. Suppl. Fig. 2 a) shows the raw or original values, highlighting the 
sudden jumps at the borders of different acquisitions. Since there are still some unrealistic 
changes in the motion results, the motion values were adjusted, which resulted in a much 
smoother, slowly changing motion, as seen in Suppl. Fig. 2 c). Moreover the b=0 s/mm2 scans 
show a small, but systematic misestimation, especially in the sagittal planes, therefore the 
results from the non-DWIs were excluded from further analysis. The final, truly time-evolved 
rotational motion parameters of the subject are shown in Suppl. Fig. 2 d). 

Fig. 3. shows the rotation of females and males separately from the whole HCP cohort. While 
on average the rotation is nearly zero for all groups, for female coronal rotation it is somewhat 
different than zero, meaning that there is no or only negligible directional bias of motion in 
any direction, while the deviation of the rotations are slightly larger for the female group. The 
largest deviations are in the coronal plane, followed by sagittal and axial planes, which trend 
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is in agreement with the clinical dataset. Also, the deviation of the motion increases during the 
course of the acquisition, confirming that longer experiments result in increasingly larger 
amounts of motion. In the beginning of the scans the angular differences were nearly equal, 
while toward the later stages females gradually built up a slight difference in the median and 
in the extent of the rotations as well, as can be seen from Fig. 3 d). Note, that the HCP cohort 
reached the median AGD of 1° after half of the acquired DWIs (~260), while the clinical 
study participants after the full acquisition, which considering the shorter TR of the HCP is 
approximately one-third of acquisition time.

Fig. 4 Mean and standard deviation of rotation in the coronal (x axis or roll), sagittal (y axis or pitch) 
and axial (z axis or yaw) planes before (in a)) and after (in b) the removal of the non-DWIs.

Fig. 4 shows the HCP cohort motion angle results after preprocessing the motion parameters 
with and without the non-DWIs, in Fig. 4 a) and Fig. 4 b), respectively. It can be seen from 
the figure that on average there is no or negligible bias in any direction, while the standard 
deviation is linearly increasing during the dMRI experiments. A linear fit of the standard 
deviation with zero intercept revealed that ���=0.0026°/DWI, ���=��� ∙1.24 and 
���=��� ∙2.22. Moreover, the TR of the HCP dMRI scans is nearly half as the TR of a dMRI 
scan acquired on a common clinical 3T MRI system, therefore we performed the simulations 
with twice as large increasing standard deviation values per DWI to mimic human motion in 
the MRI scanner. 

Fig. 5 shows voxelwise simulation results for high FA (0.8), high SNR (50) and the 
orientation of the first eigenvector was set to be parallel with the x axis. FA and AD slightly 
decrease with increasing motion, MD seems to be resistant to motion, while RD increases. It 
is an interesting phenomenon that both orientation-change-related measures show higher 
changes for a given amount of rotation for 60DWIs in comparison with 10 or 20 DWI 
simulations. This is due to the fact that during longer scans subjects have a higher chance to 
experience high levels of motion. At high SNR level, the 1xHCP-like motion shows similar 
angular changes with 60DWIs and 30DWIs, while 2x of HCP-like motion in 60 DWIs even 
surpasses experiments of 10 DWIs with the same increasing motion/DWI rates. Simulation 
results of a similar setup, but with the FEGT in the y and z axis are shown in Suppl. Fig. 3 and 
Suppl. Fig. 4, respectively. Changes of the scalars are nearly identical to the ones observed 
with the FEGT in the x axis simulations, while the angular differences are somewhat larger 
because axes of the FEGT and of the largest rotation are different.

Fig. 5 shows single voxel simulation results of high FA, high SNR and FEGT parallel with x axis: mean 
and standard error of percentage changes in the DTI scalars (FA, MD, RD and AD), mean and 
standard error of the angle between FEGT and FESim and the cone of uncertainty of the FESim. 

The high FA of 0.8, low SNR of 10 and FEGT in the x axis simulation results are shown in 
Suppl. Fig. 5. Motion-related changes in the scalars are suppressed by the noise, only the 
angle-related measures show some increase at extremely high levels of motion, which is five 
times higher compared to the HCP dataset. The low FA of 0.2, low SNR of 10 and FEGT in 
the x axis simulation results are shown in Suppl. Fig. 6. None of the scalar metrics responded 
to the added motion due to the low SNR levels and low GT FA, both contributed to 
shadowing the effect of motion. The low FA of 0.2, high SNR of 50 and FEGT in the x axis 
simulation results are shown in Suppl. Fig. 7. Similar to the high FA, low SNR simulation 
changes in the scalars due to motion are suppressed and remain with 1%, the angular 
differences increase at a small rate, but in absolute terms are still nuanced.

Fig. 6 shows how different combinations of added motion and SNR levels could form the 
same angle between FEGT and FESim for 60 DWI, 0.8 FA with the FEGT in the x axis. The 
black curves represent some example sets of combinations where the increase in SNR is 
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Fig. 5 shows voxelwise simulation results for high FA (0.8), high SNR (50) and the 
orientation of the first eigenvector was set to be parallel with the x axis. FA and AD slightly 
decrease with increasing motion, MD seems to be resistant to motion, while RD increases. It 
is an interesting phenomenon that both orientation-change-related measures show higher 
changes for a given amount of rotation for 60DWIs in comparison with 10 or 20 DWI 
simulations. This is due to the fact that during longer scans subjects have a higher chance to 
experience high levels of motion. At high SNR level, the 1xHCP-like motion shows similar 
angular changes with 60DWIs and 30DWIs, while 2x of HCP-like motion in 60 DWIs even 
surpasses experiments of 10 DWIs with the same increasing motion/DWI rates. Simulation 
results of a similar setup, but with the FEGT in the y and z axis are shown in Suppl. Fig. 3 and 
Suppl. Fig. 4, respectively. Changes of the scalars are nearly identical to the ones observed 
with the FEGT in the x axis simulations, while the angular differences are somewhat larger 
because axes of the FEGT and of the largest rotation are different.

Fig. 5 shows single voxel simulation results of high FA, high SNR and FEGT parallel with x axis: mean 
and standard error of percentage changes in the DTI scalars (FA, MD, RD and AD), mean and 
standard error of the angle between FEGT and FESim and the cone of uncertainty of the FESim. 

The high FA of 0.8, low SNR of 10 and FEGT in the x axis simulation results are shown in 
Suppl. Fig. 5. Motion-related changes in the scalars are suppressed by the noise, only the 
angle-related measures show some increase at extremely high levels of motion, which is five 
times higher compared to the HCP dataset. The low FA of 0.2, low SNR of 10 and FEGT in 
the x axis simulation results are shown in Suppl. Fig. 6. None of the scalar metrics responded 
to the added motion due to the low SNR levels and low GT FA, both contributed to 
shadowing the effect of motion. The low FA of 0.2, high SNR of 50 and FEGT in the x axis 
simulation results are shown in Suppl. Fig. 7. Similar to the high FA, low SNR simulation 
changes in the scalars due to motion are suppressed and remain with 1%, the angular 
differences increase at a small rate, but in absolute terms are still nuanced.

Fig. 6 shows how different combinations of added motion and SNR levels could form the 
same angle between FEGT and FESim for 60 DWI, 0.8 FA with the FEGT in the x axis. The 
black curves represent some example sets of combinations where the increase in SNR is 
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balanced out by the increase in motion and vice versa. In other words: the results are identical 
when low or even no motion with low SNR is compared with high SNR with high motion 
levels. At SNR of 10 in a motion-free experiment the average angular deviation is around 3 
degrees, which is also the outcome of simulations with SNR 50 with 5xHCP-like motion. In 
this presentation motion effectively decreases the SNR and the rate of decrease corresponds to 
the extent of motion. However, when the experiments are shorter, as shown in Suppl. Fig. 8 
and 9 for 30 and 10 DWIs, respectively, the effect of motion is smaller or even completely 
suppressed, since the length of the experiment is not long enough to affect the scans and 
therefore FESim. Suppl. Fig. 10 shows the slight modification of Fig. 6: the baseline angular 
bias, which is the result of motion free simulations, was removed to express only the extra 
angular bias appear due to motion.  

Fig. 6 shows the mean angle between the ground truth and the simulated first eigenvector for different 
combinations of added HCP-like motion and SNR for 60 DWI, FAGT of 0.8 with the FEGT in the x 
axis. Black lines represent the iso-bias curve.

Fig. 7 shows the results of two simulation scenarios mimicking the recommended acquisition 
setup for eddy, demonstrated when 1x (in blue) or 2x (in red) HCP-like subject motion was 
added for 2x50 and in Suppl. Fig. 11 for 2x100 DWIs. The angular difference is linearly 
increasing, reaching a median of 5° in the 1xHCP-like added motion experiment for 2x50 
DWIs and doubled for the 2xHCP-like motion simulation. As a longer experiment allows 
more rotations, the 2x100 DWIs simulations show a median of 15° and 30° for 1x and 2x of 
HCP-like motion.

Fig. 7 shows the median and 5-95 percentiles of the angles between DW gradients occupying the same 
position within the ‘opposite phase-encoding’ experiments for 2x50 directions with blue and red 
colors showing the results for 1x and 2x HCP-like added motion, respectively.

Discussion 

In this work, we present an investigation of the effect of motion correction justified B-matrix 
rotation on diffusion metrics. Despite the recommendation to acquire isotropically-distributed
gradients, this is not the case after B-matrix rotation due to motion correction and thus is a 
source of further complications. Optimally distributed DW gradient orientation, which was 
defined prior to the dMRI experiment, is unlikely to be achieved since motion is present in 
every experiment, thus the scanned images require post-acquisition correction. Furthermore, 
the modulation depends on subject-related factors e.g., amount of motion, underlying white 
matter structure properties and orientation, as well as on acquisition circumstances e.g., noise 
level, number of DW gradients. Results from numerical simulations show that the rotational 
motion perturbs the distribution of the DW gradient encoding schemes, which (a) translates 
into errors in the diffusion measures, (b) challenges acquisition schemes with reverse phase-
encoding and (c) decreases the SNR effectively. 

Previous studies on the effect of motion in dMRI introduced motion in a heuristic way: 
random axes of rotations with random magnitude of angles. However, it is important to 
realize that the effect of motion or other artifacts, which affect GESs like the nonlinearity of 
the diffusion weighted gradients (Mesri et al., 2019), should not be investigated on a single 
DW direction, because eventually the performance of the whole GES is evaluated. The effect 
of a motion path, which is a series of rotation and translation parameters describing the 
motion, can be only analyzed in the context of a particular GES. Therefore, an absolute 
motion path, which has the most severe effect on any dMRI experiment, does not exist 
because the interaction of the motion path and the GES will determine how diffusion models 
are affected. Additionally, the effect of such interaction is not removable from the corrected 
scans, as the post-corrected state represents the actual (correct) DW image - DW gradient 
alignment. As a consequence, every dMRI scan is affected, in which subject motion is present 
and therefore influencing the diffusion model estimates.  

Single voxel simulations reveal that motion mostly affects diffusion estimates at high SNR 
levels, especially at high FA. At low SNR, the effect of motion is swamped and only 
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Fig. 7 shows the median and 5-95 percentiles of the angles between DW gradients occupying the same 
position within the ‘opposite phase-encoding’ experiments for 2x50 directions with blue and red 
colors showing the results for 1x and 2x HCP-like added motion, respectively.

Discussion 

In this work, we present an investigation of the effect of motion correction justified B-matrix 
rotation on diffusion metrics. Despite the recommendation to acquire isotropically-distributed
gradients, this is not the case after B-matrix rotation due to motion correction and thus is a 
source of further complications. Optimally distributed DW gradient orientation, which was 
defined prior to the dMRI experiment, is unlikely to be achieved since motion is present in 
every experiment, thus the scanned images require post-acquisition correction. Furthermore, 
the modulation depends on subject-related factors e.g., amount of motion, underlying white 
matter structure properties and orientation, as well as on acquisition circumstances e.g., noise 
level, number of DW gradients. Results from numerical simulations show that the rotational 
motion perturbs the distribution of the DW gradient encoding schemes, which (a) translates 
into errors in the diffusion measures, (b) challenges acquisition schemes with reverse phase-
encoding and (c) decreases the SNR effectively. 

Previous studies on the effect of motion in dMRI introduced motion in a heuristic way: 
random axes of rotations with random magnitude of angles. However, it is important to 
realize that the effect of motion or other artifacts, which affect GESs like the nonlinearity of 
the diffusion weighted gradients (Mesri et al., 2019), should not be investigated on a single 
DW direction, because eventually the performance of the whole GES is evaluated. The effect 
of a motion path, which is a series of rotation and translation parameters describing the 
motion, can be only analyzed in the context of a particular GES. Therefore, an absolute 
motion path, which has the most severe effect on any dMRI experiment, does not exist 
because the interaction of the motion path and the GES will determine how diffusion models 
are affected. Additionally, the effect of such interaction is not removable from the corrected 
scans, as the post-corrected state represents the actual (correct) DW image - DW gradient 
alignment. As a consequence, every dMRI scan is affected, in which subject motion is present 
and therefore influencing the diffusion model estimates.  

Single voxel simulations reveal that motion mostly affects diffusion estimates at high SNR 
levels, especially at high FA. At low SNR, the effect of motion is swamped and only 
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extremely high levels of motion could introduce extra angular uncertainty to the FE, as 
showcased for high FA in Suppl. Fig. 5, whereas for low FA the effect is negated. Generally, 
the identification and management of artifacts or unwanted features is only possible if the 
SNR is high enough so that they are not suppressed by the noise. This was already 
demonstrated in previous works on diffusion MR data preprocessing methods and in the 
related simulations, like signal drift correction (Vos et al., 2017), correcting for nonlinearities 
of the DW gradients (Mesri et al., 2019), outlier detection (Tax et al., 2015) to mention a few. 

The observed scalar and angular changes require a specific context to qualify the extent of the 
bias. According to a study investigating sex differences in adults from the UK BioBank 
(UKBB) (Ritchie et al., 2018), the percentage FA differences in 22 white matter tracts 
between females and males is within 2%. For example the right corticospinal tract (CST) in 
females shows a mean FA of 0.536 (std.: 0.023), while for males it is 0.547 (std.: 0.021) from 
2750 and 2466 subjects, respectively. The difference is significant, with a p-value of 4.1x10-65

and Cohen’s d of 0.54, which can be considered as a medium-large effect (Button et al., 2013; 
Poldrack et al., 2017; Szucs and Ioannidis, 2017). While it is unlikely that the differences are 
purely driven by differences in the participants’ motion, the magnitude of difference between 
females and males right CST in the UKBB is the same as the differences that B-matrix 
rotation could introduce to the GES in a high SNR-high FA simulation scenario. Between-
subject comparisons may face a limitation since every experiment results in different gradient 
distribution after B-matrix correction, therefore some of the biological differences may be 
blanked by differences emerging from the estimation. In the work of Yendiki et al (Yendiki et 
al., 2014), they concluded that a group with increased amount of motion leads to decreased 
FA and AD, increased RD and a barely responsive MD when compared to another group 
expressing lesser motion. However, real data comparisons are potentially affected by other 
factors, which may also lead to these conclusions, such as differences in the physiological 
conditions, outliers due to sudden motion or RF dropouts, etc. In order to separate the motion-
related effects from the mandatory B-matrix rotation we performed simulations strictly 
focusing on the effect of rotational motion in a controlled environment and found 
conceptually the same results as Yendiki et al. It can be expected that the MR signal as well as 
the spatial- and temporal resolution will continue to increase in the future. New developments 
in field strength (Vu et al., 2015), gradient slew rate (McNab et al., 2013) and coil technology 
(Hendriks et al., 2019) all contribute to achieving a net higher SNR in human dMRI. Even if 
all acquisition-related artifacts are eliminated, the contribution of subject-related confounding 
factors, like motion, will increase with increasing SNR and maybe new ones will arise, which 
previously were not detectable. As we have shown in Fig. 6 and Suppl. Fig. 10, the angle 
between the FEGT and FESim increases for a given amount of motion with increasing SNR, 
meaning that the relative contribution from motion is becoming more and more apparent.
Acquiring dMRI data with opposite PE in the DWIs and non-DWIs as well is one of the 
recommended acquisition setup to correct for eddy-current and EPI-related geometrical 
distortions simultaneously (Andersson et al., 2003; Andersson and Sotiropoulos, 2016).
However, as we have shown via simulation, the orientation of the DW gradients occupying 
the same position within the acquisitions can differ considerably after B-matrix rotation, 
therefore images acquired with identical DW gradients do not contain the complementary,
oppositely-directed distortion information. The validity of opposite PE-based distortion 
correction strategies in dMRI are challenged due to the issue of non-identically oriented DW 

gradients, which arises from subject motion during scanning.Current study was limited in 
investigating the effect of motion on dMRI in its full extent. Angular differences in FE 
suggest that FT is also affected by motion as local errors can accumulate as the tract 
propagates further away and false positive connections are more likely to realize with 
increasing motion levels. However, lengthy acquisitions are necessary to achieve robust 
tensor estimation (David et al., 2019c; Veraart et al., 2013b), high angular resolution for 
accurate crossing fibers reconstruction (Jeurissen et al., 2013; Vos et al., 2016), and stable 
connectivity metrics (Sinke et al., 2018), while the risk of subject motion is also greater 
during a longer acquisition. Future acquisitions with expectedly higher SNR could see motion 
a greater risk than currently as errors even in the range of 1 degree get integrated along a 
pathway in multiple steps, and potentially lead to large errors at the bundle level. Since 
motion is an active contributor to the local uncertainty fiber tracking techniques, especially 
probabilistic methods which are sensitive to SNR (Mesri et al., 2016), are also subjects of 
further investigation to realize the effect of motion on FT and in mapping the human 
connectome 

Supplementary Materials

Suppl. Fig. 1 shows the angle of rotation, which is informed by the image registration-based motion 
correction in red, and the actual angle between the original (not rotated) and the corrected (rotated) 
diffusion-weighted gradients in blue for a) for an example subject from the HPC cohort and in b) for 
the full HCP cohort. 
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gradients, which arises from subject motion during scanning.Current study was limited in 
investigating the effect of motion on dMRI in its full extent. Angular differences in FE 
suggest that FT is also affected by motion as local errors can accumulate as the tract 
propagates further away and false positive connections are more likely to realize with 
increasing motion levels. However, lengthy acquisitions are necessary to achieve robust 
tensor estimation (David et al., 2019c; Veraart et al., 2013b), high angular resolution for 
accurate crossing fibers reconstruction (Jeurissen et al., 2013; Vos et al., 2016), and stable 
connectivity metrics (Sinke et al., 2018), while the risk of subject motion is also greater 
during a longer acquisition. Future acquisitions with expectedly higher SNR could see motion 
a greater risk than currently as errors even in the range of 1 degree get integrated along a 
pathway in multiple steps, and potentially lead to large errors at the bundle level. Since 
motion is an active contributor to the local uncertainty fiber tracking techniques, especially 
probabilistic methods which are sensitive to SNR (Mesri et al., 2016), are also subjects of 
further investigation to realize the effect of motion on FT and in mapping the human 
connectome 

Supplementary Materials

Suppl. Fig. 1 shows the angle of rotation, which is informed by the image registration-based motion 
correction in red, and the actual angle between the original (not rotated) and the corrected (rotated) 
diffusion-weighted gradients in blue for a) for an example subject from the HPC cohort and in b) for 
the full HCP cohort. 
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Suppl. Fig. 2 Steps of the HCP rotational data processing are shown for an example subject: a) shows 
the original rotation angles and b) shows after reordering the scans according to the actual acquisition 
order, c) shows the angles after alignment of the neighboring acquisitions and d) shows the results 
after excluding the non-DWIs.

Suppl. Fig. 3 shows single voxel simulation results of high FA, high SNR and FEGT parallel with y 
axis: Mean and standard error of percent changes in the DTI scalars (FA, MD, RD and AD) and mean 
and standard error of the angle between FEGT and FESim and the cone of uncertainty of the FESim. 

Suppl. Fig. 4 shows single voxel simulation results of high FA, high SNR and FEGT parallel with z 
axis: Mean and standard error of percent changes in the DTI scalars (FA, MD, RD and AD) and mean 
and standard error of the angle between FEGT and FESim and the cone of uncertainty of the FESim. 

Suppl. Fig. 5 shows single voxel simulation results of high FA, low SNR and FEGT parallel with x 
axis: Mean and standard error of percent changes in the DTI scalars (FA, MD, RD and AD) and mean 
and standard error of the angle between FEGT and FESim and the cone of uncertainty of the FESim. 
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Suppl. Fig. 4 shows single voxel simulation results of high FA, high SNR and FEGT parallel with z 
axis: Mean and standard error of percent changes in the DTI scalars (FA, MD, RD and AD) and mean 
and standard error of the angle between FEGT and FESim and the cone of uncertainty of the FESim. 

Suppl. Fig. 5 shows single voxel simulation results of high FA, low SNR and FEGT parallel with x 
axis: Mean and standard error of percent changes in the DTI scalars (FA, MD, RD and AD) and mean 
and standard error of the angle between FEGT and FESim and the cone of uncertainty of the FESim. 

140298_Szabolcs David_BNW.indd   35140298_Szabolcs David_BNW.indd   35 27-11-19   11:0427-11-19   11:04



36 

Chapter 02 | Subject motion on DTI estimates: A simulation study

36 

Chapter 02 | Subject motion on DTI estimates: A simulation study

Suppl. Fig. 6 shows single voxel simulation results of low FA, low SNR and FEGT parallel with x axis: 
Mean and standard error of percent changes in the DTI scalars (FA, MD, RD and AD) and mean and 
standard error of the angle between FEGT and FESim and the cone of uncertainty of the FESim. 

Suppl. Fig. 7 shows single voxel simulation results of low FA, high SNR and FEGT parallel with x 
axis: Mean and standard error of percent changes in the DTI scalars (FA, MD, RD and AD) and mean 
and standard error of the angle between FEGT and FESim and the cone of uncertainty of the FESim. 

Suppl. Fig. 8 shows the mean angle between the ground truth and the simulated first eigenvector for
different combinations of added HCP-like motion and SNR for 30 DWIs, FAGT of 0.8 with the FEGT in 
the x axis. Black lines represent the iso-bias curve.

Suppl. Fig. 9 shows the mean angle between the ground truth and the simulated first eigenvector for
different combinations of added HCP-like motion and SNR for 10 DWIs, FAGT of 0.8 with the FEGT in 
the x axis. Black lines represent the iso-bias curve.
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Suppl. Fig. 8 shows the mean angle between the ground truth and the simulated first eigenvector for
different combinations of added HCP-like motion and SNR for 30 DWIs, FAGT of 0.8 with the FEGT in 
the x axis. Black lines represent the iso-bias curve.

Suppl. Fig. 9 shows the mean angle between the ground truth and the simulated first eigenvector for
different combinations of added HCP-like motion and SNR for 10 DWIs, FAGT of 0.8 with the FEGT in 
the x axis. Black lines represent the iso-bias curve.
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Suppl. Fig. 10 shows the mean angle between the ground truth and the simulated first eigenvector for
different combinations of added HCP after removing the baseline bias, which appears from the 
motion-free experiment.

Suppl. Fig. 11 shows the median and 5-95 percentiles of the angles between DW gradients occupying 
the same position within the ‘opposite phase-encoding’ experiments for 2x100 directions with blue 
and red colors show the results for 1x and 2x HCP-like added motion, respectively. 
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Abstract

Diffusion magnetic resonance imaging (dMRI) is one of the most prevalent 
methods to investigate the micro- and macrostructure of the human brain in vivo. 
Prior to any group analysis, dMRI data are generally processed to alleviate 
adverse effects of known artefacts such as signal drift, data noise and outliers, 
subject motion, and geometric distortions. These dMRI data processing steps are 
often combined in automated pipelines, such as the one of the Human 
Connectome Project (HCP). While improving the performance of processing tools 
has clearly shown its benefits at each individual step along the pipeline, it remains 
unclear whether – and to what degree – choices for specific user-defined 
parameter settings can affect the final outcome of group analyses. In this work, we 
demonstrate how making such a choice for a particular processing step of the 
pipeline drives the final outcome of a group study. More specifically, we 
performed a dMRI group analysis on gender using HCP data sets and compared 
the results obtained with two diffusion tensor imaging estimation methods: the 
widely used ordinary linear least squares (OLLS) and the more reliable iterative 
weighted linear least squares (IWLLS). Our results show that the effect sizes for 
group analyses are significantly smaller with IWLLS than with OLLS. While 
previous literature has demonstrated higher estimation reliability with IWLLS 
than with OLLS using simulations, this work now also shows how OLLS can 
produce a larger number of false positives than IWLLS in a typical group study. 
We therefore highly recommend using the IWLLS method. By raising awareness 
of how the choice of estimator can artificially inflate effect size and thus alter the 
final outcome, this work may contribute to improvement of the reliability and 
validity of dMRI group studies. 

Introduction 

A Diffusion magnetic resonance imaging (dMRI) has been used extensively to study 
fundamental biological concepts (Assaf et al., 2019; Novikov et al., 2019), pathologies of the 
brain (Cercignani and Gandini Wheeler-Kingshott, 2019; Lunven et al., 2015; Phillips et al., 
2016; Sabia et al., 2017), and the architectural configuration of white matter (WM) tracts 
(Catani et al., 2013; David et al., 2019a; Thiebaut de Schotten et al., 2012). As dMRI became 
more commonly used, there was a need to improve its reliability for clinical applications 
(Eierud et al., 2014; Nir et al., 2013; Owen et al., 2013; Rudie et al., 2013; Schwarz et al., 
2013). Methodological developments that contributed to this improvement are related to 
cardiac gating (Chang et al., 2005; Kozák et al., 2013), high-field MRI scanners (Moser et al., 
2017), stronger and faster switching MR gradients (McNab et al., 2013; Setsompop et al., 
2013), image reconstruction techniques (Lustig et al., 2007), diffusion model estimation 
approaches (Collier et al., 2018; Pannek et al., 2012; Tax et al., 2015; Veraart et al., 2013b),
correction strategies for Gibbs-ringing (Kellner et al., 2016; Perrone et al., 2015; Veraart et 
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al., 2016a), signal drift (Vos et al., 2017), thermal noise (St-Jean et al., 2016; Veraart et al., 
2016b) eddy current distortions (Andersson et al., 2016; Andersson and Sotiropoulos, 2016, 
2015), and susceptibility induced deformations (Andersson et al., 2018, 2003; Graham et al., 
2017), among others. 

Processing tools are the key contributors in minimizing adverse effects of confounding factors 
on the final results. Despite the theoretical benefits of integrating novel methodological 
developments in the dMRI processing pipeline, there is no consensus on which settings or 
algorithms should be preferred for, for instance, a typical diffusion tensor imaging (DTI) 
study in which two groups of subjects (e.g., healthy controls vs. patients) are compared. This 
lack of agreement is reinforced by our limited understanding of whether a specific processing 
method has a significant contribution to the reliability of the subsequent group analysis in 
terms of outcome. In this context, one could state that, in practice, the added benefit of a 
particular data correction procedure is nullified if there are other data aspects with a much 
higher variability. As an example, the decrease in diffusion parameter estimation bias due to 
Gibbs ringing correction may be completely swamped by the high noise levels in low-SNR 
dMRI data, obviating the relevance of performing this processing step. 

In general, the relative improvement of one processing step not only depends on the intrinsic 
quality of the data, but also on the performance of the other processing steps used in the dMRI 
pipeline. Correcting spatial misalignment across multiple diffusion-weighted images (DWIs) 
due to subject motion, for instance, may benefit from preceding denoising of these images. In 
addition, after the data has been corrected for artifacts, strategies to further analyze the data 
(e.g., using fiber tractography, histograms, ROIs, voxel-based approaches, or network graphs) 
may have a difference in sensitivity to the benefit of some of the individual processing steps 
and potentially generate differences in the final outcome of a group study.  

While many steps in a dMRI processing pipeline can be considered as optional, for several 
diffusion approaches such as DTI or diffusion kurtosis imaging (DKI), there is the mandatory 
step of choosing the diffusion estimation method to obtain model parameters. Over the last 
decade, a plethora of such estimators have been used, including ordinary linear least squares 
(OLLS), non-linear least squares (NLLS), weighted linear least squares (WLLS), and their 
constrained, robust and conditional extensions, among others (Andersson, 2008; Chang et al., 
2012, 2005; Collier et al., 2015; Jones and Basser, 2004; Koay et al., 2009; Kristoffersen, 
2012, 2007; Salvador et al., 2005; Tax et al., 2015; Veraart et al., 2013b, 2011). Assuming 
that data outliers have been identified and removed, a specific version of the WLLS, iterative 
WLLS (IWLLS), shows high performance characteristics in terms of accuracy and precision 
and may even be preferred over advanced NLLS estimation methods (Veraart et al., 2013b).
Yet, OLLS is still the most widely used estimation method and often defined as the default in 
common software tools (e.g., FSL – (Jenkinson et al., 2012)).

Similar to the other dMRI processing steps, one can also question the relevance of choosing a 
particular diffusion estimation approach. Does it really matter which estimator is used for the 
final outcome of a group study? In this work, we address this concern. More specifically, we 
performed a dMRI group analysis using Human Connectome Project (HCP) data sets and 
compared the results obtained with OLLS and IWLLS. To this end, and without loss of 
generality, we investigated gender related differences (Caeyenberghs and Leemans, 2014; 
Herting et al., 2012; Hsu et al., 2008; Ingalhalikar et al., 2014; Kanaan et al., 2012; Menzler et 

al., 2011; Núñez et al., 2017; Tyan et al., 2017; Westerhausen et al., 2003; Wierenga et al., 
2017) to evaluate the potential differences in final outcomes using the two estimators. 
Preliminary results of this work were presented at the International Society for Magnetic 
Resonance in Medicine (ISMRM) meeting in Toronto, Canada (David et al., 2015). 

Methods 

Subject data and processing

Minimally preprocessed DWIs were collected from the HCP S500 release (Essen et al., 2012; 
Glasser et al., 2013). Briefly, the data consist six separate acquisitions of 90 DWIs acquired 
with diffusion weightings (b-values) equal to 1000/2000/3000 s/mm2 and five, six or seven 
non-DWIs (b-value = 0 s/mm2). Every image was acquired with both left-to-right and right-
to-left phase encoding directions; the voxel size was 1.25 mm isotropic. Susceptibility 
artifacts, eddy current induced distortions, and subject motion were corrected with the FSL
tools taking into account any reorientations of the diffusion gradient orientations (Andersson 
et al., 2003; Jenkinson et al., 2012; Leemans and Jones, 2009; Sotiropoulos et al., 2013). All 
datasets were further processed with ExploreDTI version 4.8.6. (Leemans et al., 2009) using 
two different tensor estimation approaches: (a) OLLS (Basser et al., 1994b) and (b) IWLLS 
(Veraart et al., 2013b). For this step, only the 90 DWIs with b-value of 1000 s/mm2 and 9 
non-DWIs per participant were selected for diffusion tensor estimation. In addition, we also 
corrected for the gradient nonlinearities in the diffusion-weighted gradients during this 
estimation procedure (Bammer et al., 2003; Mesri et al., 2019; Sotiropoulos et al., 2013).
Every participant for which all the 90 b = 1000 s/mm2 images were available, and which was 
not listed among the participants with known anatomical anomalies or data quality issues, was 
included in the analysis. The complete list of the excluded participants can be found on the 
appropriate HCP wiki page (HCP, 2019). The final sample size is 409 participants, consisting 
of 244 females and 165 males. 

Voxel-based analysis

For each subject, fractional anisotropy (FA) maps were calculated from the fitted tensors 
(using OLLS and IWLLS) and transformed to the Montreal Neurological Institute (MNI) 
template via the native-to-MNI warp files, provided by the HCP team (Fonov et al., 2011).
Voxelwise statistical comparisons of FA between the male and female groups were performed 
using the permutation analysis of linear models (PALM) (Holmes et al., 1996; Nichols and 
Holmes, 2003; Winkler et al., 2014), a Matlab based open-source toolbox, version alpha104 
with 10000 permutations. For all the tests (next section), calculations are based on 
nonparametric permutations as this approach was proven to be more efficient in producing 
fewer false positives than parametric methods (Eklund et al., 2016). Significance was 
determined at pcorr < 0.05 using family-wise error rate (FWER) adjustment to correct for 
multiple comparisons after applying threshold-free cluster enhancement (TFCE) (Smith and 
Nichols, 2009). Calculation speed was accelerated using the tail approximation (Winkler et 
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al., 2016). A Dell server with 72 Intel Xeon E7-8870 v3 @ 2.10 GHz dual cores with 1 TB 
RAM was used for calculations.

Statistical tests

Effect of tensor estimator

For each participant, there are two FA maps: one obtained from the diffusion tensor estimated 
with OLLS and one with IWLLS. In order to investigate the potential differences in FA 
(regardless of gender) between the OLLS and IWLLS pipelines, we used a paired two-sample 
t-test. This procedure tests whether there is a significant effect of using a different tensor 
estimation method on FA, without considering if the participant is female or male.

Effect of Gender

Differences in FA values between males and females (denoted as FAm and FAf) were 
investigated using an unpaired two-sample t-test for the OLLS and IWLLS pipelines 
separately. A further correction was applied via the “-corrcon” option in PALM, which 
accounts for the multiple contrasts during the FWER correction.  

Pipeline dependent gender differences

To test whether gender differences depend on the tensor estimation method, we performed a 
two-sample t-test on the gender, where the tested variable is the difference in FA, denoted as 
∆��, between the IWLLS and OLLS pipelines: 

∆�� =  ������� − ������. (1)

More specifically, we evaluated with this test whether the ∆�� values for males, denoted as 
∆��m, differ significantly from the ∆�� vales for females, denoted as ∆��f. Statistically, this 
procedure is the same as the interaction part of a two-group analysis of variance (ANOVA) 
test with two levels per participant. A significant effect means that the gender differences are 
solely driven by the choice of estimation method. Independent and symmetric errors were 
assumed to boost the statistical power of the test, by using the command “-ise” in PALM. 
Effect sizes and their distributions were analyzed in detail within the regions of significance. 

Effect size 

The practical significance of the findings was further evaluated by reporting effect sizes, as 
suggested by the American Statistical Association’s (ASA) recent statement on p-values: “A
p-value, or statistical significance, does not measure the size of an effect or the importance of 
a result.” (Wasserstein and Lazar, 2016). Accordingly, we used Cohen’s d, a frequently 
applied effect size estimator. Furthermore, because Cohen’s d is not a robust effect size 
measure to outliers, skewness, heavy-tails and the combinations of these factors, the shape 
differences between the voxelwise distributions of FA values were studied via the shift 
function (Rousselet et al., 2017). The 95% percentile confidence intervals for the decile 
differences were estimated with a bootstrap estimation (1000 samples), using the Harrell–
Davis estimator (Wilcox, 2012), as implemented in the Matlab Robust Graphical Methods 
For Group Comparisons (matrogme) toolbox, version 0.0.9000 (Rousselet et al., 2017). 

Results 

Effect of tensor estimator

Fig. 1 Effect sizes (defined as Cohen’s d) are shown as color maps overlaid on regions with 
statistically significant differences in FA between using the IWLLS and OLLS estimators, presented in 
MNI space. Notice the different color scale magnitudes for the effect sizes. The reddish and blueish 
color bars reflect regions where ∆�� > 0 and ∆�� < 0, respectively (see Eq. 1). (Radiological view: 
left on the image is right in the brain and vice versa). 

Fig. 1 shows the result for the paired t-test that investigates the difference in FA between the 
OLLS and IWLLS estimation methods. To further emphasize the differences, we show the 
effect size (with Cohen’s d) only for the voxels that were statistically significant after 
applying the multiple comparison correction procedure. The map shows that these differences 
are significant in the whole brain and are tissue-dependent. Larger effect sizes were revealed 
in the core WM, such as in the corpus callosum (CC), the corticospinal tract (CST), and the 
optic radiation (OR), where FA values are relatively high. Areas with lower FA values near 
the cortical and deep GM regions (thalamus, hippocampus, putamen, etc.) resulted in no or 
negligible differences, as expressed by the white areas in the image that indicate a near zero 
effect size. Overall, the IWLLS estimator results in significantly higher FA values in the vast 
majority of the WM compared to using OLLS. 
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OLLS and IWLLS estimation methods. To further emphasize the differences, we show the 
effect size (with Cohen’s d) only for the voxels that were statistically significant after 
applying the multiple comparison correction procedure. The map shows that these differences 
are significant in the whole brain and are tissue-dependent. Larger effect sizes were revealed 
in the core WM, such as in the corpus callosum (CC), the corticospinal tract (CST), and the 
optic radiation (OR), where FA values are relatively high. Areas with lower FA values near 
the cortical and deep GM regions (thalamus, hippocampus, putamen, etc.) resulted in no or 
negligible differences, as expressed by the white areas in the image that indicate a near zero 
effect size. Overall, the IWLLS estimator results in significantly higher FA values in the vast 
majority of the WM compared to using OLLS. 
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The systematic deviation in FA between OLLS and IWLLS is further highlighted in Fig. 2, 
where the FA values are averaged across all 409 subjects. It is clear that for most of the WM 
voxels (~FA>0.2) the mean FA values are higher for the IWLLS estimator than for the OLLS 
estimator.

Fig. 2 Scatterplot of the ratios of the FA values from the IWLLS and OLLS estimators as a function of 
FA from the IWLLS estimator. Each point in the scatterplot represents the average FA value across all 
409 subjects for each brain voxel in MNI space. If there was no systematic deviation between the 
OLLS and IWLLS estimators, the points should be located around the unity value, indicated by the red 
dashed line.

Effect of gender

Fig. 3 shows the result of the voxelwise two-sample t-tests for both the OLLS and the IWLLS 
estimator, indicating the regions where FAf > FAm with pcorr < 0.05. The results of the 
opposite tests, that is, the regions where FAm > FAf with pcorr < 0.05, are shown for both 
OLLS and IWLLS in Suppl. Fig. 1. Note that the overlap itself of the two tests does not 
necessarily indicate identical results. In addition, the lack of overlap is not indicative of a 
difference in outcome between the OLLS and IWLLS results. At this stage, the results merely 
illustrate that there is general agreement in spatial overlap of the regions that were deemed 
significant in terms of FA based gender differences.

Fig. 3 Results of the voxelwise analysis, indicating the regions where FA is significantly higher for 
females than males. Voxels colored in red and blue represent the regions where FA estimates were 
obtained with OLLS and IWLLS, respectively. The green voxels show their overlap, i.e., the regions 
where both OLLS and IWLLS reflect significantly higher FA values for females than for males. 
(Radiological view: left on the image is right in the brain and vice versa). 

Pipeline dependent gender differences

Fig. 4 shows to which extent gender-based FA differences are driven by the choice of 
estimator (i.e., using OLLS or IWLLS). Overall, gender differences depend on the choice of 
estimator mainly in the following areas with pcorr < 0.05: parts of the CC and brainstem for 
ΔFAm > ΔFAf and parts of the CST for ΔFAf > ΔFAm. To get a more detailed insight into the 
effect of estimation choice on the observed gender-based FA differences, we investigate the 
four possible scenarios (FAf > FAm or FAm > FAf in regions where ΔFAm > ΔFAf or ΔFAf >
ΔFAm) in the following subsections. 
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Fig. 3 Results of the voxelwise analysis, indicating the regions where FA is significantly higher for 
females than males. Voxels colored in red and blue represent the regions where FA estimates were 
obtained with OLLS and IWLLS, respectively. The green voxels show their overlap, i.e., the regions 
where both OLLS and IWLLS reflect significantly higher FA values for females than for males. 
(Radiological view: left on the image is right in the brain and vice versa). 

Pipeline dependent gender differences

Fig. 4 shows to which extent gender-based FA differences are driven by the choice of 
estimator (i.e., using OLLS or IWLLS). Overall, gender differences depend on the choice of 
estimator mainly in the following areas with pcorr < 0.05: parts of the CC and brainstem for 
ΔFAm > ΔFAf and parts of the CST for ΔFAf > ΔFAm. To get a more detailed insight into the 
effect of estimation choice on the observed gender-based FA differences, we investigate the 
four possible scenarios (FAf > FAm or FAm > FAf in regions where ΔFAm > ΔFAf or ΔFAf >
ΔFAm) in the following subsections. 
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Fig. 4 Significance maps are shown for the interaction of estimator choice with gender-based FA 
differences. To enhance the contrast for significance, color-encoding is according to -log10(p-value) 
with minimum and maximum values of -log10(0.05) ≈ 1.3 and -log10(1/10000) = 4 (1/10000 is the 
smallest achievable p-value with 10000 permutations), respectively. The difference in color encoding 
reflects how the choice of estimator can drive the gender-based FA difference in opposite directions, 
i.e., ΔFAm > ΔFAf (red-to-yellow coloring) and ΔFAf > ΔFAm (blue-to-green coloring). (Radiological 
view: left on the image is right in the brain and vice versa). 

Scenario 1: FAf > FAm in regions of ΔFAm > ΔFAf

Fig. 5 a) shows the area of investigation. The generality of the estimator-induced bias can be 
seen on Fig. 5 b), which shows the differences of the effect sizes as a function of OLLS-based 
effect sizes.

To get a better insight into the underlying effect of how estimator choice can drive gender-
based FA differences, we explicitly show the data points of all participants for a single voxel. 
To showcase this effect, we performed a detailed analysis for the voxel in which the effect 
size of the FAf > FAm test decreased the most, when the estimation was changed from OLLS 
to IWLLS (Fig. 6). MNI coordinates of this voxel, located in the midsagittal plane of the 
splenium, are: x = 0; y = -38; z = 16. Figs. 6 a) and b) show the distribution of FA values from 
all subjects in the given voxel when using the OLLS (FAOLLS) and IWLLS (FAIWLLS)
estimators, respectively. The effect size is lower for IWLLS than for OLLS: Cohen’s d
decreased from 0.49 to 0.34. By investigating the FAIWLLS / FAOLLS ratios (Fig. 6 c)), it can be 
readily seen that FAm increased more than FAf when changing the estimator from IWLLS to 

OLLS. The FAm - FAf difference is plotted for each decile with the bootstrapped confidence 
intervals as a function of male deciles, indicating that the increase in FAm was systematically 
larger than the increase in FAf by 0.5-2% due to this change (Fig. 6 d)). Note that if a 
confidence interval does not include zero, one may also conclude that said difference is 
significant between the changes of these ratios.

Fig. 5. a) The spatial distribution of the voxels in MNI space, where males have a significantly larger 
∆FA than females and where FAf > FAm, regardless of whether the test was significant or not with any 
of the estimators. There were no voxels where the IWLLS-based FAf > FAm test was significant, while 
the OLLS-based was not. b) Scatterplot of the difference in effect sizes between OLLS (dOLLS) and 
IWLLS (dIWLLS) based effect sizes as a function of dOLLS. (Radiological view: left on the image is right 
in the brain and vice versa).

Scenario 2: FAf > FAm in regions of ΔFAf > ΔFAm

Fig. 7 a) shows the area of investigation. The generality of the estimator-induced bias can be 
seen on Fig. 7 b), which shows the differences of the effect sizes as a function of IWLLS-
based effect sizes.

Fig. 8 shows the detailed analysis for the voxel in which the effect size of the FAf > FAm test 
increased the most, when the estimation was changed from OLLS to IWLLS. MNI 
coordinates of the voxel, located in the superior longitudinal fasciculus (SLF), are: x = 28; y = 
-20; z = 36. Figs. 8 a) and b) show the distribution of FA values from all subjects in the given 
voxel when using the OLLS (FAOLLS) and IWLLS (FAIWLLS) estimators, respectively. The 
effect size is higher for IWLLS than for OLLS: Cohen’s d increased from 0.19 to 0.27. Fig. 8 
c) shows the FAIWLLS / FAOLLS ratios per gender, indicating that FAf increased more than FAm

when changing the estimator from IWLLS to OLLS. Fig. 8 d) shows the shift function. The 
FAm - FAf difference is plotted for each decile with the bootstrapped confidence intervals as a 
function of male deciles, indicating that the increase in FAf over FAm was larger with 1-2%, 
except in the highest decile, where FA increased nearly at the same rate. Note that if a 
confidence interval does not include zero, one may also conclude that said difference is 
significant between the changes of these ratios.
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OLLS. The FAm - FAf difference is plotted for each decile with the bootstrapped confidence 
intervals as a function of male deciles, indicating that the increase in FAm was systematically 
larger than the increase in FAf by 0.5-2% due to this change (Fig. 6 d)). Note that if a 
confidence interval does not include zero, one may also conclude that said difference is 
significant between the changes of these ratios.

Fig. 5. a) The spatial distribution of the voxels in MNI space, where males have a significantly larger 
∆FA than females and where FAf > FAm, regardless of whether the test was significant or not with any 
of the estimators. There were no voxels where the IWLLS-based FAf > FAm test was significant, while 
the OLLS-based was not. b) Scatterplot of the difference in effect sizes between OLLS (dOLLS) and 
IWLLS (dIWLLS) based effect sizes as a function of dOLLS. (Radiological view: left on the image is right 
in the brain and vice versa).

Scenario 2: FAf > FAm in regions of ΔFAf > ΔFAm

Fig. 7 a) shows the area of investigation. The generality of the estimator-induced bias can be 
seen on Fig. 7 b), which shows the differences of the effect sizes as a function of IWLLS-
based effect sizes.

Fig. 8 shows the detailed analysis for the voxel in which the effect size of the FAf > FAm test 
increased the most, when the estimation was changed from OLLS to IWLLS. MNI 
coordinates of the voxel, located in the superior longitudinal fasciculus (SLF), are: x = 28; y = 
-20; z = 36. Figs. 8 a) and b) show the distribution of FA values from all subjects in the given 
voxel when using the OLLS (FAOLLS) and IWLLS (FAIWLLS) estimators, respectively. The 
effect size is higher for IWLLS than for OLLS: Cohen’s d increased from 0.19 to 0.27. Fig. 8 
c) shows the FAIWLLS / FAOLLS ratios per gender, indicating that FAf increased more than FAm

when changing the estimator from IWLLS to OLLS. Fig. 8 d) shows the shift function. The 
FAm - FAf difference is plotted for each decile with the bootstrapped confidence intervals as a 
function of male deciles, indicating that the increase in FAf over FAm was larger with 1-2%, 
except in the highest decile, where FA increased nearly at the same rate. Note that if a 
confidence interval does not include zero, one may also conclude that said difference is 
significant between the changes of these ratios.
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Fig. 6 The FA distribution for males (blue) and females (red) for OLLS (a) and IWLLS (b), 
respectively, in a voxel located in the corpus callosum (CC), where the effect size decreased the most 
from dOLLS = 0.49 to dIWLLS = 0.34. c) The ratio of FAIWLLS / FAOLLS per gender, with the vertical lines 
indicating the deciles. d) The quantile differences between males and females for the ratios shown in 
panel c).

Fig. 7 a) shows the spatial distribution of the voxels in MNI space, where females have a significantly 
larger ∆FA than males and where FAf > FAm, regardless of whether the test was significant or not with 
any of the estimators. There were no voxels where the OLLS-based FAf > FAm test was significant, 
while the IWLLS-based was not. b) Scatterplot of the difference in effect sizes between OLLS (dOLLS)
and IWLLS (dIWLLS) based effect sizes as a function of dIWLLS. (Radiological view: left on the image is 
right in the brain and vice versa).

Fig. 8 The FA distribution for males (blue) and females (red) for OLLS (a) and IWLLS (b), 
respectively, in a voxel located in the superior longitudinal fasciculus (SLF), where the effect size 
increased the most from dOLLS = 0.19 to dIWLLS = 0.27. c) The ratio of FAIWLLS / FAOLLS per gender, 
with the vertical lines indicating the deciles. d) The quantile differences between males and females 
for the ratios shown in panel c).

Scenario 3: FAm > FAf in regions of ΔFAm > ΔFAf

Males have a smaller area where FAm > FAf, therefore the area where estimators could have 
any effect is also smaller compared to females. The area of investigation is located where 
ΔFAm > ΔFAf is significant, as shown in Fig. 4, but within that region it is limited to voxels 
where FAm > FAf. Fig. 9 shows the differences of the effect sizes as a function of IWLLS-
based effect sizes. For the sake of simplicity, the spatial distribution of the voxels in MNI 
space is not shown. 

Scenario 4: FAm > FAf in regions of ΔFAf > ΔFAm

The area of investigation is located where ΔFAf > ΔFAm is significant, as shown in Fig. 4, but 
within that region is limited to voxels where FAm > FAf. Fig. 10 shows the differences of the 
effect sizes as a function of OLLS-based effect sizes. For the sake of simplicity, the spatial 
distribution of the voxels in MNI space is not shown. 
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Fig. 8 The FA distribution for males (blue) and females (red) for OLLS (a) and IWLLS (b), 
respectively, in a voxel located in the superior longitudinal fasciculus (SLF), where the effect size 
increased the most from dOLLS = 0.19 to dIWLLS = 0.27. c) The ratio of FAIWLLS / FAOLLS per gender, 
with the vertical lines indicating the deciles. d) The quantile differences between males and females 
for the ratios shown in panel c).

Scenario 3: FAm > FAf in regions of ΔFAm > ΔFAf

Males have a smaller area where FAm > FAf, therefore the area where estimators could have 
any effect is also smaller compared to females. The area of investigation is located where 
ΔFAm > ΔFAf is significant, as shown in Fig. 4, but within that region it is limited to voxels 
where FAm > FAf. Fig. 9 shows the differences of the effect sizes as a function of IWLLS-
based effect sizes. For the sake of simplicity, the spatial distribution of the voxels in MNI 
space is not shown. 

Scenario 4: FAm > FAf in regions of ΔFAf > ΔFAm

The area of investigation is located where ΔFAf > ΔFAm is significant, as shown in Fig. 4, but 
within that region is limited to voxels where FAm > FAf. Fig. 10 shows the differences of the 
effect sizes as a function of OLLS-based effect sizes. For the sake of simplicity, the spatial 
distribution of the voxels in MNI space is not shown. 
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Fig. 9 Scatterplot of the difference in effect sizes between OLLS (dOLLS) and IWLLS (dIWLLS) based 
effect sizes as a function of dIWLLS, where males have a significantly larger ∆FA than females and 
where FAm > FAf. 

Fig. 10 Scatterplot of the difference in effect sizes between OLLS (dOLLS) and IWLLS (dIWLLS) based 
effect sizes as a function of dOLLS, where females have a significantly larger ∆FA than males and 
where FAm > FAf. 

Discussion 

In this work, we investigated how making a different choice for a specific data processing 
step can affect the outcome in a typical DTI group study. More specifically, we performed a 
voxel-based analysis, comparing FA values between males and females using HCP data, and 
revealed that a higher effect size was obtained with the OLLS diffusion tensor estimator than 

with its IWLLS counterpart. If we consider that the IWLLS estimator has a higher accuracy, 
we can conclude that OLLS overestimates the observed FA based gender differences. With 
the majority of published DTI studies having used the OLLS estimator, it is not hard to 
imagine that the lack of general agreement in findings for several research topics (both in 
neuroscience and clinical applications) could also be partly attributed to the higher number 
false positives introduced by the OLLS estimator as compared with the IWLLS estimator. In 
the following paragraphs, we will discuss how our findings relate with what is known in 
functional MRI (fMRI) and we will place our results in the context of other dMRI studies. 

The term ‘blobology’ (Poldrack, 2012) corresponds to the colorful patches, the ‘blobs’, of 
fMRI brain studies, summarizing the localization of the results after processing and statistical 
thresholding. The phrase reflects an inherent frustration within the neuroimaging community, 
partly due to the lack of effect size reports. In dMRI studies, unfortunately, effect sizes are 
rarely reported. Researchers often spend most of their efforts on reporting statistically 
significant results from the data, while the extent of these effects, which is highly 
complementary, is hardly considered.  

With large databases like ADNI (n > 2000) (Mueller et al., 2005), ENIGMA (n > 10000)
(Thompson et al., 2014), HCP (n = 1200), UK BioBank (final n = 100000) (Sudlow et al., 
2015), or the Whitehall study (n = 6035) (Filippini et al., 2014), the challenges are shifting 
toward huge sample sizes to allow the detection of small effects, which otherwise could not 
be identified (Smith and Nichols, 2018). But even for group studies based on these cohorts, 
not properly processing the data according to best practices may still result in biases that will 
affect the reliability of the final outcome measures. Thompson et al. (Thompson et al., 2016)
reached a similar conclusion in relation to the genome-connectome association in the 
ENIGMA project: “… Clearly, the ability to pursue such an approach on a large scale, 
within ENIGMA, depends on several factors: a working group, ENIGMA-DTI, was set up to 
assess its feasibility. First, unless diffusion-weighted MRI measures show greater genetic 
effect sizes than other traits assessed so far, there must be tens of thousands of DTI scans 
available from people with GWAS for such a study to be well powered …”. According to the 
ENIGMA-DTI processing protocol (ENIGMA DTI protocol, 2018), the OLLS estimator is 
used via the FSL toolbox dtifit. In all of the aforementioned large-scale cohorts (ADNI, HCP,
UK BioBank, Whitehall study), OLLS is also used which, in light of our findings, may 
adversely affect the reliability of the final outcome in a group study. Generally, lower-quality 
dMRI data in terms of effective SNR or CNR benefit more from using an estimator with 
better performance characteristics such as the IWLLS approach (Veraart et al., 2013a, 2013b).
In this work, we used HCP data, which are among the highest quality data available in current 
large-scale cohorts (Bastiani et al., 2019). Given the lower number of DWIs, the lower SNR 
and CNR, and the higher amount of physiological artifacts in more conventional 
neuroimaging studies, especially in a clinical setting, one can expect even more inflated effect 
sizes by using the OLLS estimator than those observed in this work. 

In this work, we carried out the voxelwise analysis as is customary in the Statistical 
Parametric Mapping (SPM) toolbox (Penny et al., 2007), rather than with another common 
approach, i.e. tract-based spatial statistics (TBSS) (Smith et al., 2006). While our results in 
this manuscript would be conceptually the same when using TBSS, confounds may arise from 
the skeletonization step, which may be different between the OLLS and the IWLLS. 
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with its IWLLS counterpart. If we consider that the IWLLS estimator has a higher accuracy, 
we can conclude that OLLS overestimates the observed FA based gender differences. With 
the majority of published DTI studies having used the OLLS estimator, it is not hard to 
imagine that the lack of general agreement in findings for several research topics (both in 
neuroscience and clinical applications) could also be partly attributed to the higher number 
false positives introduced by the OLLS estimator as compared with the IWLLS estimator. In 
the following paragraphs, we will discuss how our findings relate with what is known in 
functional MRI (fMRI) and we will place our results in the context of other dMRI studies. 

The term ‘blobology’ (Poldrack, 2012) corresponds to the colorful patches, the ‘blobs’, of 
fMRI brain studies, summarizing the localization of the results after processing and statistical 
thresholding. The phrase reflects an inherent frustration within the neuroimaging community, 
partly due to the lack of effect size reports. In dMRI studies, unfortunately, effect sizes are 
rarely reported. Researchers often spend most of their efforts on reporting statistically 
significant results from the data, while the extent of these effects, which is highly 
complementary, is hardly considered.  

With large databases like ADNI (n > 2000) (Mueller et al., 2005), ENIGMA (n > 10000)
(Thompson et al., 2014), HCP (n = 1200), UK BioBank (final n = 100000) (Sudlow et al., 
2015), or the Whitehall study (n = 6035) (Filippini et al., 2014), the challenges are shifting 
toward huge sample sizes to allow the detection of small effects, which otherwise could not 
be identified (Smith and Nichols, 2018). But even for group studies based on these cohorts, 
not properly processing the data according to best practices may still result in biases that will 
affect the reliability of the final outcome measures. Thompson et al. (Thompson et al., 2016)
reached a similar conclusion in relation to the genome-connectome association in the 
ENIGMA project: “… Clearly, the ability to pursue such an approach on a large scale, 
within ENIGMA, depends on several factors: a working group, ENIGMA-DTI, was set up to 
assess its feasibility. First, unless diffusion-weighted MRI measures show greater genetic 
effect sizes than other traits assessed so far, there must be tens of thousands of DTI scans 
available from people with GWAS for such a study to be well powered …”. According to the 
ENIGMA-DTI processing protocol (ENIGMA DTI protocol, 2018), the OLLS estimator is 
used via the FSL toolbox dtifit. In all of the aforementioned large-scale cohorts (ADNI, HCP,
UK BioBank, Whitehall study), OLLS is also used which, in light of our findings, may 
adversely affect the reliability of the final outcome in a group study. Generally, lower-quality 
dMRI data in terms of effective SNR or CNR benefit more from using an estimator with 
better performance characteristics such as the IWLLS approach (Veraart et al., 2013a, 2013b).
In this work, we used HCP data, which are among the highest quality data available in current 
large-scale cohorts (Bastiani et al., 2019). Given the lower number of DWIs, the lower SNR 
and CNR, and the higher amount of physiological artifacts in more conventional 
neuroimaging studies, especially in a clinical setting, one can expect even more inflated effect 
sizes by using the OLLS estimator than those observed in this work. 

In this work, we carried out the voxelwise analysis as is customary in the Statistical 
Parametric Mapping (SPM) toolbox (Penny et al., 2007), rather than with another common 
approach, i.e. tract-based spatial statistics (TBSS) (Smith et al., 2006). While our results in 
this manuscript would be conceptually the same when using TBSS, confounds may arise from 
the skeletonization step, which may be different between the OLLS and the IWLLS. 
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Differences in their local FA maxima could then affect statistical analysis and may further 
complicate interpretation of the outcome (Bach et al., 2014). Assuming the same skeleton 
could be provided for both datasets, e.g., via the overlap and the fusion of the skeletons, there 
is no reason to consider that the results presented in this work would be significantly different. 

Researchers often justify the choices made for specific processing steps in their data 
processing pipeline by referring to previously peer-reviewed studies, which used the same 
settings or algorithms, despite the availability of more reliable alternatives. In addition, as 
OLLS generates an artificially higher effect size than IWLLS, it stimulates the positive 
bias in publications (Rothstein et al., 2006) and contributes to “the natural selection of bad 
science” (Smaldino and McElreath, 2016). To some extent, following the implementation 
of “registered reports” may mitigate this concern as the processing pipeline can be 
reviewed and scrutinized before starting the actual analysis (Nosek and Lakens, 2014).

In a recent review paper by Poldrack et al. (Poldrack et al., 2017) the lack of common 
consensus in processing and analysis was showcased for fMRI. With common fMRI software 
packages, it was shown that the number of possible analysis workflows can be as much as 
69,120. For DTI, it is not hard to achieve the same order of magnitude for this number of 
workflows given the vast amount of options and parameter settings one can think of. In this 
work, we specifically investigated the effect of choosing between the OLLS and the IWLLS 
estimator on the outcome of the analysis, as using a diffusion tensor estimator is mandatory. 
Other processing steps, such as denoising and correcting for artifacts are not per se necessary 
(although highly recommended, of course) to continue with performing an actual group study. 
In this context, there may be several aspects of a typical processing or analysis workflow for 
DTI that may result in much larger effects than shown in this work. Eklund et al. (Eklund et 
al., 2016) used resting-state fMRI to obtain “null data”, i.e., truly negative data, to test the 
false-positive ratios for task fMRI. Unfortunately, for DTI, such an experimental testing setup 
to evaluate statistical inferences related to methodological factors is not trivial. However, 
without loss of generality, in this work, we performed a standard group study on gender as the 
framework to evaluate the effect of using different diffusion tensor estimation approaches. We 
used HCP data because of the excellent data quality and the large number of subjects with 
proper male-female balance, thereby eliminating issues related to small sample size and low 
power during statistical inference (Button et al., 2013).  

In this work, we did not opt for analyzing the “statistical” significance (i.e., p-values) of our 
findings, but rather considered the difference in effect sizes that can be observed. In a similar 
context, shifting the focus from p-values to effect sizes was also recently presented by Ritchie 
et al. (Ritchie et al., 2018). They compared volumes and DTI based metrics of cortical, 
subcortical, and WM regions between females and males from the UK BioBank for more than 
5000 participants. The comparison of the right CST revealed that males have larger FA values 
than females, with a p-value of 4×10-65 using Cohen’s d = 0.54. After adjusting for total brain 
volume, the values changed to 8×10-12 with Cohen’s d = 0.22. While these p-values are indeed 
very significant, they do not contain any useful information. On the other hand, the effect size 
measures provide more practical information. That is, adding another 5000 or more 
participants to the analysis will not result in any meaningful change in terms of the effect size, 
as this investigation is already statistically well-powered, while the p-value would decrease 

further. For the same reason, i.e., avoiding under-powered study design, we used HCP data 
for our group comparison, allowing us to focus on the performance of the DTI estimators.

Despite the efforts of optimizing the dMRI processing pipeline, it is often not clear what the 
benefits are of new developments for group-based studies. In this work, however, we showed 
that the application of IWLLS should be preferred over the OLLS for diffusion tensor 
estimation. The current framework can be easily extended to examine effects of modifying 
other processing elements, but also to investigate choices in algorithms and settings for 
specific analysis strategies, like tractography and connectomics, further improving the 
reliability and validity of future dMRI group studies. 

Supplementary Materials

Suppl. Fig. 1 Results of the voxelwise analysis, indicating the regions where the FA is significantly 
higher for males than for females. Voxels colored in red and blue represent the regions where the FA 
estimates were obtained with the OLLS and IWLLS estimators, respectively (only visible in a few 
voxels). The green voxels show their overlap, i.e., the regions where both OLLS and IWLLS reflect 
significantly higher FA values for males compared to females.
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Abstract

Fiber tractography (FT) using diffusion MRI (dMRI) is widely used for 
investigating microstructural properties of white matter (WM) fiber-bundles and 
for mapping structural connections of the human brain. While studying the 
architectural configuration of the brain’s circuitry with FT is not without 
controversy, recent progress in acquisition, processing, modeling, analysis, and 
visualization of dMRI data pushes forward the reliability in reconstructing WM 
pathways. Despite being aware of the well-known pitfalls in analyzing dMRI data 
and several other limitations of FT discussed in recent literature, we present the 
superoanterior fasciculus (SAF), a novel bilateral fiber tract in the frontal region 
of the human brain that – to the best of our knowledge – has not been 
documented. The SAF has a similar shape to the anterior part of the cingulum 
bundle, but it is located more frontally. To minimize the possibility that these FT 
findings are based on acquisition or processing artifacts, different dMRI data sets 
and processing pipelines have been used to describe the SAF.  Furthermore, we 
evaluated the configuration of the SAF with complementary methods, such as 
polarized light imaging and human brain dissections. The FT results of the SAF 
demonstrate a long pathway, consistent across individuals, while the human 
dissections indicate fiber pathways connecting the postero-dorsal with the antero-
dorsal cortices of the frontal lobe.

Introduction 

Fiber tractography (FT) based on diffusion magnetic resonance imaging (dMRI) (Jeurissen et 
al., 2019) is widely used for investigating microstructural properties of white matter (WM) 
fiber-bundles (Alexander et al., 2019), and for mapping structural connections of the human 
brain (Sotiropoulos and Zalesky, 2019; Wakana et al., 2004). Since the first endeavors of FT 
(Basser et al., 2000, 1994b; Catani et al., 2002; Conturo et al., 1999; Jones et al., 1999; Mori 
et al., 1999), many studies have contributed to the improvement of data quality and the level 
of detail. Recent advances in MRI hardware and acquisition (Anderson, 2005; Andersson et 
al., 2016; Moeller et al., 2010; Setsompop et al., 2018, 2013; Sotiropoulos et al., 2013) have 
improved significantly dMRI data in terms of spatial resolution, angular resolution signal-to-
noise ratio, and geometrical distortion reduction. Additionally, notable developments in data 
processing have reduced errors from the individuals’ head motion (Leemans and Jones, 2009),
data outliers (Chang et al., 2005; Collier et al., 2015; Pannek et al., 2012; Tax et al., 2015),
eddy currents (Andersson et al., 2016; Andersson and Sotiropoulos, 2016, 2015), EPI 
distortions (Andersson et al., 2003), Gibbs-ringing (Kellner et al., 2016; Perrone et al., 2015; 
Veraart et al., 2016a), and other data artifacts, like drift of the diffusion signal (Vos et al., 
2017). Besides the traditional diffusion tensor model, more sophisticated methods have been 
developed to resolve crossing fibers (Dell’Acqua et al., 2013; Jensen et al., 2016; Lin et al., 
2003; Tax et al., 2014; Tournier et al., 2004; Tuch, 2004; Wu and Alexander, 2007).
Together, all these improvements allow for more reliable FT results, thereby resolving 
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complex fiber architecture, smaller branches of fiber bundles or minor fiber-pathways 
(Tournier et al., 2008). Although dMRI based tractography is a promising technique, there are 
many well-known pitfalls and limitations in acquiring and analyzing dMRI data (Derek K. 
Jones et al., 2013; Jones and Cercignani, 2010; O’Donnell and Pasternak, 2015). Thus, dMRI 
is an indirect approach for measuring the underlying WM pathway properties, as it is an 
approximation of the average diffusion within a given voxel. Modeling the diffusion results in 
a proxy of main directions, and thus the exact architecture of the pathways cannot be 
determined unambiguously. The modeling errors can cause tracts to stop prematurely or jump 
from one WM structure to another, resulting in false negative or false positive connections. 
The strength of connectivity, when assessed via probabilistic FT, is unreliable due to its 
sensitivity to data quality (Mesri et al., 2016). 

Fig. 1 Positions of the two AND (in green) and two NOT (in red) ROIs are shown with a DEC-FA 
map. This ROI configuration was used for the tract selection of the superoanterior fasciculus (SAF) in 
both hemispheres. 

Fig. 2 Location of the superoanterior fasciculus (SAF): the axial (a) and sagittal (b) view of part of the 
region that intersects the SAF (blue region indicated by the arrows). The complex fiber architecture in 
this area can be appreciated from the FODs overlaid on the sagittal view in Fig. 2(c) with the dotted 
yellow line identifying the interface between regions with different dominant fiber populations (“blue” 
vs. “green” on the DEC-FA map). Sagittal (d) and coronal (e) views of the SAF configuration. For 
displaying purposes, only one of the bilateral SAFs is shown. The cingulum bundle is shown in red to 
provide anatomical reference. Grayscale background is the T1-weighted MRI of the subject.

Despite recent efforts to increase the accuracy of FT by either pruning the tractograms using
anatomical information (Roine et al., 2015; Smith et al., 2012) or by including microstructural 
information to disambiguate between pathways (Smith et al., 2013), the International Society 
for Magnetic Resonance in Medicine (ISMRM) Tractography Challenge in 2015 
demonstrated that some data-processing pipelines could result in large errors as the 
reconstructed tracts produced an average ratio of 1:4 in false positive-false negative 
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provide anatomical reference. Grayscale background is the T1-weighted MRI of the subject.

Despite recent efforts to increase the accuracy of FT by either pruning the tractograms using
anatomical information (Roine et al., 2015; Smith et al., 2012) or by including microstructural 
information to disambiguate between pathways (Smith et al., 2013), the International Society 
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demonstrated that some data-processing pipelines could result in large errors as the 
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connections and 45% in bundle overlap when compared with pre-defined, ground-truth 
streamlines (Maier-Hein et al., 2017). 

In another study, the sensitivity (true connections) and specificity (avoidance of false 
connections) of dMRI tractography was investigated by combining tracer studies and high 
quality dMRI data (Thomas et al., 2014). This research showed a sensitivity-specificity trade-
off, i.e. the number of true connections increased simultaneously with the number of false 
connections. Additionally, the anatomical accuracy of the tracts depended on the studied 
pathway, the acquisition and the processing pipeline. This stresses the fact that comparing 
results across studies can suffer from the differences in acquisition settings and processing 
methods. Therefore, reconstructing fiber pathways from dMRI FT should be performed with 
great care and additional support from other methods is welcome. 

Nonetheless, being aware of the recognized issues, we present the description of a novel fiber 
tract, the superoanterior fasciculus (SAF), in the frontal lobe which – to the best of our 
knowledge – has not been documented before with dMRI based tractography with this level 
of detail. The tract is slightly curved and follows the same arc profile of the cingulum bundle, 
but is located more frontally and above the frontal part of the cingulum; it can be found in 
both hemispheres. 

Traditionally, the description of new WM fiber bundles went through several stages. For 
example, WM histology and bundle degeneration studies (Dejerine and Dejerine-Klumpke, 
1895) and dissection (Heimer, 1983; Klingler and Ludwig, 1956) studies supported the 
presence of a structure in post mortem brains, which was confirmed later via dMRI-based FT 
in the living human brain. Conturo et al. (Conturo et al., 1999) laid the foundations for 
selection and analysis of tracts based on ‘region of interest’ (ROI), which opened up a new era 
of tract-based investigations from neuroscience (De Schotten et al., 2011; Lebel et al., 2008; 
Thiebaut de Schotten et al., 2012) to clinical applications (Bartolomeo et al., 2007; Deprez et
al., 2012; Thiebaut de Schotten et al., 2005). The access to large samples made the 
construction of in vivo WM tract atlases and guidelines feasible (Hua et al., 2008; Mori, 2005; 
Wakana et al., 2007). In this work, we reconstruct the proposed structure using specific ROIs 
along with modeling of the diffusion MR signal based on constrained spherical deconvolution 
(CSD) (Tournier et al., 2007, 2004). 

To minimize the possibility that these findings are based on acquisition or processing 
artifacts, we used datasets from different projects: Young Adult Human Connectome Project 
(HCP) (Glasser et al., 2013; Sotiropoulos et al., 2013; Van Essen et al., 2013), Avon 
Longitudinal Study of Parents and Children (ALSPAC) (Golding, 2004), Multiple 
Acquisitions for Standardization of Structural Imaging Validation and Evaluation 
(MASSIVE) (Froeling et al., 2017), an in-house dataset (Jeurissen et al., 2011), and robust 
processing pipelines to show these trajectories. While the main focus of this research was 
based on dMRI, we complemented our findings with other non-MRI techniques, such as 
polarized light imaging (PLI) microscopy (Axer et al., 2011) and human brain dissections. 
Preliminary results of this work on the SAF have been presented at the 2015 ISMRM meeting 
in Toronto, Canada (Heemskerk et al., 2015). 

Methods 

In the methods section, we describe first the datasets that were used for the investigation. We 
then explain the dMRI processing, FT and analysis steps. Finally, we describe the PLI and 
dissection methods. 

Diffusion MRI

Datasets

Four dMRI datasets acquired on different platforms were used to study the tract. The datasets 
represent a large diversity in data quality and number of samples, which helps to generalize 
the conclusions. 

Dataset 1: Minimally processed dMRI data from the HCP S500 release were used. Briefly, the 
data were acquired with a 1.25 mm isotropic voxel size; 3 shells with b=1000, 2000 and 3000 
s/mm2 in 90 DW volumes and 6 non-weighted images per shell. Every participant for whom 
all the 90 b = 1000 s/mm2 and 90 b = 3000 s/mm2 images were available along with all 18 b = 
0 s/mm2 volumes, and were not listed among participants with known anatomical anomalies 
or data quality issues were included in the analysis. The IDs of the excluded participants are 
listed on the HCP wiki page (HCP, 2019). The selection resulted in 409 healthy participants 
(243 females and 166 males), between the age of 22 and 36 years. Low b-value images were 
analyzed with DTI and CSD models separately using 90 b = 1000 s/mm2 and 9 unweighted 
volumes, while the higher b-shell was processed with CSD only using 90 b = 3000 s/mm2 and 
18 unweighted volumes. For a subset of 10 participants we also analyzed the b = 1000 s/mm2,
2000 s/mm2 and 3000 s/mm2 shells with both CSD and DTI models.  

Dataset 2: Ten dMRI datasets were used from the ALSPAC cohort, each consisting of 30 
diffusion gradients with b = 1200 s/mm2, and 2.4 mm isotropic voxel size as described by 
Björnholm et al. (Björnholm et al., 2017).  

Dataset 3: The dataset is described in the work of Jeurissen et al. (Jeurissen et al., 2011). In 
summary, one participant’s dMRI consisted of 60 diffusion directions, 2.4 mm isotropic voxel 
size (resampled to 1mm isotropic) and b = 3000 s/mm2. 

Dataset 4: The dataset from the MASSIVE (Froeling et al., 2017) acquisition was used. In 
short, we used a subset of 22 b = 0 s/mm2 volumes and 250 b = 3000 s/mm2 volumes and an 
isotropic resolution of 2.5 mm3 of one participants.  

Image Processing and Signal Modeling 

All datasets were preprocessed with ExploreDTI v.4.8.6 (Leemans et al., 2009; Leemans and 
Jones, 2009), except for the HCP dataset, which was already preprocessed (see Dataset 1 
below). Further modeling (DTI and CSD) and defining ROI configurations were also 
performed with ExploreDTI.
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represent a large diversity in data quality and number of samples, which helps to generalize 
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Dataset 1: Minimally processed dMRI data from the HCP S500 release were used. Briefly, the 
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all the 90 b = 1000 s/mm2 and 90 b = 3000 s/mm2 images were available along with all 18 b = 
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or data quality issues were included in the analysis. The IDs of the excluded participants are 
listed on the HCP wiki page (HCP, 2019). The selection resulted in 409 healthy participants 
(243 females and 166 males), between the age of 22 and 36 years. Low b-value images were 
analyzed with DTI and CSD models separately using 90 b = 1000 s/mm2 and 9 unweighted 
volumes, while the higher b-shell was processed with CSD only using 90 b = 3000 s/mm2 and 
18 unweighted volumes. For a subset of 10 participants we also analyzed the b = 1000 s/mm2,
2000 s/mm2 and 3000 s/mm2 shells with both CSD and DTI models.  

Dataset 2: Ten dMRI datasets were used from the ALSPAC cohort, each consisting of 30 
diffusion gradients with b = 1200 s/mm2, and 2.4 mm isotropic voxel size as described by 
Björnholm et al. (Björnholm et al., 2017).  

Dataset 3: The dataset is described in the work of Jeurissen et al. (Jeurissen et al., 2011). In 
summary, one participant’s dMRI consisted of 60 diffusion directions, 2.4 mm isotropic voxel 
size (resampled to 1mm isotropic) and b = 3000 s/mm2. 

Dataset 4: The dataset from the MASSIVE (Froeling et al., 2017) acquisition was used. In 
short, we used a subset of 22 b = 0 s/mm2 volumes and 250 b = 3000 s/mm2 volumes and an 
isotropic resolution of 2.5 mm3 of one participants.  

Image Processing and Signal Modeling 

All datasets were preprocessed with ExploreDTI v.4.8.6 (Leemans et al., 2009; Leemans and 
Jones, 2009), except for the HCP dataset, which was already preprocessed (see Dataset 1 
below). Further modeling (DTI and CSD) and defining ROI configurations were also 
performed with ExploreDTI.
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Dataset 1: Briefly, FSL (Jenkinson et al., 2012) tools topup (Andersson et al., 2003) and eddy
(Andersson and Sotiropoulos, 2016) were used to correct for head motion and geometrical 
distortions arise from eddy currents and susceptibility artifacts. Finally, the DWIs were 
aligned to the structural T1 image. For the full description, see the work of Sotiropoulos et al. 
(Sotiropoulos et al., 2013). DTI estimation of the low b-value shell for the full population was 
performed using REKINDLE (Tax et al., 2015). The fiber orientation distribution (FOD) in 
each voxel was estimated using CSD (Tournier et al., 2007, 2004) with the recursive 
calibration method (peak ratio threshold = 0.01) (Tax et al., 2014) with maximum harmonic 
degree of Lmax = 8, in the high and low b-value shells separately. For a subset of 10 subjects, 
we performed additional analyses to test the effects of b-value and choice of diffusion 
modeling. For this, we used the following settings: a) CSD with b = 2000 s/mm2; b) CSD with 
b=1000 s/mm2; c) CSD with Lmax = 6; d) CSD with calibration of the response function based 
on FA>0.8; e) DTI estimation using REKINDLE. 

Dataset 2: Motion-distortion correction and Gaussian anisotropic smoothing (Van Hecke et 
al., 2010) were performed with ExploreDTI. The FOD in each voxel was estimated using 
CSD with recursive calibration (peak ratio threshold = 0.01) and Lmax = 8.

Dataset 3: Motion-distortion correction was performed with ExploreDTI. The dataset was 
resampled to 1 mm isotropic voxel size to increase the level of detail (Dyrby et al., 2014).
FODs were estimated using CSD with recursive calibration (peak ratio threshold = 0.01), Lmax 

= 8.

Dataset 4: Dataset 4 was motion, distortion corrected and resampled to 1 mm isotropic voxel 
size. Similar to the previous datasets, the FOD was estimated using CSD with recursive 
calibration (peak ratio threshold = 0.01), Lmax = 8.

Fiber tractography

For all four datasets, the deterministic FT framework of Jeurissen et al (Jeurissen et al., 2011)
was used for the CSD approach, with the following parameter settings: FOD threshold = 0.1,
angle deviation = 45 degree, step size = 1 mm and  minimal tract length = 20 mm. Whole-
brain FT was performed with uniform distribution of seed points defined at a 2 mm 
resolution. For DTI based FT, the settings are: step size = 1 mm, minimal tract length = 20 
mm, angle deviation = 45 degree, FA seed and tracking threshold of 0.2 and uniform seed 
point resolution of 2 mm. 

ROI configuration for reconstructing the SAF

Automated, large-scale tract selection on the HCP dataset was obtained by atlas-based 
tractography segmentation (Lebel et al., 2008). On the template dataset, we defined 4 Boolean 
‘AND’ and ‘NOT’ ROIs: 2 axial AND, 1 sagittal NOT and 1 coronal NOT ROIs (Fig 1). The 
2 axial AND ROIs were placed as follows: the first one was located at the height of 
approximately half the genu of the corpus callosum (CC) and the second ROI was placed 10 
slices (equals to 12.5 mm in the HCP dataset) superior. Both AND ROIs included the medial 
frontal area and excluded the cingulum. A NOT ROI was placed midsagittal to exclude fiber 
pathways from the CC. Additionally, one coronal NOT ROI was placed posterior of the 
frontal lobe and below the CC to exclude fibers from the inferior fronto-occipital fasciculus 
(iFOF).

Fig. 3 SAF probability map in 1mm Montreal Neurological Institute (MNI) stereotaxic space from 409 
subjects of the HCP cohort in sagittal view. CSD modeling with recursive calibration was used on the 
high b-value data. The % indicates the fraction of subjects for which the tract is present in a given 
voxel 

Consistency evaluation of the SAF

Within cohort: For each of the 409 participants from the HCP cohort, the visitation mask of 
the reconstructed SAF was normalized to the MNI template (Fonov et al., 2011), using the 
transform functions provided by the HCP team. The resulting map was thresholded at 1 and 
binarized. The group map displays the fraction of participants for whom the tract mask of the 
SAF is present in each voxel of the MNI space.

Across acquisition protocols: The tractography results of participants from the four different 
datasets were compared to investigate the consistency of the SAF configuration across 
different acquisition methods. 

Across processing settings: We evaluated the effects of different processing settings on the 
tractography results for 10 subjects of the HCP dataset. 

Polarized light microscopy

Polarized light imaging (PLI) is a microscopy method that uses the birefringent properties of 
myelin sheath to quantify the main fiber orientation in histological sections (Larsen et al., 
2007). In this work, we used data previously involved in the investigation of the anterior 
cingulum (Axer et al., 2011). One of the studied brains was sectioned as to expose the area of 
interest but was not investigated previously. For details on acquisition and processing see the 
corresponding study (Axer et al., 2011). Briefly, a 4% aqueous formalin-fixed human brain 
was macroscopically dissected and a 1.5 cm thick slab of the medio-frontal brain including 
the anterior cingulum bundle was cut in four blocks. Each of these four blocks were serially 
sliced and analyzed.
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Fig. 3 SAF probability map in 1mm Montreal Neurological Institute (MNI) stereotaxic space from 409 
subjects of the HCP cohort in sagittal view. CSD modeling with recursive calibration was used on the 
high b-value data. The % indicates the fraction of subjects for which the tract is present in a given 
voxel 

Consistency evaluation of the SAF

Within cohort: For each of the 409 participants from the HCP cohort, the visitation mask of 
the reconstructed SAF was normalized to the MNI template (Fonov et al., 2011), using the 
transform functions provided by the HCP team. The resulting map was thresholded at 1 and 
binarized. The group map displays the fraction of participants for whom the tract mask of the 
SAF is present in each voxel of the MNI space.

Across acquisition protocols: The tractography results of participants from the four different 
datasets were compared to investigate the consistency of the SAF configuration across 
different acquisition methods. 

Across processing settings: We evaluated the effects of different processing settings on the 
tractography results for 10 subjects of the HCP dataset. 

Polarized light microscopy

Polarized light imaging (PLI) is a microscopy method that uses the birefringent properties of 
myelin sheath to quantify the main fiber orientation in histological sections (Larsen et al., 
2007). In this work, we used data previously involved in the investigation of the anterior 
cingulum (Axer et al., 2011). One of the studied brains was sectioned as to expose the area of 
interest but was not investigated previously. For details on acquisition and processing see the 
corresponding study (Axer et al., 2011). Briefly, a 4% aqueous formalin-fixed human brain 
was macroscopically dissected and a 1.5 cm thick slab of the medio-frontal brain including 
the anterior cingulum bundle was cut in four blocks. Each of these four blocks were serially 
sliced and analyzed.
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Fig. 4 Consistency within the HCP cohort. The right SAF and cingulum is depicted in sagittal view for 
9 subjects from the HCP dataset highlighting the large variability in extent of the SAF. The cingulum 
is shown in red to provide anatomical reference. Tracts are plotted on top of the direction encoded 
color FA map. 

Sections were obtained with a cryostat microtome (CM3050 S, Leica Microsystems, 
Bensheim, Germany) at a thickness of 100 μm. Aqueous mounting medium Aquatex™ 
(Merck, Darmstadt, Germany) was used for mounting. The histological sections were placed 
between two coupled crossed polars which can be rotated. Birefringence in the tissue is able 
to twist some of the light so that it can pass through the second polarizer and be imaged. The 
orientation of the nerve fibers influences the transmission of plane-polarized light at different 
azimuths. A CCD camera (Axiocam HR, Carl Zeiss, Göttingen, Germany, basic resolution of 
1388 × 1040 pixel) was used to capture the light. The brain slices were digitized under 
azimuths from 0 to 80° using two polars only. These sequences were used to estimate the 
inclination of fibers (in z-direction). The same slices were digitized under azimuths from 0 to 

160° in steps of 20° using a quarter wave plate additionally. These sequences were used to 
estimate the direction of the fibers in xy-direction. 

Fig. 5 Consistency across acquisition protocols. For all 4 datasets an example of the SAF 
configuration is shown in sagittal view: right SAF and right cingulum for (a) dataset 1 and (b) dataset 
3. Left SAF and left cingulum is shown for (c) dataset 2 and (d) dataset 4. The cingulum is shown in 
red to provide anatomical reference. Tracts are plotted on top of the DEC-FA map.

Fig. 6 Consistency of the SAF configuration across acquisition strategies for the same subject of the 
HCP cohort using CSD based FT. The effect of using different b-values is shown in the sagittal view, 
other settings are identical: (a) b=1000 s/mm2; (b) b=2000 s/mm2 and (c) b=3000 s/mm2. Trajectories 
of the SAF are plotted on top of the DEC-FA map.
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160° in steps of 20° using a quarter wave plate additionally. These sequences were used to 
estimate the direction of the fibers in xy-direction. 

Fig. 5 Consistency across acquisition protocols. For all 4 datasets an example of the SAF 
configuration is shown in sagittal view: right SAF and right cingulum for (a) dataset 1 and (b) dataset 
3. Left SAF and left cingulum is shown for (c) dataset 2 and (d) dataset 4. The cingulum is shown in 
red to provide anatomical reference. Tracts are plotted on top of the DEC-FA map.

Fig. 6 Consistency of the SAF configuration across acquisition strategies for the same subject of the 
HCP cohort using CSD based FT. The effect of using different b-values is shown in the sagittal view, 
other settings are identical: (a) b=1000 s/mm2; (b) b=2000 s/mm2 and (c) b=3000 s/mm2. Trajectories 
of the SAF are plotted on top of the DEC-FA map.
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Dissection (Paris)

Post-mortem brain dissection was performed in the laboratory of neuroanatomy of 
Lariboisière Hospital in Paris, France by two neurosurgeons (E.M., F.C.). 

Five human cerebral hemispheres, obtained from fresh autopsy, were fixed in 10% formalin 
solution for at least three weeks. These specimens were frozen at –18°C for two weeks and 
then unfrozen at room temperature. This process (Klingler technique’s) (Klingler J., 
1935)induces water crystallization in the brain tissue that, by spreading along the WM fibers, 
facilitates visualization and dissection of the subcortical WM fibers.

The dissection was performed with light microscopy (OPMI pico, Karl Zeiss, Inc., 
Oberkochen, Germany) and video recorded with a high-resolution digital camera (Karl Storz 
GmbH, Tuttlingen, Germany). Initial observation of the configurational shape of sulci and 
gyri of the mesial cortical surface of frontal lobe was always performed before dissection. The 
dissection always started from the cingulate fibers extending to the entire mesial and lateral 
surface of the frontal lobe. 

Dissection (Trento)

Dissections below were performed by three neurosurgeons (S.S., F.C., and A.D.B.) in the 
context of the Structural and Functional Connectivity Lab (SFC-Lab) Project, which was 
approved by the Ethical Committee of the Azienda Provinciale per i Servizi Sanitari (APSS) 
of Trento, Italy.

Three right hemispheres were prepared for Klingler’s dissection (Klingler J., 1935) according 
to the protocol previously reported (De Benedictis et al., 2016, 2014; Sarubbo et al., 2015). It 
starts with an injection of formalin 10% in carotids and vertebral arteries, then an immersion 
in formalin 10% for 40 days, and finally the progressive freezing at -80° and de-freezing 
procedure. After the first de-frost process and removal of arachnoids and vessels, we started 
the micro-dissection under microscope with 4x magnification with wooden spatulas, 
approaching at the medial and ventral WM of the frontal lobe from the latero-dorsal cortical 
surface and leaving intact the gray matter at the tip of the gyri exposed to highlight the 
territories of terminations.

Fig. 7 Consistency of the SAF configuration across different modeling and processing strategies for 
the same subject of the HCP cohort. In (a), the DTI model was used, resulting in only few and likely 
spurious tract pathways, whereas the CSD models in (b), (c) and (d) produce similar and plausible 
SAF trajectories, but with differences due to processing settings: (b) recursive calibration and Lmax = 8; 
(c) recursive calibration and Lmax = 6; and (d) FA calibration and Lmax = 8. Tracts are plotted on top of 
the DEC-FA map and shown sagittal. 

Results 

Tract description

The architectural configuration of the SAF is shown in Fig. 2 where dataset 3 was used with 
CSD based FT. The complex fiber architecture in the frontal area can be appreciated from the 
FODs overlaid on the sagittal view in Fig. 2 (a-c) with the dotted yellow line identifying the 
interface between regions with locally different dominant fiber populations (“blue” vs. 
“green” on the principal direction encoded color (DEC) map). A medial and frontal view of 
the bilateral tract configuration is given in Fig. 2 (d, e), respectively. Note that the SAF 
resembles the trajectory of the cingulum bundle (in red) but it is located more anteriorly, 
superiorly, and laterally. 

140298_Szabolcs David_BNW.indd   70140298_Szabolcs David_BNW.indd   70 27-11-19   11:0427-11-19   11:04



71 

The superoanterior fasciculus | Chapter 04 

04

71 

The superoanterior fasciculus | Chapter 04 

04

Fig. 7 Consistency of the SAF configuration across different modeling and processing strategies for 
the same subject of the HCP cohort. In (a), the DTI model was used, resulting in only few and likely 
spurious tract pathways, whereas the CSD models in (b), (c) and (d) produce similar and plausible 
SAF trajectories, but with differences due to processing settings: (b) recursive calibration and Lmax = 8; 
(c) recursive calibration and Lmax = 6; and (d) FA calibration and Lmax = 8. Tracts are plotted on top of 
the DEC-FA map and shown sagittal. 

Results 

Tract description

The architectural configuration of the SAF is shown in Fig. 2 where dataset 3 was used with 
CSD based FT. The complex fiber architecture in the frontal area can be appreciated from the 
FODs overlaid on the sagittal view in Fig. 2 (a-c) with the dotted yellow line identifying the 
interface between regions with locally different dominant fiber populations (“blue” vs. 
“green” on the principal direction encoded color (DEC) map). A medial and frontal view of 
the bilateral tract configuration is given in Fig. 2 (d, e), respectively. Note that the SAF 
resembles the trajectory of the cingulum bundle (in red) but it is located more anteriorly, 
superiorly, and laterally. 
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The SAF group composite map of the HCP participants (dataset 1) using CSD modeling with 
b = 3000 s/mm2 is shown in Fig. 3. Again, the bilateral tracts follow a similar trajectory as the 
cingulum, but more frontally (i.e., in front of the cingulate sulcus or within the superior 
frontal gyrus) and slightly more laterally. The SAF pathways appear to spread from the 
rostrum of the CC to the ascending ramus of the cingulate sulcus and are medial to the corona 
radiata. Suppl. Figs. 1 and 2 show the population level map using the same ROIs, but with the 
1000 s/mm2 b-value dataset and modeled with DTI and CSD, respectively.  

Fig. 8 Polarized light imaging (PLI) results. (a) Four separate blocks of the same brain sliced in 
sagittal plane, where the fiber orientation maps are depicted correspond to the (b) color scheme circle. 
White arrows are indicating the location of the proposed pathway. Part (c) shows an example of 
formalin fixed human cadaver brain.  

Tract consistency 

Across participants
The percentage overlap map in Fig. 3 and Suppl. Fig. 2 show that the main portion of the SAF 
is present for 90% of the participants, which is in the same range as other tracts (Thiebaut de 
Schotten et al., 2011). The extent of the reconstructed SAF varied substantially across 
participants (see Fig. 4). For some, a very extended and broad structure was found (Fig. 4 
bottom row), while in others we found only a narrow portion of the SAF (Fig. 4 top row). The 
length of the streamlines also varied across participants, but also within the same individual. It 
is often observed that streamlines stop abruptly due to the absence of a corresponding FOD 
peak larger than the predefined threshold. 

Fig. 9 Dissection results in two different hemispheres and color overlays representing the proposed 
structure. Top row: (a) the original image and (b) possible trajectory of the SAF overlaid in blue, the 
cingulum is indicated in red as the anatomical reference. Bottom row: (c) original image and (d) 
several U-shaped fibers highlighted in red, which may form part of the SAF via fiber tractography. 

Across data acquisitions 

Fig. 5 reveals that the SAF was present in all samples that we analyzed. This observation 
excludes the possibility that the SAF is merely a scanner-specific artifact. While there are 
differences in acquisition settings between the different acquisition sites, there is no impact on 
the extent of the SAF. An example is shown in Fig. 6, where the effect of using different b-
values for the data acquisition on the SAF reconstruction is depicted. Low b-values result in 
less complex FODs leading to shorter and fewer streamlines, but CSD based modeling can 
still reveal the SAF configuration. CSD based tract coverage from low b-value data shows 
large overlap with the high b-value based CSD tracts, revealing that proper modeling of 
crossing fibers is imperative for reconstruction of the SAF. This can be appreciated as well in 
the population map in Suppl. Fig. 2, in which DTI based FT cannot deal with complex fiber 
pathway configurations. 
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Fig. 9 Dissection results in two different hemispheres and color overlays representing the proposed 
structure. Top row: (a) the original image and (b) possible trajectory of the SAF overlaid in blue, the 
cingulum is indicated in red as the anatomical reference. Bottom row: (c) original image and (d) 
several U-shaped fibers highlighted in red, which may form part of the SAF via fiber tractography. 

Across data acquisitions 

Fig. 5 reveals that the SAF was present in all samples that we analyzed. This observation 
excludes the possibility that the SAF is merely a scanner-specific artifact. While there are 
differences in acquisition settings between the different acquisition sites, there is no impact on 
the extent of the SAF. An example is shown in Fig. 6, where the effect of using different b-
values for the data acquisition on the SAF reconstruction is depicted. Low b-values result in 
less complex FODs leading to shorter and fewer streamlines, but CSD based modeling can 
still reveal the SAF configuration. CSD based tract coverage from low b-value data shows 
large overlap with the high b-value based CSD tracts, revealing that proper modeling of 
crossing fibers is imperative for reconstruction of the SAF. This can be appreciated as well in 
the population map in Suppl. Fig. 2, in which DTI based FT cannot deal with complex fiber 
pathway configurations. 
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Fig. 10 A: The main sulci and gyri of the lateral frontal region of a right hemisphere are indicated, 
after removal of vessels, pia mater, and arachnoid membranes. B: Decortication of the SFG and MFG 
allows identifying the U fibers under the SFS (blue pin, pink circle). C: Exposition of U-fibers 
between di SFG and MFG (pink arrows). D: Exposition of a thin layer of fibers with an antero-
posterior course under the SFS (pink arrow). (CS = central sulcus; IFG = inferior frontal gyrus; IFS = 
inferior frontal sulcus; MFG = middle frontal gyrus; Op = opercular part of the IFG; Orb = orbital part 
of the IFG; PreCG = precentral gyrus; PreCS = precentral sulcus; PostCG = postcentral gyrus; S = 
superior; SFS = superior frontal sulcus; SFG = superior frontal gyrus Tr = triangular part of the IFG). 

Across processing strategies

Modeling and processing steps also affected the extent of the reconstructed SAF (Fig. 7). DTI 
analysis (Fig. 7 (a)) resulted in either no pathways at all or in some spurious ones. CSD-based 
modeling showed either shorter SAF pathways (Lmax=6, Fig. 7 (c)) or minor variations (FA 
calibration, Fig. 7 (d)). According to the population-level maps in Suppl. Fig. 1, DTI-based 
reconstructions of the SAF cover only the most frontal parts of the tract, which is also 
depicted in Fig. 2 with the blue color. In this location of the SAF, the locally dominant 
direction of diffusion is tangential with the SAF, irrespective of any other crossing pathways. 
Clearly the biggest impact on showing the SAF configuration was the modeling of crossing 
fibers, in our example using CSD over DTI. 

PLI

Figure 8 shows the ensemble of the four blocks color-coded by the main in-plane orientation
per voxel. In the ROI of where the SAF is expected, a variety of colors and therefore locally 
dominant orientations were present. Nonetheless, a similar shape (indicated by the white 
arrows) as with tractography can be appreciated.

Dissection (Paris)

We were able to isolate, in four of the five specimens, a series of fibers spreading over from 
the cingulate fibers that seemed to have the same anteroposterior orientation as the FT results 
of the SAF. These fibers were located above the cingulum in correspondence with the frontal 
gyrus (Fig. 9). The careful dissection of the fiber complex revealed several different fibers: U-
shaped fibers from cingulate, U-shaped fibers belonging to superior frontal gyrus and more 
lateral fibers from corona radiata (Fig 9). All of them had a vertical orientation; therefore, no 
correspondence to the anteroposterior orientation of the putative SAF.  

Dissection (Trento)

After exploration of the sulco-gyral anatomy (Fig. 10 (a)) we proceeded with a gentle peel out 
of the gray matter of the depth and lateral surface of all the gyri of the dorsal portion of the 
frontal and parietal lobes (Fig. 10 (b)). Then we removed the U-fibers connecting the most 
anterior thirds of the middle and superior frontal gyri, at the level of the superior frontal 
sulcus (SFS) (Fig. 10 (c)). After a progressive and cautious removal of the U-fibers 
connecting the lateral and medial cortices facing at the border of the SFS, we exposed a thin 
layer of fibers with an antero-posterior course (in all the three hemispheres dissected) (Fig. 10 
(d)). We followed back with a gentle micro-dissection this layer of fibers exposing the 
posterior territories of terminations within the dorsal third of the pre-central gyrus. Anteriorly 
we exposed this thin bundle with an arching course, that follows the physiologic curvature of 
the frontal anterior cortices, and we exposed the territories of terminations within: the frontal 
pole, the fronto-orbital cortex and the fronto-orbito-lateral cortex.

It was not possible to follow these fibers further back (i.e. behind the central sulcus) in any of 
the specimen because: 1) we did not find clear signs of continuity; 2) the dense and 
intermingled crossing area with the vertical fibers ascending and descending to the pre- and 
post-central gyri.

This thin layer of fibers is located in the most medial and dorsal portion of frontal WM and 
connects the postero-dorsal with the antero-dorsal cortices of the frontal lobe (Fig. 11 (a)). We 
performed also the micro-dissection of the most ventral components of the superior 
longitudinal fascicle (namely, SLF II and III) (Fig. 11 (b, c and d)), accordingly to the recent 
description by Fernández-Miranda et al (Fernández-Miranda et al., 2015); these SLF 
components occupy the medio-dorsal and ventral WM of the frontal lobe and are clearly 
distinguishable from the SAF fibers by location, direction and course. 
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PLI

Figure 8 shows the ensemble of the four blocks color-coded by the main in-plane orientation
per voxel. In the ROI of where the SAF is expected, a variety of colors and therefore locally 
dominant orientations were present. Nonetheless, a similar shape (indicated by the white 
arrows) as with tractography can be appreciated.

Dissection (Paris)

We were able to isolate, in four of the five specimens, a series of fibers spreading over from 
the cingulate fibers that seemed to have the same anteroposterior orientation as the FT results 
of the SAF. These fibers were located above the cingulum in correspondence with the frontal 
gyrus (Fig. 9). The careful dissection of the fiber complex revealed several different fibers: U-
shaped fibers from cingulate, U-shaped fibers belonging to superior frontal gyrus and more 
lateral fibers from corona radiata (Fig 9). All of them had a vertical orientation; therefore, no 
correspondence to the anteroposterior orientation of the putative SAF.  

Dissection (Trento)

After exploration of the sulco-gyral anatomy (Fig. 10 (a)) we proceeded with a gentle peel out 
of the gray matter of the depth and lateral surface of all the gyri of the dorsal portion of the 
frontal and parietal lobes (Fig. 10 (b)). Then we removed the U-fibers connecting the most 
anterior thirds of the middle and superior frontal gyri, at the level of the superior frontal 
sulcus (SFS) (Fig. 10 (c)). After a progressive and cautious removal of the U-fibers 
connecting the lateral and medial cortices facing at the border of the SFS, we exposed a thin 
layer of fibers with an antero-posterior course (in all the three hemispheres dissected) (Fig. 10 
(d)). We followed back with a gentle micro-dissection this layer of fibers exposing the 
posterior territories of terminations within the dorsal third of the pre-central gyrus. Anteriorly 
we exposed this thin bundle with an arching course, that follows the physiologic curvature of 
the frontal anterior cortices, and we exposed the territories of terminations within: the frontal 
pole, the fronto-orbital cortex and the fronto-orbito-lateral cortex.

It was not possible to follow these fibers further back (i.e. behind the central sulcus) in any of 
the specimen because: 1) we did not find clear signs of continuity; 2) the dense and 
intermingled crossing area with the vertical fibers ascending and descending to the pre- and 
post-central gyri.

This thin layer of fibers is located in the most medial and dorsal portion of frontal WM and 
connects the postero-dorsal with the antero-dorsal cortices of the frontal lobe (Fig. 11 (a)). We 
performed also the micro-dissection of the most ventral components of the superior 
longitudinal fascicle (namely, SLF II and III) (Fig. 11 (b, c and d)), accordingly to the recent 
description by Fernández-Miranda et al (Fernández-Miranda et al., 2015); these SLF 
components occupy the medio-dorsal and ventral WM of the frontal lobe and are clearly 
distinguishable from the SAF fibers by location, direction and course. 
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Fig. 11 Dissection of a right hemisphere according to Klingler’s technique. A: Exposition of the most 
ventral components of the anterior indirect component of the SLF (SLF II and SLF III) (green area). 
B: Thin layer of fibers connecting the postero-dorsal with the antero-dorsal cortices of the frontal lobe 
(white area, red arrow); C: dissection of the main components the SLF: indirect anterior (green area), 
indirect posterior (blue area); direct (yellow area); D: U-fibers (blue pins), dorsal frontal fibers (white 
pins), frontal terminations of the AF, respectively in the ventral premotor cortex (green pins) and the 
pars opercularis of the IFG (red pins). (AF = arcuate fasciculus; SLF = superior longitudinal fascicle)

Discussion 

By taking advantage of advanced diffusion MRI methodology, we have identified a consistent 
bilateral pathway, referred to as the superoanterior fasciculus – SAF, via FT in the frontal 
lobe, which has not been described before (Catani et al., 2012; Makris et al., 2005; Thiebaut 
de Schotten et al., 2011). Reproducibility across multiple participants, different data samples 
and acquisition settings boosted our confidence that this finding is not based on imaging 
artifacts.

FT shows that the SAF can be consistently reconstructed with FT. However, the presence of a 
long association fiber is not fully supported by dissection, which necessitates hypothesizing 
about why this pathway is still found with FT. An explanation could be that a series of 
consecutive U-shaped fibers that connect adjacent gyri emerge to form a long pathway (see 
Fig 8 and Fig. 12). This possibility is supported by the work of Maldonado (Maldonado et al., 
2012), where they propose that the dorsal component of SLF is primarily composed of U-

shaped fibers. However, dissection also revealed a distinct WM structure with the same 
orientation as the proposed fiber bundle after the explicit removal of U-fibers. One may argue 
that the fibers are part of the dorsal component of the SLF system (i.e. SLF I), but considering 
the common anatomical definitions and the territories of termination of the SLF, it is unlikely 
the case. Fig. 11 (c and d) highlights the different and well-known components of the SLF. 
Important to note that this regions is challenging for FT and dissection as well due to the high 
number of crossings with the descending and ascending (i.e. vertical) pathways. 

Fig. 12 Hypothesis on how consecutive U-shaped fibers (in blue) can form a long pathway (in red). 

Independent investigations are still necessary to decide whether the suggested structure is 
indeed a new one or a component of an already defined tract. A possible description based on 
new nomenclature that it is part of the large dorsal system of horizontal fibers connecting 
frontal and parietal cortices as a branch of the mesial longitudinal system (MesLS) 
(Mandonnet et al., 2018), which can be further divided into an inner branch, which is the 
cingulum per se and an outer branch, the SAF. Note, such an outer branch is close to what 
Wang et al. (Wang et al., 2016) named as supracingulate or paracingulate pathways. Suppl. 
Fig. 3 shows the population of the SAF map CSD based modeling and high b-value data 
along with the cingulum from the JHU-ICBM DTI based white matter atlas (Hua et al., 2008; 
Mori, 2005; Wakana et al., 2007) demonstrating that the SAF is not part of the cingulum. 

While the agreement between dissection and FT is imperfect, it is important to describe the 
structure and recognize its occurrence. First, as this is a consistent finding, other researchers 
will likely discover and investigate the presence of this FT structure. Second, investigating the 
structural properties of the sub-compartments can improve the understanding of the U-fibers 
and rule out false structures, which were accidentally reconstructed from U-fibers. Third, this 
adds to the discussion of the value of FT, thereby raising additional awareness of the pitfalls 
of FT (Jones and Cercignani, 2010; O’Donnell and Pasternak, 2015; Parker et al., 2013), and 
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that the fibers are part of the dorsal component of the SLF system (i.e. SLF I), but considering 
the common anatomical definitions and the territories of termination of the SLF, it is unlikely 
the case. Fig. 11 (c and d) highlights the different and well-known components of the SLF. 
Important to note that this regions is challenging for FT and dissection as well due to the high 
number of crossings with the descending and ascending (i.e. vertical) pathways. 

Fig. 12 Hypothesis on how consecutive U-shaped fibers (in blue) can form a long pathway (in red). 

Independent investigations are still necessary to decide whether the suggested structure is 
indeed a new one or a component of an already defined tract. A possible description based on 
new nomenclature that it is part of the large dorsal system of horizontal fibers connecting 
frontal and parietal cortices as a branch of the mesial longitudinal system (MesLS) 
(Mandonnet et al., 2018), which can be further divided into an inner branch, which is the 
cingulum per se and an outer branch, the SAF. Note, such an outer branch is close to what 
Wang et al. (Wang et al., 2016) named as supracingulate or paracingulate pathways. Suppl. 
Fig. 3 shows the population of the SAF map CSD based modeling and high b-value data 
along with the cingulum from the JHU-ICBM DTI based white matter atlas (Hua et al., 2008; 
Mori, 2005; Wakana et al., 2007) demonstrating that the SAF is not part of the cingulum. 

While the agreement between dissection and FT is imperfect, it is important to describe the 
structure and recognize its occurrence. First, as this is a consistent finding, other researchers 
will likely discover and investigate the presence of this FT structure. Second, investigating the 
structural properties of the sub-compartments can improve the understanding of the U-fibers 
and rule out false structures, which were accidentally reconstructed from U-fibers. Third, this 
adds to the discussion of the value of FT, thereby raising additional awareness of the pitfalls 
of FT (Jones and Cercignani, 2010; O’Donnell and Pasternak, 2015; Parker et al., 2013), and 
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the concerns in the field of connectomics (Fornito et al., 2013; Hagmann et al., 2010; Zalesky 
et al., 2016).  

In the following sections, we will discuss that our FT results are plausible from the point of 
dMRI-based tractography, place our results in the context of other FT and dissection studies, 
provide suggestions for future investigations, and stimulate the debate about the validity of 
dMRI-based FT.

Diffusion MRI

Recent developments in acquisition and data processing boosted the reliability of dMRI and 
increased the inherently low accuracy of mapping WM pathways with FT. The investigations 
in solving crossing fibers were imperative, as the reported structure would not or hardly be 
detected since the main diffusion direction here is along the forceps (see Fig 2). However, one 
of the pitfalls of dMRI is that it is an indirect measure of the underlying WM pathways and 
reflects the net displacement of water molecules along all structures within a large voxel. 
Different structural architectures can lead to the same diffusion profile (Jbabdi and Johansen-
Berg, 2011), making it hard to reconstruct unambiguously the intrinsic fiber arrangement.  

Impact of modeling 

The choice of diffusion signal modeling was critical as the SAF cannot be revealed with DTI. 
The tract is formed mostly from locally non-dominant fiber populations. Therefore, it can be 
mapped only with techniques, which can resolve crossing fibers. The single location where 
the tract is locally dominant is the most anterior part with up-down orientation, as depicted in 
blue in Fig. 1 (a-c), and is also the only location revealed by DTI based population level tract 
mapping shown in Suppl. Fig. 1. Following this line of reasoning, yet a system of non-
dominant, interwoven fiber bundles are to be found with the help of high data quality and 
advanced modeling. 

Another example of mapping a challenging fiber population without any well-known 
underlying architecture is showcased in the MyConnectome project (Poldrack et al., 2015),
featuring longitudinal, high quality MRI data of a single adult male. In a small region of the 
CC, an anterior–posterior oriented set of fibers are dominating locally, yet the left-right 
oriented CC fibers are still present and continuous. This rare finding is not expected in the 
CC, but is remarkably strong in that the front-back oriented diffusion was larger than the left-
right orientated diffusion and, hence, changed the color in the DEC map from red to green. 
Similar to the SAF, it is difficult to investigate parts of pathways where the underlying fiber 
orientation distribution profiles exhibit non-dominant peaks tangential to the pathway of 
interest. 

Tract consistency

CSD tractography results obtained with low and high b-value data show a high similarity of 
90% for the core of the SAF, which is outstanding given the fact that WM fiber bundles vary 
in their size and position, especially for this is a small and inferior bundle. Compared with 
other larger bundles, the similarity is in line with previously reported overlap values of >90% 
(cingulum), >90% (core CC), >75% (CC), and >75% (inferior fronto-occipital fasciculus) 
(Thiebaut de Schotten et al., 2011). 

The presence of the SAF across different data samples and acquisition settings is indicative 
that the results are not merely based on acquisition artifacts. As FODs are sharper, more and 
longer streamlines are found at higher b-values as this will aid the resolving power of the 
different fiber populations within a voxel. Although we can show the SAF in case of all the 
participants, finding the complete trajectory is not trivial. The SAF can be incomplete, for 
example, when the FOD only contains the main peak of the crossing fibers and does not 
contain the minor second peak. While we were able to determine the main part of the SAF 
configuration, the dorsal terminations were hard to obtain, which was also an issue during 
dissection. Future studies, especially at higher spatial and angular resolution, may alleviate 
this question. 

Validation

A conceptual limitation of FT (Jeurissen et al., 2019) is the inability to resolve the 
functionality and directionality of anatomical links, where the existence of a physical 
connection is necessary to complete the cortical functions. Such functional confirmation can 
arise from the use cortico-cortical (Matsumoto et al., 2012, 2006, 2004) or axono-cortical 
evoked potentials (Mandonnet et al., 2016; Yamao et al., 2014), generally obtained with 
invasive techniques involving implants or electrodes during surgery. 

The PLI results show an overall pathway that can resemble the presented structure; however, 
it is not clearly one consistent pathway. A drawback of PLI, however, is that it cannot 
distinguish between differently oriented crossing fibers, making it hard to be unambiguous 
about the exact pathway.

On the one hand, the brain dissections in this work could not clearly verify the existence of 
the SAF. On the other hand, the dissection results could not rule out the existence of the SAF 
given the limitations of this approach, especially in regions where multiple fiber systems 
exhibit crossing configurations. The brain data used for the FT results in this work are 
obtained from healthy volunteers.  Hence, ex vivo investigations (dissection and PLI) on the 
same brains were not feasible. As such, a direct comparison was not possible. 

Complexity of fiber bundles

Interaction between FT and brain dissection methods drives both the validation of tracts, but 
also the discovery of true fiber bundles, thereby increasing our understanding of the design of 
the brain’s architecture (De Benedictis et al., 2016; Hau et al., 2017; Meola et al., 2015; Wu et 
al., 2016b; Yeatman et al., 2014). Over the years, more and more (parts of) WM bundles were 
revealed using FT, which were previously undetectable with the formerly existing techniques 
(Jbabdi and Johansen-Berg, 2011) such as the lateral projections of the CC, inferior fronto-
occipital fasciculus (IFOF) or the Aslant fiber bundle (Thiebaut de Schotten et al., 2012).
However, the validity of some of these tracts is still debated. Yeatman et al. (Yeatman et al., 
2014) used tractography to rediscover the vertical occipital fasciculus (VOF); a bundle that 
caused controversies among neuroanatomists in the 19th century. These tractography findings 
were further confirmed via dissection by Wu et al (Wu et al., 2016c). In this context, the 
identification of the SAF with FT raises similar concerns and fuels the ongoing debate about 
validation with other approaches.  
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exhibit crossing configurations. The brain data used for the FT results in this work are 
obtained from healthy volunteers.  Hence, ex vivo investigations (dissection and PLI) on the 
same brains were not feasible. As such, a direct comparison was not possible. 
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Interaction between FT and brain dissection methods drives both the validation of tracts, but 
also the discovery of true fiber bundles, thereby increasing our understanding of the design of 
the brain’s architecture (De Benedictis et al., 2016; Hau et al., 2017; Meola et al., 2015; Wu et 
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occipital fasciculus (IFOF) or the Aslant fiber bundle (Thiebaut de Schotten et al., 2012).
However, the validity of some of these tracts is still debated. Yeatman et al. (Yeatman et al., 
2014) used tractography to rediscover the vertical occipital fasciculus (VOF); a bundle that 
caused controversies among neuroanatomists in the 19th century. These tractography findings 
were further confirmed via dissection by Wu et al (Wu et al., 2016c). In this context, the 
identification of the SAF with FT raises similar concerns and fuels the ongoing debate about 
validation with other approaches.  
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Other researchers have also proposed new or redefined WM structures. Track density imaging 
(TDI) on 7T dMRI (Calamante et al., 2012, 2011, 2010) recently demonstrated finer details of 
thalamocortical connections (Choi et al., 2018) and revealed the fiber system of the septum 
pellucidum area (Cho et al., 2015). In both studies the super-resolution ability of the 
voxelwise fiber count was used to generate images with high anatomical contrast and 
therefore exposed the aforementioned bundles. However, due to the noise sensitivity of the 
technique, the validity of structures revealed by TDI remains an open question  (Dhollander et 
al., 2014, 2012). 

In addition to new bundles, several studies have shown subcompartments of known WM 
pathways, which are validated by histology. These multi-component bundles such as the 
uncinate fasciculus (Hau et al., 2017), inferior fronto-occipital fasciculus (Caverzasi et al., 
2014; Hau et al., 2016; Sarubbo et al., 2013; Wu et al., 2016a) and SLF (Arash Kamali et al., 
2014; Makris et al., 2005) consist of a complexity of pathways that together form a united 
bundle. De Benedictis et al. (De Benedictis et al., 2016) used a microdissection approach to 
reveal and validate the presence of both homotopic as well as heterotopic fibers in the anterior 
half of the CC. 

The cingulum, which has a similar shape and is in close approximation of the SAF, is also a 
multi-component bundle. The cingulum bundle consists of many short fibers as well as longer 
fibers that together have many different connections (Bajada et al., 2017). The cingulum is 
usually depicted as a continuous structure using fiber tractography although thorough research 
is showing a division in at least three subparts, each with their own distinct diffusion metrics 
(D. K. Jones et al., 2013; Wu et al., 2016b). Given the similarity with the cingulum and the 
knowledge that many bundles have complex and multicomponent fiber organization, it seems 
plausible that the SAF also has a multicomponent organization. 

Future directions

This study describes a new pathway identified with dMRI based FT, called the SAF, which 
may have several implications in in vivo neuroimaging studies about structural brain 
connectivity. If the SAF is considered to be a genuine new brain pathway, further research is 
needed to better understand the origin and the function of this structure. Investigation of this 
area at higher spatial resolution could be one avenue as recent work has shown that this 
coincides with a better understanding of complex crossing fiber structures  (Schilling et al., 
2017). This approach would then ideally be combined with dissection. We can expect more, 
previously not shown and locally non-dominant structures to be discovered as Jeurissen et al. 
(Jeurissen et al., 2013) showed that most of the WM in the human brain contains multiple 
populations. Other imaging techniques, such as optical coherence tomography (Huang et al., 
1991) or optogenetics (Deisseroth, 2010) may provide complementary information that could 
verify the existence of the SAF.

We observed a large variability in the cross-sectional area of the SAF and future analysis of 
the structure should also entail examining common properties related to microstructure, shape, 
demographics, and even changes in pathological conditions. Furthermore, it is well-known 
that the frontal lobe is generally a challenging region to investigate by most MRI methods, 

because of the susceptibility induced distortions, which are further emphasized by EPI 
sequences caused by the air-tissue interfaces of the sinuses. 

In the past, we have seen examples in which part of anatomical knowledge is abandoned from 
the mainstream, e.g.: in case of the VOF or the IFOF. Since the influential work of Andreas 
Vesalius (De humani corporis fabrica, 1543, Padua Italy) anatomists are drawing, dissecting 
and reconstructing WM pathways with increasing precision as technology advances. It would 
not be unexpected if the SAF could reemerge from textbooks of human brain anatomy in a 
similar way.

Conclusions

We have proposed the existence of the SAF in the human brain, a new WM bundle identified 
with dMRI based FT. We showed that it is consistent within several cohorts, across different 
acquisition settings and processing strategies. However, there are still uncertainties about the 
true underlying anatomy of the structure as evidenced by our complementary PLI and brain 
dissection findings. 

Supplementary Materials 

Supplementary Fig. 1 Tract probability map in 1mm MNI stereotaxic space from 409 subjects of the 
HCP cohort in sagittal view. DTI estimation with REKINDLE was used on the low b-value data. Note 
the narrower range of the tract mask overlap for better contrast. The % indicates the fraction of 
subjects for which the SAF is present in a given voxel.
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Supplementary Fig. 2 Tract probability map in 1mm MNI stereotaxic space from 409 subjects of the 
HCP cohort in sagittal view. CSD modeling with recursive calibration was used on the low b-value 
data. The % indicates the fraction of subjects for which the SAF is present in a given voxel.

Supplementary Fig. 3 Tract probability map in 1mm Montreal Neurological Institute (MNI) 
stereotaxic space from 409 subjects of the HCP cohort in sagittal view. CSD modeling with recursive 
calibration was used on the high b-value data. The % indicates the fraction of subjects for which the 
SAF is present in a given voxel. Green shows the left and right cingulum labels from the JHU DTI-
based white-matter atlas for anatomical reference.
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Abstract

A recent investigation described a new white matter fiber pathway via diffusion 
MRI with support from dissection and polarized light imaging. The superoanterior 
fasciculus (SAF) is defined as a bilateral tract in the frontal lobe that resembles 
the structure of the anterior cingulum, but is located superior, anterior and lateral 
to it. To further validate the SAF, contribution from several different modalities 
and disciplines are required. A thorough analysis of distinct neuroanatomical 
sources (n = 58) was performed, including books, medical atlases and manuals to 
assess if the SAF could be re-discovered through existing anatomical descriptions. 
The analysis included materials from as early as the past centuries, covering large 
databases and libraries across the Netherlands. To organize the results, a grading 
system was developed. No direct counterevidence was found considering all 
sources at the expected location of the SAF. Moreover, the SAF was found to be 
independent from the superior longitudinal fasciculus (SLF) by a significant 
margin of laterality from the midline. The neuroanatomical literature reviewed 
here consolidates the findings of the previous technical accomplishment and 
points towards a genuine novel finding. 

Introduction 

Since the pioneer work of Andreas Vesalius in ‘De humani corporis fabrica libri septem’ in 
the 16th century (O’Malley, 1964) the human brain has been explored, analyzed and re-
discovered through several modalities with increasing levels of detail. These include, but are 
not restricted to, post-mortem investigation of case studies, especially histological staining 
(Dejerine and Dejerine-Klumpke, 1895) and dissection (Klingler and Ludwig, 1956). The 
preparation and dissection method perfected by Klingler dominated the last decades in 
preparing, preserving and highlighting major white matter (WM) bundles such as the corpus 
callosum (CC), cingulum, superior longitudinal fasciculus (SLF) and uncinate fasciculus 
(UF). However, new techniques have been constantly put forward, including new approaches 
for highlighting more subtle WM tracts (De Benedictis et al., 2016, 2014). More recently, 
several imaging techniques have aided a great deal in pushing the boundaries of brain WM 
research and clinical application. 

Diffusion MRI (dMRI) (Alexander et al., 2019; Novikov et al., 2019) has been an essential 
non-invasive method to assess WM architecture (Mori and Tournier, 2013), the advancements 
in data processing (Leemans and Jones, 2009; Mesri et al., 2019) and anatomical-guidance 
(Roine et al., 2015) constantly increasing its accuracy (Sinke et al., 2018). Fiber tractography 
(FT) (Jeurissen et al., 2019) is one dMRI-based technique used for mapping the fiber 
pathways (Sotiropoulos and Zalesky, 2019; Wakana et al., 2007). Since its first introduction 
(Basser et al., 2000, 1994b; Catani et al., 2002; Conturo et al., 1999), FT has become 
increasingly sensitive to solve complex fiber architectures such as crossing fibers (Dell’Acqua 
and Tournier, 2019; Jeurissen et al., 2013; Tournier et al., 2008). However, reconstructing 
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(UF). However, new techniques have been constantly put forward, including new approaches 
for highlighting more subtle WM tracts (De Benedictis et al., 2016, 2014). More recently, 
several imaging techniques have aided a great deal in pushing the boundaries of brain WM 
research and clinical application. 
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non-invasive method to assess WM architecture (Mori and Tournier, 2013), the advancements 
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fiber pathways with dMRI FT remains an indirect method of describing WM anatomy, 
meaning that tissue structure cannot be described unambiguously (Thomas et al., 2014).
Therefore, FT is susceptible to methodological limitations that can influence the output tract 
details.

DMRI-based FT applications involve in vivo analysis of WM fiber bundles, where their 
existence is supported by preceding ex vivo or in vivo findings (De Schotten et al., 2011; 
Lebel et al., 2008; Mori et al., 2008). The use of region-of-interests (ROIs) (Catani et al., 
2002; Conturo et al., 1999) in selecting the desired tract is widespread, which is based on the 
Boolean logic, i.e.: a series of ‘AND’ and ‘NOT’ gates for inclusion and exclusion of the 
reconstructed pathways. However, developing the structural roadmap of the brain by virtual 
dissection can be challenging. The most prevalent technique to model the signal from dMRI, 
diffusion tensor imaging (DTI), is unable to reconstruct complex fiber configurations, such as 
crossing or kissing of fiber populations (Farquharson et al., 2013), therefore atlases based on 
DTI are inherently limited (Hua et al., 2008). In rare cases, FT-based findings provoke the 
review of the current status of such atlases, as the use of advanced algorithms may lead to
contradictory results (Maier-Hein et al., 2017). 

Fig. 1 Overview of the frontal superior longitudinal system (FSL), the superoanterior fasciculus (SAF) 
and the superior longitudinal fasciculus (SLF). Green, red and blue shows the FSL, SAF and SLF 
prevalence percentage respectively in the Montreal Neurological Institute (MNI) stereotaxic space. 
The RGB circle in the bottom right corner indicates if the tracts are overlapping, which result in mixed 
colors. Percentage (%) indicates the fraction of subjects for which the tract is present in a given voxel 
for the SAF, while the FSL and SLF probability maps are part of the BCB toolkit. The distance 
between slices is 5mm for the sagittal (with a 10 mm gap in the midline) and coronal views, while it is 
8mm for the axial view.

Recently, we described a novel, bilateral WM pathway in the frontal lobe that resembles the 
structural arc profile of the anterior cingulum, but is located more superior, anterior and 
lateral. The pathway appears to spread from the rostrum of the CC to the ascending ramus of 

the cingulate sulcus and is medial to the corona radiata. To the best of our knowledge, this 
structure has not been presented before, hence coined as the superoanterior fasciculus (SAF) 
(David et al., 2019a). Briefly, we used four different dMRI datasets and applied different fiber 
modeling techniques. DTI systematically rejected the SAF, while the higher-order constrained
spherical deconvolution modelling (CSD) (Dell’Acqua et al., 2010; Tournier et al., 2007)
revealed the tracts regardless of which dataset were used for FT. Fig. 1 shows the prevalence 
overview of the SAF in standard stereotaxic space from 409 subjects of the Human 
Connectome Project (HCP) (Van Essen et al., 2013), along with the frontal superior 
longitudinal system (FSL) (Catani et al., 2012) and the SLF1 as references. Details of the data 
and processing of the SAF is described elsewhere (David et al., 2019a), while the FSL and 
SLF1 tract probability maps are part of the Brain Connectivity and Behaviour (BCB) toolkit 
(Foulon et al., 2018). Fig. 2 shows the maximum tract prevalence chart in sagittal slices of the 
SAF, FSL and SFL1 with the midline as the reference plane. According to FT results, the 
SAF is most expected to appear around 15mm from the midline in both hemispheres, with a 
5mm margin to both medial and lateral for at least 50% overlap of the subjects. The highest 
occurrence of FSL in the right hemisphere is between 15 and 24mm from the midsagittal line, 
reaching 50% coverage at 7mm medial and 45mm lateral; while in the left hemisphere the 
highest occurrence is between 26 and 39 mm, reaching 50% coverage at 10mm medial and 
54mm lateral. The SLF1 mostly appears between 13 and 17 mm from the midline in the right 
hemisphere and 16-18 mm in the left hemisphere, while 50% probability is reached at 5mm 
medial and around 31-35 mm lateral. In case of the SLF1, only the anterior regions relative to 
the anterior commissure (AC) were considered to exclude the dorsal parts of the tract.

Fig. 2 Maximum tract prevalence chart in the sagittal slices of the superoanterior fasciculus (SAF), the 
frontal superior longitudinal system (FSL) and the superior longitudinal fasciculus (SLF) in red, green 
and blue, respectively.
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modeling techniques. DTI systematically rejected the SAF, while the higher-order constrained
spherical deconvolution modelling (CSD) (Dell’Acqua et al., 2010; Tournier et al., 2007)
revealed the tracts regardless of which dataset were used for FT. Fig. 1 shows the prevalence 
overview of the SAF in standard stereotaxic space from 409 subjects of the Human 
Connectome Project (HCP) (Van Essen et al., 2013), along with the frontal superior 
longitudinal system (FSL) (Catani et al., 2012) and the SLF1 as references. Details of the data 
and processing of the SAF is described elsewhere (David et al., 2019a), while the FSL and 
SLF1 tract probability maps are part of the Brain Connectivity and Behaviour (BCB) toolkit 
(Foulon et al., 2018). Fig. 2 shows the maximum tract prevalence chart in sagittal slices of the 
SAF, FSL and SFL1 with the midline as the reference plane. According to FT results, the 
SAF is most expected to appear around 15mm from the midline in both hemispheres, with a 
5mm margin to both medial and lateral for at least 50% overlap of the subjects. The highest 
occurrence of FSL in the right hemisphere is between 15 and 24mm from the midsagittal line, 
reaching 50% coverage at 7mm medial and 45mm lateral; while in the left hemisphere the 
highest occurrence is between 26 and 39 mm, reaching 50% coverage at 10mm medial and 
54mm lateral. The SLF1 mostly appears between 13 and 17 mm from the midline in the right 
hemisphere and 16-18 mm in the left hemisphere, while 50% probability is reached at 5mm 
medial and around 31-35 mm lateral. In case of the SLF1, only the anterior regions relative to 
the anterior commissure (AC) were considered to exclude the dorsal parts of the tract.

Fig. 2 Maximum tract prevalence chart in the sagittal slices of the superoanterior fasciculus (SAF), the 
frontal superior longitudinal system (FSL) and the superior longitudinal fasciculus (SLF) in red, green 
and blue, respectively.
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The exploratory work to find the SAF was completed with additional methods such as 
dissection and polarized light imaging (PLI). Later findings partially confirmed the results due 
to the fact that the particular ROIs are highly intermingled with multiple crossing fibers. A 
possible hypothesis is that the SAF is part of a multicomponent fiber bundle that forms at the 
intersection of consecutive U-shaped fibers that are known to connect adjacent gyri in the 
frontal lobe (Maldonado et al., 2012). 

To increase the anatomical fidelity of the SAF, in this work we conduct an analysis of 
neuroanatomical literature focusing on the proposed location of the SAF. The rationale is to 
assess if the SAF can be found in existing, well-established sources of neuroanatomical 
knowledge. One may argue that it has been described before or perhaps the structure is indeed 
an independent one. Perhaps it is a component of a previously described tract such as the SLF 
or realized as consecutive U-shaped fibers. There are some examples of previously described, 
later abandoned and then re-discovered pathways, as in the case of the vertical occipital 
fasciculus (VOF) (Yeatman et al., 2014) or the inferior fronto-occipital fasciculus (IFOF) 
(Hau et al., 2016; Martino et al., 2010; Sarubbo et al., 2013). 

Table 1

Overview of the analysis steps and coding explanation. 

Coding Explanation of coding 

White Matter Is white matter specifically depicted in the atlas?

Relevant View If yes, is there a relevant location, axis or preparation slicing for the 
SAF to be observed? 

Identifiable Tract If yes, is there a WM structure present that can be interpreted as the 
SAF in terms of location and trajectory?

Labeled If yes, is this location or structure labeled by the authors? 

SLF or U-shaped If yes, do the authors define the structure as part of the SLF or as an 
interconnection of U-shaped fibers? 

Materials and Methods

A total number of 58 anatomical sources, books, atlases and manuals have been analyzed, 
which originate from between 1543 and 2016 with the majority being written in English, 
while other languages such as German, Dutch and Latin also occurred. The publications use 
several modalities, such as drawing, dissection photography, staining and various imaging 
techniques. The online databases included WorldCat, PiCarta, the Dutch Central Catalogue 

and CataloguePlus, followed by e-rara, a platform for digitized rare old books from Swiss 
libraries (ETH Zurich) and the online available German library catalogue HEIDI, maintained 
by Heidelberg University. Moreover, we visited the following medical libraries across the 
Netherlands for hardcopy materials: University Library Singel Amsterdam, Science Park 
Library Amsterdam, AMC Medical Library Amsterdam, Open Bibliotheek Amsterdam OBA, 
UBA Book Depot (IWO) Amsterdam, UMC Medical Library Utrecht, Erasmus University 
Library Rotterdam, Erasmus MC Medical Library Rotterdam and the Public Library 
Rotterdam.  

Fig. 3 (a) (a) Shows major white matter tracts from Filley, 2011; (b) shows the general course of the 
association-fibers from Bryce, 1908; (c) shows the association tracts from Woerdeman, 1950; (d) 
show the principal systems of association fibers from Gray, 1918. The proposed location of the SAF is 
highlighted with red arrows. 

The analysis followed a hierarchical coding scheme, giving quantitative properties to an 
intrinsically qualitative design. Table 1 describes the coding procedure accompanied by a 
guide. The step ‘White Matter’ coded the question ‘Is WM specifically depicted in the atlas?’ 
and was considered positive if major WM structures were explicitly identified and labeled by 
the authors. The step ‘Relevant View’ coded the question ‘If yes, is there a relevant location, 
viewing axis or preparation slicing for the SAF to be observed?’ and was considered positive 
if frontal WM was specifically depicted, i.e.: there was a sagittal axis view, the perspective 
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highlighted with red arrows. 

The analysis followed a hierarchical coding scheme, giving quantitative properties to an 
intrinsically qualitative design. Table 1 describes the coding procedure accompanied by a 
guide. The step ‘White Matter’ coded the question ‘Is WM specifically depicted in the atlas?’ 
and was considered positive if major WM structures were explicitly identified and labeled by 
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from which the SAF is the most appreciable, or the slicing of preparation was reasonably 
close to the expected location of SAF, at lateral proximity to the cingulum bundle. The step 
‘Identifiable Tract’ coded the question ‘If yes, is there a WM structure present that can be 
interpreted as the SAF in terms of location and trajectory?’. The step ‘Labeled’ coded the 
question ‘If yes, is this structure labeled by the authors?’. The step ‘SLF or U-shaped’ coded 
the question ‘If yes, do the authors define the structure as part of the SLF or as an 
interconnection of U-shaped fibers?’. Supplementary Material Table 1 shows the complete 
dataset, along with the results. The coding used a ‘Yes’, ‘No’ and ‘Partial’ grading system. 
Additionally, for each source we included the title, author(s), year of publication, press or 
publisher(s), language, and type of presentation. 

Fig. 4 Sagittal sections from Singer and Yakovlev in 1954, where the white matter (WM) is depicted 
in black. WM appears gradually at the proposed location at (a) 2.9 mm, (b) 5.3 mm and (c) 5.7 mm, 
interrupted anteriorly by the separated gyri. The structure widens and connects to neighboring 
structures at (d) 6.7 mm, (e) 8.6 mm and (f) 10.1 mm. 

Results 

Fig. 5 Sagittal dissection preparations on a photograph (a) and a drawing (b), from Gluhbegovic and 
Williams. The proposed location of the superoanterior fasciculus (SAF) is highlighted with red arrows 
along its pathway. Other defined structures are: (1) Cingulum, (2) Short arcuate fibres, (3) Projection 
and commissural fibres, (4) Forceps major or occipital forceps, (5) Corpus callosum, (6) Septum 
pellucidum, (7) Column of fornix, (8) Tela choroidea of 3rd ventricule, (9) Suprapineal recess, (10) 
Interthalamic adhesion, (11) Anterior (rostal) commisure, (12) Hypothalamic sulcus, (13) Optic recess, 
(14) Infundibular recess, (15) Mammillary body, (16) Uncus. 

From all 58 resources, 48 (83%) included descriptions of WM specifically, 22 of the 48 (46%) 
included a relevant view for observing the SAF, 7 of which (30%) contained a structure that 
resembled and could be identified as SAF. Several sources were considered ambiguous in 
identifying the SAF since the type of presentation, the slicing location or the perspective 
impedes the observation of a clear structure. Fig. 3 shows an example of this ambiguity: in 
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Interthalamic adhesion, (11) Anterior (rostal) commisure, (12) Hypothalamic sulcus, (13) Optic recess, 
(14) Infundibular recess, (15) Mammillary body, (16) Uncus. 

From all 58 resources, 48 (83%) included descriptions of WM specifically, 22 of the 48 (46%) 
included a relevant view for observing the SAF, 7 of which (30%) contained a structure that 
resembled and could be identified as SAF. Several sources were considered ambiguous in 
identifying the SAF since the type of presentation, the slicing location or the perspective 
impedes the observation of a clear structure. Fig. 3 shows an example of this ambiguity: in 
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Fig. 3a and 3b no WM was described at the specified location and exact laterality details are 
also insufficient (Bryce et al., 1908; Filley, 2011), while in the case of Fig. 3c and 3d WM 
was described at the stated location and explicitly labelled as part of the SLF (Gray, 1918; 
Woerdeman, 1950). 

Fig.6 Dissection from Klingler and Ludwig in (a) and (c) shows left hemisphere, external lateral view. 
Defined structures are: (1) Superior longitudinal fasciculus, (2) Insula medullary substance, (3) 
Uncinate fasciculus, (4) Insula crossing corpus amygdaloideum, (5) Inferior occipitofrontal fasciculus, 
(6) Superior longitudinal fasciculus. While (b) and (d) shows some connections in the thalamus in the 
right hemisphere, internal lateral view. Defined structures are: (1) Cingulate gyri medullary lamina, (2) 
Middle section of the splenium of the corpus callosum, (3) Cingulate gyri, cortex partly removed; 
cingulum, (4) Fornix, (5) Central part of the lateral ventricle, (6) Thalamus dorsal surface, (7) 
Thalamus medial nucleus, (8) Section of the mesencephalon, (9) Hypothalamic sulcus, (10) Uncus 
dorsal surface, limbic uncus, (11) Superior thalamic peduncle (fibers in lateral thalamic nucleus), (12) 
Mamillothalamic fasciculus, (13) Corpus mamillare, (14) Hypothalamic grey matter, (15) Columnae 
fornicis pars tecta, (16) Anterior commissure, (17) Optic chiasm median section, (18) Anterior 
thalamic nucleus, (19) Corpus callosum sections, (20) Anterior thalamic nucleus fibers crossing with 
cingulate gyri and cingulum, (21) Fibers from cortical areas 9, 10, 11 crossing with thalamic medial
nucleus, in part covering the superior mammillothalamic fasciculus, (22) Cingulum. 

According to many resources WM  is clear at the proposed position, located close to midline, 
anterior and superior to the cingulum bundle, mimicking its outline structure (Bourgery and 
Jacob, 2012; Ford et al., 1978; Mai et al., 2015; Martin, 1985). Observing the presence of 
WM is trivial between the cingulum and corona radiata, if the view is appropriate (Gallucci et 

al., 2005; Nieuwenhuys et al., 2007). Furthermore, the analysis was refined through sources 
that explicitly included the exact sagittal slicing location in mm lateral from the midline. This 
was highly relevant for narrowing down the location of the SAF. The results showed that it 
should be observable starting from 5 mm of the midline, as seen in Fig. 4 (Singer and 
Yakovlev, 1954; Talairach et al., 1967). 

Fig. 5 shows the most direct indication of the proposed tract in our investigation from 
Gluhbegovic and Williams’s “The Human Brain: a photographic guide” (Gluhbegovic and 
Williams, 1980). The SAF appears to start low frontal, anterior to the cingulum, curving 
superior following its shape, and then connects to a series of U-fibers superior to the 
cingulum. Interestingly, Fig. 5 (b) shows the cleaned-up drawing along with labeled 
structures, where only the cingulum is identified explicitly among the frontal structures. 
However, it remains ambiguous if the SAF and U-fibers connect, overlap or simply pass 
along as presented in the dissection. 

Furthermore, it is also indicated that the SAF is likely independent from the SLF. We found a 
consistent and noticeable difference in the lateral position from the midline between the two, 
where the SLF is described in the lateral region of the uncinate fasciculus and external 
capsule, avoiding the midline as depicted in Fig 6 (Klingler and Ludwig, 1956). 

Discussion 

In this work, we describe a study of neuroanatomical publications focusing on a potential new 
WM fiber pathway, the superoanterior fasciculus (SAF). Our results seem to support the 
previously reported dMRI FT findings with no direct counterevidence. Counterevidence 
might have included materials presenting a consistent or unique WM structure at the proposed 
location frontal, above and lateral to the cingulum bundle in the range of 5-20 mm bilateral 
from the midline. The range of 5-20 mm laterality from the midline emphasizes how precise 
measurements and slicing is required in order to localize the SAF, as revealed in Fig. 2 as 
well. Also, it makes the separation of other major structures from the SAF challenging. We 
deem it possible that the narrow and specific location of the SAF have played a significant 
role in the scarcity of anatomical descriptions. Although depicted in several sources, the SAF 
was not explicitly identified or labeled previously, neither as an independent structure nor as 
part of a larger defined structure, pointing the evidence towards a newly described tract. 

However, we argue that the findings presented here are not detailed and substantial enough to 
unambiguously assess whether the SAF forms a multicomponent bundle with the U-fibers, or 
whether they are independent and just at very high proximity as presented in Fig 5. According 
to David et al (David et al., 2019a), dissection revealed a distinct WM structure with the same 
orientation as the SAF after the explicit removal of U-fibers.

The current literature selection is not a comprehensive collection of all relevant materials and 
additional sources could reveal supplementary insights. For instance, numerous sources were 
identified, but could not be accessed due to permission restrictions, rarity or conservation 
considerations. Nevertheless, the material covered in this work is a reasonable representation 
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should be observable starting from 5 mm of the midline, as seen in Fig. 4 (Singer and 
Yakovlev, 1954; Talairach et al., 1967). 

Fig. 5 shows the most direct indication of the proposed tract in our investigation from 
Gluhbegovic and Williams’s “The Human Brain: a photographic guide” (Gluhbegovic and 
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superior following its shape, and then connects to a series of U-fibers superior to the 
cingulum. Interestingly, Fig. 5 (b) shows the cleaned-up drawing along with labeled 
structures, where only the cingulum is identified explicitly among the frontal structures. 
However, it remains ambiguous if the SAF and U-fibers connect, overlap or simply pass 
along as presented in the dissection. 
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from the midline. The range of 5-20 mm laterality from the midline emphasizes how precise 
measurements and slicing is required in order to localize the SAF, as revealed in Fig. 2 as 
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deem it possible that the narrow and specific location of the SAF have played a significant 
role in the scarcity of anatomical descriptions. Although depicted in several sources, the SAF 
was not explicitly identified or labeled previously, neither as an independent structure nor as 
part of a larger defined structure, pointing the evidence towards a newly described tract. 

However, we argue that the findings presented here are not detailed and substantial enough to 
unambiguously assess whether the SAF forms a multicomponent bundle with the U-fibers, or 
whether they are independent and just at very high proximity as presented in Fig 5. According 
to David et al (David et al., 2019a), dissection revealed a distinct WM structure with the same 
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additional sources could reveal supplementary insights. For instance, numerous sources were 
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of anatomical books and atlases. Secondly, the analysis was intrinsically Western-biased, due 
to the location of study, which took place within the Netherlands, and partially because 
Western medicine and anatomy have dominated the literature in the past centuries. One may 
argue, that to study and compare the anatomical knowledge regarding the SAF, different 
schools across the world should be considered.  

Independent investigations in the future are necessary for further assessing the SAF. As Fig. 2 
shows, slight laterality differences are present, which may catalyze further research into the 
topological organization of the SAF. Also, the mentioned multicompetent setup remains 
uncertain. Recent works on this topic showed that the cingulum bundle, SLF and several other 
WM bundles have complex and multicomponent architecture. Furthermore, it has been 
proposed that the SAF may be the outer branch of a larger organization, called the mesial 
longitudinal system (MesLS) (Mandonnet et al., 2018) similar to what others (Wang et al., 
2016) coined as the supracingulate or paracingulate pathways. Last, we have so far only 
discussed the structure of the SAF, while it is equally paramount to uncover its functional 
organization (Karolis et al., 2019) and role in the human connectome. 

Conclusions 

The neuroanatomical analysis presented here is in conjunction with the previous results of 
David et al. (David et al., 2019a) constitute a detailed investigation of the SAF. To date, the 
findings seem to point towards a genuine, newly described WM tract.  
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Table 1.  

Description of the classification results.

Title Author(s) Year of 
Publication 

Press or 
Publisher Language White 

matter
Relevant 

View
Identifiable 

Tract Labeled
SLF 
or U-

shaped

Type of 
presentation 

Atlas van de 
Anatomie - 
Zenuwstelsel en 
Zintuigen

W. Kahle, H. 
Leonhardt, & 
W. Platzer

1990 Sesam - Bosch en 
Keuning nv, Baarn Dutch Yes Yes Yes Yes Mostly 

SLF Drawing

Atlas of 
Topographical and 
Applied Human 
Anatomy, 1st and 3rd 
ed.

E. Pernkopf 
(edited by W. 
Platzer & H. 
Monsen)

1980 and 
1989

Urban & 
Schwarzenberg, 

printed by Kastner 
& Callwey, 

Munich 

German / 
English Yes Yes Yes Yes SLF

Dissection, 
Photography 
& Drawing

The Human Brain: a 
photographic guide

N. 
Gluhbegovic 
& T.H. 
Williams

1980 Harper & Row, 
Hagerstown English Yes Yes Yes No N.A.

Dissection, 
Photography
& Drawing

The Human Brain in 
Sagittal Section

M. Singer & 
P. I. Yakovlev 1954 Charles C Thomas 

Publisher English Yes Yes Yes No N.A. Staining

Atlas of Stereotaxic 
Anatomy of the 
Telencephalon: 
Anatomo-
radiological studies

J. Talairach & 
G. Szikla 1967 Masson & C 

Editeurs, Paris
French / 
English Yes Yes Yes No N.A.

Dissection, 
Photography
& Drawing

Diagnostic and 
Surgical Imaging 
Anatomy: Brain,
Head and Neck Spine

H. R. 
Harnsberger, 
A. G. Osborn, 
J. Ross, & A. 
Macdonald

2006 Amirsys Inc / 
Friesens English Yes Yes Yes Partial Partial

Dissection, 
Photography
& Drawing

Introduction to 
Human Anatomy A. H. Martin 1985 Thieme-Stratton 

Inc. New York English Yes Yes Yes No N.A. Staining

Atlas of Human 
Anatomy, 
Nomenclature in 
Latin, 9th ed.

J. Sobotta, ctd. 
by H. Becher, 
edited by H. 
Ferner & J. 
Staubesand

1978
reprint

Urban & 
Schwarzenberg, 

Munchen-Berlin-
Wien

Latin / 
English Yes No No No N.A.

Dissection, 
Photography
& Drawing

Gehirn und 
Ruckenmark: Ein 
Atlas der 
makroskopischen 
Anatomie des 
Zentralnervensystems

C. Maillot 1986 J.F. Bergmann 
Verlag, Munchen German Yes Yes No No N.A. Drawing

Computed 
Tomography of the 
Brain: Atlas of 
Normal Anatomy

G. Salamon & 
Y.P. Huang 1980

Springer-Verlag 
Berlin Heidelber 

New York
English Yes Yes No No N.A. CT

The Brain Atlas: A 
Visual Guide to the 
Human Central 
Nervous System

T. Woolsey, J. 
Hanaway, & 
M. Gado

2017
(originally 

2008) 

John Wiley & 
Sons Ltd English Yes Yes No No N.A.

Dissection, 
Photography, 

MRI &
Drawing

The Human Brain: 
An Introduction to its 
Functional Anatomy

J. Nolte
2009

(originally 
1981) 

Mosby Inc., 
affiliate of 

Elsevier Inc.
English Yes Partial No No N.A. Various

Imaging Anatomy of
the Human Brain: A 
Comprehensive Atlas 
Including Adjacent 
Structures 

N. Borden, S. 
Forseen, & C. 
Stefan

2016 Demos Medical 
Publishing, LLC English Yes Partial No No N.A. Various

Human Brain 
Anatomy in 
Computerized 
Images, 2nd ed.

H. Damasio 2005 Oxford University 
Press, Inc. English Yes Yes No No N.A. Various

Color Atlas of 
Anatomy: A 
Photographic Study 
of the Human Body, 
7th ed.

J. Rohen, C. 
Yokochi, E. 
Lutjen-
Drecoll, & K. 
Chung

2011 Schattauer GmbH, 
Stuttgart English Yes Partial No No N.A.

Dissection, 
Photography
& Drawing

Encyclopedia of the 
Human Brain

V.S. 
Ramachandran 2002 Elsevier Science 

Ltd. English Partial No No No N.A. Various
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Abstract

Background and purpose: Radiation-induced changes in brain tissue may relate to 
post-radiotherapy (RT) cognitive decline. Our aim is to investigate changes of the 
brain microstructural properties after exposure to radiation during clinical 
protocols of RT using diffusion MRI (dMRI). 

Methods and Materials: The susceptibility of tissue changes to radiation was 
investigated in a clinically heterogenic cohort (age, pathology, tumor location, 
type of surgery) consisting of 121 scans of 18 patients (10 females). The imaging 
dataset included 18 planning CTs and 103 dMRI scans (range 2-14, median = 6 
per patient) assessing pre-operative, post-operative pre-RT and post-RT states. 
Diffusion tensor imaging (DTI) metrics were estimated from all scans for a 
region-of-interest based linear relation analysis between mean dose and change in 
DTI metrics, while partial volume effects were regressed out.

Results: The largest regional dose dependency with mean diffusivity appear in the 
white matter of the frontal pole in the left hemisphere by an increase of 2.61 
%/(Gy x year). Full brain-wise, pooled results for white matter show fractional 
anisotropy to decrease by 0.85 %/(30Gy x year); mean diffusivity increase by 9.17 
%/(30Gy x year); axial diffusivity increase by 7.30%/(30Gy x year) and radial 
diffusivity increases by 10.63%/(30Gy x year). 

Conclusions: White matter is susceptible to radiation with some regional 
variability where diffusivity metrics demonstrate the largest relative sensitivity. 
This suggests that dMRI is a promising tool in assessing microstructural changes 
after RT, which can help in understanding treatment-induced cognitive decline. 

Introduction 

Radiation therapy (RT) is a common treatment procedure for both primary and metastatic 
tumors in the brain, often in combination with surgery and chemotherapy. As radiation impact 
is not selective to tumor cells, the efficacy of RT is hindered by the radiosensitivity of healthy 
surrounding tissue (Dawson and Jaffray, 2007; Kelley et al., 2016). The effect of radiation on 
brain tissue is dynamic and involves structures outside the targeted tumor volume, directly or 
indirectly (Schultheiss et al., 1995; Tofilon and Fike, 2000). Despite the substantial advances 
in RT technology and application (Baskar et al., 2012; Lagendijk et al., 2008), the regional 
differences in sensitivity to radiation dosing is not well-documented, which is especially true 
for white matter (WM) structures. Current clinical protocols include guidelines for maximum 
dose for brain parenchyma and several organs at risk for which the direct structure-function 
relationship is well-understood, or are visible on CT scans, e.g.: brain stem, optic chiasm, 
optic nerves, cochlea and hippocampi (Scoccianti et al., 2015). However, regional constraints 
on WM and other structures are not part of the standard consideration. 
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Diffusion MRI (dMRI) is the preferred non-invasive imaging technique to study WM 
structure in the brain (Assaf et al., 2019; Jeurissen et al., 2019; Lebel et al., 2019). The 
fundamental principle behind dMRI is that the Brownian motion of water molecules is 
dependent on the surrounding tissue structure (Kiselev, 2017). WM is a highly structured 
tissue type, which introduces diffusion anisotropy along a certain direction and restricts the 
extent of local diffusion. This is reflected in the diffusion tensor imaging (DTI) metrics, such 
as fractional anisotropy (FA) and mean, radial, and axial diffusivity (MD, RD, and AD, 
respectively), making dMRI a quantitative method to examine WM anatomy and its 
microstructural properties. Neuro-oncological research has placed dMRI as a potential 
technique for tumor diagnosis (Kono et al., 2001), surgical planning (Nimsky et al., 2005),
pre-treatment prediction of tumor response (Mardor et al., 2004), monitoring early efficacy of 
treatment (Chenevert, 2000) and early WM damage post-radiation (Price et al., 2003), and, 
more recently, late-delayed effects of RT on WM (Zhu et al., 2016). 

Radiation-induced WM damage has been reported to include axonal injury, demyelination, 
neuro-inflammation, and necrosis among others (Leeds et al., 2000; Nagesh et al., 2008; 
Wang et al., 2009). Importantly, these structural deficits seem to correlate in time with both 
verbal and non-verbal cognitive impairment, including executive functioning, working 
memory, visuospatial processing, and decision-making (Kerchner et al., 2012). In this context, 
radiation-induced cognitive impairment has been divided into multiple phases post-RT: acute 
(<2 weeks), early-delayed (2 weeks to 3 months) and late-delayed (6+ months). Notably, 
while acute and early-delayed symptoms and damage are mostly temporary, late-delayed 
damage is considered permanent (Balentova and Adamkov, 2015; Greene-Schloesser et al., 
2012; Makale et al., 2016). The introduced cognitive impairment currently occurs in 50-90% 
of survivors (Johannesen et al., 2003; Meyers and Brown, 2006), and this population is 
increasing with RT advancement (Krex et al., 2007; Minniti et al., 2008). The progressive 
decline affects the physical and mental health of long-term survivors and impairs the patients’ 
quality of life (QoL) (Greene-Schloesser et al., 2012; Makale et al., 2016). Therefore, a better 
understanding of the mechanism of post-irradiation cognitive decline is necessary. High RT 
doses (>60Gy) are well-documented to cause permanent damage, but emerging evidence 
shows that even at lower doses (<20Gy) late-delayed damage can still occur (Chapman et al., 
2012). Information on regional WM sensitivity to RT dosage in the long term is crucial for 
better RT planning and ensuring optimal QoL after treatment.

In this work, we aim to quantify the long-term or late-delayed effects of RT on brain tissue 
microstructures using dMRI. Specifically, we are interested in how the susceptibility of 
different structures to radiation varies across regions and dose levels. 

Materials and Methods

Cohort

We retrospectively identified patients who were treated with RT at the Department of 
Radiation Oncology, MD Anderson Cancer Center, University of Texas, Houston, Texas, 
USA. Patients were eligible for inclusion upon met the following criteria: inclusion of a pre-
RT MRI scan, which is defined as the baseline (BL) of a scan within one month of the RT 

start, and follow-up (FU) scans between 3 and 24 months to exclude the acute-early and very 
late effects. The selection resulted in 18 patients (10 females). All patients received intensity-
modulated RT (IMRT); most of them were treated to 60 Gy in 30 fractions, others were 
recalculated to a total equivalent dose in standard 2 Gy fractionation (EQD2) using 
biologically equivalent dose principles using the linear quadratic model with an α/β ratio of 2 
Gy (Barendsen, 1982). Detailed information of treatment and demographic factors are shown 
in Table 1. This study was approved by the institutional review board and informed consent 
was obtained from all subjects. 

Table 1. Demographics and tumor characteristics of the patients included in the cohort

Patient info Number of patients
Sex

Male 8
Female 10

Median age range (years) 56 (37-76)
Pathology (tumor type)

Anaplastic astrocytoma 2
Glioblastoma 13
Gliosarcoma 1
Oligodendroglioma 1
Progressive anaplastic oligodendroglioma 1

Tumor Location
Brain stem 1
Left frontal 5
Left frontoparietal 1
Left parietal 1
Left temporal 2
Right frontal 4
Right parietal 1
Right temporal 3

Surgery
Total resection 8
Subtotal resection 5
Craniotomy and resection 3
Partial resection 1
None 1

RT dose, Gy (fraction size)
60 (2) 14
57 (1.9) 2
54 (1.8) 1
50 (1.85) 1

Chemotherapy
Temodar 17
none 1
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Image acquisition

CT acquisition

The planning CT scans were acquired on a Philips Brilliance Big Bore scanner, with a tube 
potential of 120 kVp, matrix size of 512 × 512 × 87 and 0.98 × 0.98 × 3.0 mm3 voxel size. 

MRI acquisition

MR images were acquired at multiple time points for each patient on various GE Medical
Systems MRI scanners. The dataset included 103 dMRI scans (range 2-14, median = 6 per 
patient) acquired using 27 gradient directions with a diffusion weighting of b = 1200 s/mm2

and one b = 0 s/mm2. Other acquisition settings showed large heterogeneity between patients, 
but within each patient, the images were acquired on the same type of scanner. At 1.5T, 
examinations were performed with Signa Excite (in 6% of the 103 scans) and Signa HDxt 
(51%) scanners. For all 1.5T scans, the dMRI acquisition details were: TR = 10 s, TE = 102 
ms, voxel size: 0.86 mm × 0.86 mm × 6.5 mm in 58% of all scans. At 3T, the following 
scanners were employed: Signa Excite <1%, Signa HDx, 2%, Signa HDxt scanner 39%. For 
all 3T scans, the dMRI acquisition details were: TR = 8.75 s, TE = 91 ms, voxel size: 0.86 
mm × 0.86 mm × 3.5 mm in 42% of all scans. 

Image processing

All non-dMRI data were processed with in-house algorithms developed in Matlab 
(Mathworks, Natick, Massachusetts), whereas all dMRI data were processed with ExploreDTI
(Leemans et al., 2009). 

First, the CT images were cropped to increase registration performance and to reduce 
computational load in later stages. This step resulted in a bounding box around the skull, 
excluding the neck and the shoulders of the patients. The same cropping was applied for the 
dose, organs-at-risk (OaR) and planning, clinical, and gross target volume (TV) maps per
patient.

dMRIs were corrected for subject motion and eddy current distortions using the non-
diffusion-weighted image as the reference, whereupon all images were rigidly registered to 
the cropped CT image (Klein et al., 2010). In order to reduce the blurring effect of multiple 
registration procedures, the two transformations were concatenated into a single resampling 
step. During motion correction and subsequently during registration to the CT, the DW 
gradients were adjusted with the rotational element of the registrations (Leemans and Jones, 
2009). 

Robust estimation of the diffusion tensor model was performed with REKINDLE (Tax et al., 
2015). The region-of-interest (ROI) definition for the analysis was performed by non-linearly 
registering the ‘wmparc’ brain template and the associated atlas to every individual DWI scan 
(Kersbergen et al., 2014), which were already motion-corrected and co-registered to the CT 
scan. The mentioned atlas contains 179 labels covering the whole brain and is freely available 
in Freesurfer (Fischl, 2012). A graphical overview of the automated image processing 
pipeline is shown in Fig. 1. 

The processing pipeline generates DTI metrics based on atlas-defined ROIs in the native CT 
space, yielding high spatial alignment between anatomical and DTI data for each timepoint. 
Finally, equivalent dose in 2 Gy per fraction (EQD2) dose values and DTI metrics from 
multiple time points were accessible per ROI per patient. We computed the following DTI 
metrics per ROI: average of FA, MD, AD, RD; volume in mm3 and mean of the EQD2 dose. 
Examples of the CT-dMRI alignment are shown in Figs. 2/a-c, while Figs. 2/d-f show changes 
of the tissue and the tumor cavity after the start of RT with an exemplar 3D rendering of the 
inferior temporal white matter in the non-affected hemisphere.  

To avoid data contamination from tumor cavities, remaining cancerous tissue, or surgical 
scars, all ROIs that overlapped the GTV were excluded from the analysis. Also, ROIs 
covering the ventricles and cerebrospinal fluid CSF were ignored. Moreover, regions with the 
atlas label ‘Unsegmented White Matter’ were excluded due to its undefined nature. In total, 
16 of the original 179 labels were ignored and a total of 6.85% of the 18*163 regions were not 
included for further analysis.  

Fig. 1 Graphical overview of the image processing pipeline. First, the raw diffusion weighted images 
(DWIs) were registered to the very first non-DW image. Next, all images were further registered to the 
CT scan followed by a robust diffusion tensor estimation, which leads to the calculation of diffusion 
tensor imaging (DTI) scalars as fractional anisotropy (FA), mean-radial-axial diffusivity (MD, RD, 
and AD, respectively). A standard template from the Montreal Neurological Institute (MNI) and 
associated labels from Freesurfer were non-linearly registered to the already CT-coregistered DWIs. 
The registered labels allow an atlas-defined ROI based analyses of DTI metrics.
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Longitudinal analysis

Analyzing data from unequally time-spaced acquisitions can be challenging, given that 
standard statistical models of repeated measures are not applicable, like paired t-tests or 
ANOVAs. One solution is to perform regression analysis for every ROI in every patient with 
the following details: the timing of the follow-up scans is the independent variable, while the 
mean FA, MD, AD and RD per ROI are the dependent variables. The pre-RT MRI scan is 
defined as the baseline (BL) with day = 0. This calculation yields in the rate of change of the 
DTI metrics. In another pipeline, we included the volume of the ROIs as a covariate of no-
interest as Vos et al. showed that partial voluming can act as a hidden covariate in DTI 
analyses (Vos et al., 2011). Calculations described above were performed with FSL utility 
tool fsl_glm (Jenkinson et al., 2012). 

Fig. 2 Graphical overview of the image processing pipeline results. Panels a-b-c show the CT and 
dMRI alignment via fused CT - direction encoded color (DEC) maps in representative patients, where 
the background image is the planning CT and the colors show the locally dominant direction of 
diffusion via the DTI model. The intensity of the color was weighted with fractional anisotropy (FA), 
which suppresses the color in CSF, because FA is close to 0 in homogeneous media. White arrows 
pinpoint critical regions of alignment at (a) edge of the ventricles and gyrus, (b) interface of the brain-
skull, and at (c) ventricle – white matter interface. Red arrows show the tumor cavity, where the 
absence of strong anisotropic diffusion resulted in no color coding. In the bottom row: (d)-(e)-(f) show 
the changes of the tumor cavity of patient (b) with mean diffusivity (MD) as the background image. 
An example of an atlas region is shown in red: the 3D rendered region of the inferior temporal white 
matter in the non-affected hemisphere.

Next, the estimated coefficients from all four dMRI metrics were correlated with the mean 
EQD2 dose per ROI using a permutation test with 5000 iterations performed with the 

permutation analysis of linear models (PALM) toolbox version alpha104, a Matlab based 
open-source software package (Holmes et al., 1996; Nichols and Holmes, 2003; Winkler et 
al., 2014). We used nonparametric permutations as they proved efficient in eliminating false 
positive results when compared with parametric methods (Eklund et al., 2016). Significance 
of a correlation was determined at pcorr < 0.05 using family-wise error rate (FWER) 
adjustment to correct for multiple comparisons. Tail approximation was used for faster 
calculations (Winkler et al., 2016). Age at the time of the diagnosis and sex of the patients 
were included as nuisance regressors. An effect size measure, the Cohen’s D, is reported to 
grade the practical significance of the results (Wasserstein and Lazar, 2016). A graphical 
overview of the longitudinal analysis is shown in Fig. 3. Additionally, variance groups (VGs) 
were defined based on the number of scans per patient, since permutations are only valid 
within the same VG. Defining the VGs is needed because the variance of the changes in the 
metrics is not equal in all subjects and depends on the number of scans used. This introduces 
heteroscedasticity in the metrics, which we accounted for by limiting permutations via VGs. 

Fig. 3 Graphical overview of the longitudinal analysis. First, the motion-corrected dMRI metrics are 
grouped by atlas labels as well as doses. Regions that overlapped with the GTV were excluded from 
the analysis. The rate of metric change after RT was calculated for every region in every patient. The 
individual rates were then pooled to calculate the dose dependency of the metric changes. Repeating 
the procedure for all regions and metrics leads to whole brain dose-susceptibility maps.

Results 

Fig. 4 shows the whole-brain dose susceptibility map as measured with MD for those regions 
which were statistically significant using a critical p-value = 0.05 as significance threshold. In 
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metrics is not equal in all subjects and depends on the number of scans used. This introduces 
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the analysis. The rate of metric change after RT was calculated for every region in every patient. The 
individual rates were then pooled to calculate the dose dependency of the metric changes. Repeating 
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the majority of brain regions, MD increases with increasing dose. Also, some regional 
differences appear, with the largest dose dependencies in the anterior part of the Corpus 
Callosum by 1.77 % / (Gy x year); in the caudal anterior cingulate cortex (ACC) in the right 
hemisphere (also known as Brodmann areas 24, 32 and 33) by 1.78 % / (Gy x year); and in 
the white matter of the frontal pole (also known as Brodmann area 10) in the left hemisphere 
by 2.61 % / (Gy x year). Supplementary Figs. 1, 2 and 3 show the spatial distribution of dose 
susceptibility maps of FA, AD, and RD, respectively. Supplementary Fig. 4 shows the overall 
mean dose distribution, where mostly the deep grey matter (GM) regions received the highest 
dose on average. Supplementary Fig. 5, 6, 7, 8 and 9 shows the coefficients of change along 
with the 95% confidence interval for regions in the left hemisphere of the cortex; right 
hemisphere of the cortex; left hemisphere of the white matter; right hemisphere of the white 
matter; and the deep GM regions, along with the brainstem, segments of the corpus callosum
and the cerebellum; respectively.

Table 2. shows pooled results for 30 Gy per cortical GM, deep GM, and WM; with and 
without considering region volume as a covariate of no-interest. After accounting for volume, 
all metrics increased, which resulted in elevated diffusivity susceptibilities and a diminished 
FA-dose relation. Supplementary Table 1 shows the cohort-based mean values cortical GM, 
deep GM, and WM. In WM, FA shows hardly any response to the applied dose, whereas the 
increase in diffusivities shows larger susceptibility to dose than FA in all tissue types. The 
increase of RD in WM is nearly 50% greater than AD, meaning that the diffusivity increase 
perpendicular to the dominant fiber direction is much larger than the increase along the 
dominant direction for a given dose. In cortical GM, RD is nearly 15% higher than AD, 
whereas in deep GM, RD is 10% lower than AD. 

Fig. 4 Whole-brain dose-susceptibility map measured with MD, after significance thresholding. The 
color shading represents the effect size in terms of percentage change in a year per unit dose, while the 
background image is the MNI template (radiological view: left on the image is right in the brain and 
vice versa).

Table 2. Pooled percentage rates of tissue degradation with different DTI metrics

With ROI volume as nuisance Without ROI volume as nuisance
Change (% / (30 Gy x year) ) Change (% / (30 Gy x year) )

DTI metric FA MD AD RD FA MD AD RD
Cortical GM -2.31 8.55 7.81 8.96 -3.82 7.31 6.26 8.04
Deep GM 2.43 7.92 8.07 7.41 -3.79 6.46 5.54 6.81
WM -0.85 9.17 7.30 10.63 -2.39 8.22 6.18 9.73

Discussion 

In this work, we presented a systematic ROI-based analysis of microstructural properties of 
the brain in patients after cranial RT. The results show that the changes estimated with DTI 
are tissue-dependent and are much more pronounced in the diffusivity metrics (MD, AD and 
RD) than in FA. Studies on tissue-dose interaction, as the current one, aid in understanding 
radiation-induced cognitive decline, which may be the consequence of, but not restricted to, 
demyelination and loss of axonal integrity with increasing radiation doses. Research in 
neuroscience, especially on aging and cognitive impairment have already established a link 
between WM properties as determined with DTI and mental health of the participant 
(Okoukoni et al., 2017). Information about regional sensitivity to RT is the first step towards 
new cognition-sparing radiation treatment planning resulting in lower adverse side effects.  

Volume changes in brain structures have been well-studied because of their potential link to 
cognitive functions, such as the volume-memory relationship in the hippocampus (Devanand 
et al., 2007; Du et al., 2001; Jack et al., 1999; Shi et al., 2009). RT-related changes in 
hippocampal volume seem to be consistent, show dose-dependency, and correlate with 
follow-up memory assessments, thereby promoting the hippocampal volume as an important 
biomarker and an organ to protect from radiation (Blomstrand et al., 2014; Hong et al., 2017; 
Makale et al., 2016; Martin et al., 2017; Nolen et al., 2016; Okoukoni et al., 2017). In 
summary, region volume is affected by RT and for this reason we incorporated volume as a 
nuisance during statistical inference. This led to increase of all metric change rates and 
resulted in having the largest effect on FA. It confirms the findings of Vos et al (Vos et al., 
2010) that the volume of a bundle or region can act as a hidden covariate in quantitative 
analyses. Furthermore, the effects of partial voluming on FA are remarkable; neglecting it 
would lead to a conceptually different outcome. The partial volume effects (PVE) are reduced 
in the DTI metric changes, therefore the results represent only the microstructural-related 
changes as estimated with DTI. Studies neglecting PVEs are prone to unreliable analysis. To 
the best of our knowledge, previous works on regional tissue sensitivity to RT discuss 
volumes only within ROIs receiving certain dose levels or aim to avoid PVE by restricting the 
masking to connected voxels that only include WM structure by excluding voxels with FA 
lower than 0.2 (Chapman et al., 2012; Connor et al., 2017; Zhu et al., 2016). 

Previous studies investigating tissue properties with dMRI and radiation are in line with our 
work: an overall decrease of FA and an increase of the various diffusivities (Haris et al., 2008; 
Khong et al., 2003; Ravn et al., 2013; Welzel et al., 2008). The exact underlying mechanisms 
are ambiguous, since changes of FA are not specific to one well-defined procedure, like 
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follow-up memory assessments, thereby promoting the hippocampal volume as an important 
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summary, region volume is affected by RT and for this reason we incorporated volume as a 
nuisance during statistical inference. This led to increase of all metric change rates and 
resulted in having the largest effect on FA. It confirms the findings of Vos et al (Vos et al., 
2010) that the volume of a bundle or region can act as a hidden covariate in quantitative 
analyses. Furthermore, the effects of partial voluming on FA are remarkable; neglecting it 
would lead to a conceptually different outcome. The partial volume effects (PVE) are reduced 
in the DTI metric changes, therefore the results represent only the microstructural-related 
changes as estimated with DTI. Studies neglecting PVEs are prone to unreliable analysis. To 
the best of our knowledge, previous works on regional tissue sensitivity to RT discuss 
volumes only within ROIs receiving certain dose levels or aim to avoid PVE by restricting the 
masking to connected voxels that only include WM structure by excluding voxels with FA 
lower than 0.2 (Chapman et al., 2012; Connor et al., 2017; Zhu et al., 2016). 

Previous studies investigating tissue properties with dMRI and radiation are in line with our 
work: an overall decrease of FA and an increase of the various diffusivities (Haris et al., 2008; 
Khong et al., 2003; Ravn et al., 2013; Welzel et al., 2008). The exact underlying mechanisms 
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demyelination, scarification (Budde et al., 2011) and axonal loss (Douaud et al., 2011).
However, some relations are possible to recover. The appearance of edema reduces FA while 
it increases MD (Mac Donald et al., 2007; Walker et al., 2014), which is a result of increased 
presence of free water (Pasternak et al., 2016). With the measurements of AD and RD, it is 
possible to look into the change of diffusivities in depth. RD is 50% more sensitive to 
radiation than AD in WM, meaning that diffusion becomes increasingly isotropic with a 
progressive dose. These finding are consistent with previous studies, confirming that the 
increase in RD overcomes the increase in AD (Connor et al., 2017; Nagesh et al., 2008).
Similarly, an increase in RD has been suggested to relate to demyelination in human (Trivedi 
et al., 2012) and animal (Wang et al., 2009) RT studies. It is important to note that, while 
cortical and deep GM show large relative changes in FA, these changes are negligible in 
absolute terms since FA in GM is close to 0 due to the absence of anisotropic media at the 
typical acquisition resolution. 

Regional differences appear, but it remains doubtful whether these are genuine or artefactual 
as previous examples pooled the bilateral regions into a single one, forcing symmetrical 
results (Connor et al., 2017). Clearly, the environment for testing tissue susceptibility to dose 
is not equal for all regions as dose distribution is non-homogeneous. Much larger clinical 
cohorts are necessary in the future to selectively balance out this tendency, which originates 
from the spatial heterogeneity of brain tumors (Larjavaara et al., 2007; Tang et al., 2017; 
Wijnenga et al., 2019). 

Tissue changes after radiotherapy can be also addressed via analyzing T1-weighted (T1w) 
images. In this work, however, we excluded the T1w scans from the analysis because of 
highly anisotropic voxel sizes. The larger slice thickness will cause significant PVEs that will 
impede a meaningful morphometric analysis. New guidelines (S. H. J. Nagtegaal et al., 2019)
have been proposed to set up robust acquisition protocols and processing pipelines to tackle 
volumetric (Huynh-Le et al., 2019) and surface features (e.g., cortical thickness (S. Nagtegaal 
et al., 2019)). T1-based brain analysis has a long history in neuroscience, revealing similar 
changes to RT as in healthy aging, but in a period of decades as opposed to our maximum 24 
months long follow-up period (Nobis et al., 2019). Accelerated aging as a consequence of RT 
has been also described by non-MRI studies investigating physiologic frailty (Ness et al., 
2013) and accelerated neurocognitive function decline (Mandelblatt et al., 2013). 

For the modeling of tissue changes we assumed a linear relationship between the tissue 
characteristics and time passed since RT. We further assumed that tissue change relates 
linearly to the applied dose. While this framework is widely applied by the RT-community 
(Chapman et al., 2012; Connor et al., 2017; Seibert et al., 2017; Zhu et al., 2016), these 
assumptions may only approximate the true underlying relations. Further biophysical 
modeling is necessary to establish a more accurate representation of the tissue-dose relation 
and, in turn, to provide a better understanding of the underlying tissue breakdown 
mechanisms (Fjell et al., 2010). 

In this study, we considered the relation of DTI metrics and radiation, which - regardless of 
the significance of the association - does not necessarily translate into clinically significant 
effects. Furthermore, it provides no information of the disturbed functionality of the regions, 
as one may consider that a certain change in, for instance, the hippocampi can have different 
consequences than the same change in the temporal cortex.

The current study uses DTI as a means of diffusion modeling. However, it has been implied 
that DTI has some critical limitations, like the inability to resolve crossing fibers (Jeurissen et 
al., 2013; Vos et al., 2012). Recent developments in diffusion MRI suggest (David et al., 
2019a) that more advanced models than DTI, like diffusional kurtosis imaging (Mesri et al.,
2018; Szczepankiewicz et al., 2013; Umesh Rudrapatna et al., 2014) or spherical 
deconvolution (Dell’Acqua et al., 2010; Sinke et al., 2018; Tournier et al., 2011), should be 
taken into consideration. 

Conclusion 

In this work, we investigated radiation-induced changes in the brain measured with DTI in a 
clinical population. Our findings suggest that radiation-caused damage of brain tissue follows 
a similar process as aging, but in a much faster fashion. Future studies should incorporate 
auxiliary modalities as functional MRI or perfusion mapping (Philippens and García-Álvarez, 
2019) as well as behavioral and cognitive tests for a more detailed investigations to reveal the 
causal relationship between changed tissue characteristics and changes in mental health.

Supplementary Materials

Suppl. Fig. 1 Whole brain dose-susceptibility map measured with FA, after significance thresholding. 
The color shading represents the effect size in terms of percentage change in a year per unit dose, the 
background image is the MNI template (radiological view: left on the image is right in the brain and 
vice versa).
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Supplementary Fig. 2 Whole brain dose-susceptibility map measured with AD, after significance 
thresholding. The color shading represents the effect size in terms of percentage change in a year per 
unit dose, the background image is the MNI template (radiological view: left on the image is right in 
the brain and vice versa).  

Supplementary Fig. 3 Whole brain dose-susceptibility map measured with RD, after significance 
thresholding. The color shading represents the effect size in terms of percentage change in a year per 
unit dose, the background image is the MNI template (radiological view: left on the image is right in 
the brain and vice versa).

Supplementary Fig. 4 Cohort-based grand mean dose map. The background image is the MNI 
template (radiological view: left on the image is right in the brain and vice versa). 

Suppl. Fig. 5 Results of the region-of-interest based DTI metric - dose sensitivity analysis. Regression 
coefficients with the 95% confidence intervals (CI) are shown for regions in the left hemisphere of the 
cortex. If the CI does not contain zero, statistical significance is signified. 
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Supplementary Fig. 6 Results of the region-of-interest based DTI metric - dose sensitivity analysis. 
Regression coefficients with the 95% confidence intervals (CI) are shown for regions in the right 
hemisphere of the cortex. If the CI does not contain zero, statistical significance is signified. 

Supplementary Fig. 7 Results of the region-of-interest based DTI metric - dose sensitivity analysis. 
Regression coefficients with the 95% confidence intervals (CI) are shown for regions in the left 
hemisphere of the white matter. If the CI does not contain zero, statistical significance is signified.

Supplementary Fig. 8 Results of the region-of-interest based DTI metric - dose sensitivity analysis. 
Regression coefficients with the 95% confidence intervals (CI) are shown for regions in the right 
hemisphere of the cortex. If the CI does not contain zero, statistical significance is signified.
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Supplementary Fig. 8 Results of the region-of-interest based DTI metric - dose sensitivity analysis. 
Regression coefficients with the 95% confidence intervals (CI) are shown for regions in the right 
hemisphere of the cortex. If the CI does not contain zero, statistical significance is signified.
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Supplementary Fig. 9 Results of the region-of-interest based DTI metric - dose sensitivity analysis. 
Regression coefficients with the 95% confidence intervals (CI) are shown for regions in the deep GM, 
along with the brainstem, segments of the corpus callosum and the cerebellum. If the CI does not 
contain zero, statistical significance is signified.

Supplementary Table 1. Cohort-based mean values of different DTI metrics

 
Cohort mean DTI metrics 

DTI metric FA MD (x 10-4 mm2/s) AD (x 10-4 mm2/s) RD (x 10-4 mm2/s) 
Cortical GM 0.19 10.67 12.43 9.79
Deep GM 0.21 11.03 13.59 9.75
WM 0.48 9.24 12.04 7.84
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Abstract

Aggression after military deployment is a common complaint and is associated 
with a dysfunction in a network connecting brain regions implicated in threat 
processing and emotion regulation. The uncinate and arcuate fasciculi form an 
integral part of the emotion regulation circuit, thus studying potential 
abnormalities in these white matter connections can further our understanding of 
anger and aggression problems in military veterans. In this study, we use diffusion 
tensor imaging tractography to investigate white matter microstructural properties 
of the uncinate fasciculus and the arcuate fasciculus in veterans with and without 
anger and aggression problems. More specifically, fractional anisotropy (FA) 
estimates are derived along the trajectory of both fiber pathways and compared 
between both groups. No between-group FA differences are observed for the 
uncinate fasciculus, however parts of the arcuate fasciculus that show a 
significantly lower FA in the group of veterans with aggression and anger 
problems. Our data therefore suggest that abnormalities in arcuate fasciculus 
white matter connectivity that are related to self-regulation may play an important 
role in the etiology of anger and aggression in military veterans.  

Introduction 

Anger and aggression problems are frequently reported in veterans after military deployment 
(Heesink et al., 2015; Reijnen et al., 2015). These problems hardly diminish over time 
(Heesink et al., 2015) and even often remain after treatment (Shin et al., 2012). These findings 
underline the importance of research into the etiology of anger and aggression in order to 
improve treatment strategies. 

Functional connectivity studies in populations with anger and aggression have found evidence 
of reduced inhibitory interactions between frontal areas and the amygdala (Best et al., 2002; 
Coccaro et al., 2007). Furthermore, brain systems involved in emotional processing and 
attention are implicated in anger and aggressive behavior (Blair, 2016). These functional 
differences involving emotional processing, cognitive control and attention might involve 
structural abnormalities in white matter connectivity. Diffusion tensor imaging (DTI) studies 
in impulsive aggression are scarce. The available data suggest a role for the uncinate 
fasciculus (UF) and the superior longitudinal fasciculus (SLF). The UF connects the frontal 
lobe and temporal pole structures including the amygdala (Catani et al., 2002; Schmahmann et 
al., 2007) and is related to the use of social-emotional information in decision making (Von 
Der Heide et al., 2013). A recently published systematic review showed that in adults with 
antisocial disorder, the diffusion characteristics of the UF are altered (Waller et al., 2017).
Furthermore, white matter abnormalities of the UF have been linked to aggressive behavior in 
non-clinical populations of adults (Peper et al., 2015).  

The SLF is a white matter tract that connects frontal and posterior regions and has been found 
to be related to attention (A. Kamali et al., 2014; Schmahmann et al., 2007). In a population 
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differences involving emotional processing, cognitive control and attention might involve 
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in impulsive aggression are scarce. The available data suggest a role for the uncinate 
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lobe and temporal pole structures including the amygdala (Catani et al., 2002; Schmahmann et 
al., 2007) and is related to the use of social-emotional information in decision making (Von 
Der Heide et al., 2013). A recently published systematic review showed that in adults with 
antisocial disorder, the diffusion characteristics of the UF are altered (Waller et al., 2017).
Furthermore, white matter abnormalities of the UF have been linked to aggressive behavior in 
non-clinical populations of adults (Peper et al., 2015).  
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140298_Szabolcs David_BNW.indd   125140298_Szabolcs David_BNW.indd   125 27-11-19   11:0427-11-19   11:04



126 

Chapter 07 | DTI in veterans with aggressive behavior

126 

Chapter 07 | DTI in veterans with aggressive behavior

with intermittent explosive disorder (IED), abnormal white matter microstructure, as 
expressed by altered fractional anisotropy (FA) values, was found in an area linked to the SLF 
(Lee et al., 2016). In a non-clinical adolescent sample, lower FA values in this tract were 
linked to aggressive acts (Karlsgodt et al., 2015). One bundle in the SLF, the arcuate 
fasciculus (AF), is of particular interest to the current study. The AF is related to cognitive 
functioning and language (A. Kamali et al., 2014; Schomers et al., 2017), while deficits in 
language are a risk factor in anger and aggression (Miller et al., 2008; Teten et al., 2010).
Lower FA values in the AF have been linked to mood disorders (Spitz et al., 2017). To the 
best of our knowledge, DTI studies on aggression focusing on the AF have not yet been 
performed.

The aim of the current study is to determine whether tissue microstructure, of the AF or the 
UF, as assessed with the FA, is related to anger and aggression. Tract pathways were 
reconstructed using fiber tractography, and comparisons of the FA of whole tracts and 
segments of tracts were compared between veterans with anger and aggression and a control 
group of veterans who had also been in combat but did not suffer from anger and aggression 
problems. 

Methods 

Participants

This study included 29 male veterans with anger and aggression (Aggression group) and 30 
control veterans (Control group). Participants in the Aggression group were recruited via their 
psychologists/psychiatrists at one of the outpatient clinics of the Military Mental Health Care 
Institute or via advertisements in the waiting room and newsletters for veterans. Control 
participants were recruited by advertisements or had participated in previous studies. The two 
groups were matched for number of deployments, education and age. Inclusion criteria for the 
Aggression group were based on the four research criteria for impulsive aggression described 
by Coccaro (2012): 1) Verbal or physical aggression towards other people occurring at least 
twice weekly on average for one month; or three episodes of physical assault over a one year 
period; 2) the degree of aggressiveness is grossly out of proportion; 3) the aggressive behavior 
is impulsive (not premeditated); 4) the aggressive behavior causes either distress in the 
individual or impairment in occupational or interpersonal functioning (Coccaro, 2012).
Inclusion criteria for the Control group were 1) no current DSM-IV diagnosis; 2) no history of 
pathologic aggressive behavior. 

All participants signed an informed consent form before participation and after complete 
written and verbal explanation of the study. This study was approved by the Medical Ethical 
Committee of the University Medical Center Utrecht and was performed in accordance with 
the Declaration of Helsinki.

Interview and questionnaires

The Dutch version of the International Neuropsychiatric Interview (MINI) was used in order 
to screen for the presence of comorbid psychiatric disorders (Overbeek et al., 1999). The 

complete MINI was administered. In this interview the following current or life-time 
disorders were screened: depressive disorder, dysthymia, suicidal risk, (hypo)manic disorder, 
panic disorder, anxiety disorder, agoraphobia, social phobia, obsessive compulsive disorder, 
PTSD, alcohol or drug dependence and/or abuse, psychotic disorders, anorexia nervosa, 
bulimia nervosa, generalized anxiety disorder, antisocial personality disorder, somatization 
disorder, hypochondria, body dysmorphic disorder, pain disorder, attention deficit 
hyperactivity disorder (ADHD), and adjustment disorder.  

Fig. 1 Configurations of regions-of-interest (ROIs) that are used for tractography to segment the right 
arcuate (sagittal: A and coronal: B) and the right uncinate (sagittal: C and coronal: D) fasciculi in a 
representative subject. The ROIs are shown in red and the tracts in green with the fractional anisotropy 
as the background map. 

To measure anger and aggression, two questionnaires were administered. First, the Dutch 
version of the State-Trait Anger Expression Inventory-revised (STAXI-2; Hovens, 
Rodenburg, & Lievaart, 2015, Spielberger, 1999) was used. The STAXI-2 consists of 57 
items on a 4-point Likert scale and is divided into two subscales: State Anger and Trait Anger. 
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Furthermore, the Dutch translation of the Buss-Perry Aggression Questionnaire (AQ) (Buss 
and Perry, 1992; Meesters et al., 1996) was administered. The AQ consists of 29 items on a 5-
point Likert scale and is divided into 4 subscales: Physical Aggression, Verbal Aggression, 
Anger and Hostility.  

Table 1 Demographics of the Anger and the Control group 

Anger group (N=29) Control group (N=30)

Mean (SD) Mean (SD) Statistics

Age (years) 36.28 (6.31) 34.53 (7.59) t (1,57) = 0.96, ns

Education 4.21 (0.62) 4.2 (0.81) t (1,57) = 0.04, ns

Number of deployments 2.07 (1.16) 2.37 (1.25) t (1,57) = -0.95, ns

STAXI-2

State Anger 24.07 (11.30) 15.20 (0.76) t (1,57) = 4.29, p < 0.001

Trait Anger 23.03 (7.01) 12.13 (2.47) t (1,57) = 8.02, p < 0.001

Aggression Questionnaire

Physical aggression 30.07 (7.48) 18.47 (4.55) t (1,57) = 7.22, p < 0.001

Verbal aggression 15.66 (3.97) 11.3 (1.54) t (1,57) = 5.60, p < 0.001

Anger 24.48 (5.34) 11.17 (2.49) t (1,57) = 12.35, p < 0.001

Hostility 24.24 (7.00) 11.87 (3.41) t (1,57) = 8.68, p < 0.001

SD = standard deviation; STAXI-2 = State Trait Aggression Inventory-revised. 

Data acquisition

All datasets were acquired using a 3T MRI scanner (Philips Medical System, Best, The
Netherlands). Two diffusion MRI scans were collected; one with posterior-anterior (PA) and 
one with anterior-posterior (AP) phase-encoding directions, each with one non-diffusion 
weighted image (b = 0 s/mm2) and 30 diffusion-weighted images (b = 1000 s/mm2), where the 
distribution of the diffusion-weighted gradients was based on work by Jones et al. (Jones et 
al., 1999). The acquisition settings were: TR = 7057 ms, TE = 68 ms, voxel size = 1.875 x 
1.875 x 2 mm3, 75 slices, and slice thickness = 2 mm without gap, FOV = 240 x 240 mm2,
matrix size = 128 x 128. Details of the T1 weighted anatomical scan: TR = 10 ms, TE = 4.6 
ms, flip angle = 8°, voxel size = 0.8 x 0.8 x 0.8 mm3, FOV = 240 x 240 mm2, matrix size = 
304 x 299. 

Data processing

The diffusion MRI data sets were processed using FSL (v5.0.9) (Jenkinson et al., 2012) and 
ExploreDTI (v4.8.6) (Leemans et al., 2009). First, susceptibility distortions were estimated 
with topup (Andersson et al., 2003) which were an input for eddy (Andersson and 

Sotiropoulos, 2016) to correct for motion, geometrical distortions and rotation of the diffusion 
gradient orientations (Leemans and Jones, 2009). Other settings of eddy were left at default 
values. Robust extraction of brain tissue was executed with BET (Smith, 2002). DTI 
estimation was performed using REKINDLE (Tax et al., 2015). Whole brain tractography was 
performed with the following parameter settings: seed FA threshold = 0.2, angle threshold = 
30° (Basser et al., 2000).  

Fig. 2 Reconstructed fiber bundles of both left and right uncinate (UF) and arcuate (AF) fasciculi from 
ten representative subjects.

Reconstruction of both AFs (left and right) were performed by placing two Boolean “AND” 
regions of interest (ROIs) (Catani et al., 2002; Conturo et al., 1999; Wakana et al., 2007). The 
first ROI was placed on the most posterior coronal slice showing the fornix on the midline in 
order to include the pathways laterally to the corona radiata trajectories running towards the 
frontal lobe. The second ROI was placed on a sagittal slice to include the pathways going 
towards the temporal lobe. Figure 1 (A, B) shows the positions of the ROIs for the 
reconstruction of the AF.  

Reconstruction of the UF (left and right) was performed by placing two Boolean “AND” 
ROIs on the most posterior coronal slice, where the temporal and frontal lobes were separated 
(Catani et al., 2002; Conturo et al., 1999; Wakana et al., 2007). The first ROI included the 
entire temporal lobe, and the second ROI included all pathways running towards the frontal 
lobe. Obvious artifacts (lines running towards the occipital lobe or lines over the midline) 
were removed by “NOT” ROIs. Figure 1 (C, D) shows the positions of the ROIs for the 
reconstruction of the UF. 

The mean FA values over the whole tracts were computed. Furthermore, an along-tract 
analysis was performed in order to investigate the properties of the tract pathways along the 
entire trajectory as described previously (Colby et al., 2012; O’Hanlon et al., 2015; Yael D. 
Reijmer et al., 2013; Szczepankiewicz et al., 2013). For both the AF and UF, the three 
positions at the ends of the pathways were excluded from the analyses to minimize partial 
volume effects (Vos et al., 2011).  
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entire temporal lobe, and the second ROI included all pathways running towards the frontal 
lobe. Obvious artifacts (lines running towards the occipital lobe or lines over the midline) 
were removed by “NOT” ROIs. Figure 1 (C, D) shows the positions of the ROIs for the 
reconstruction of the UF. 

The mean FA values over the whole tracts were computed. Furthermore, an along-tract 
analysis was performed in order to investigate the properties of the tract pathways along the 
entire trajectory as described previously (Colby et al., 2012; O’Hanlon et al., 2015; Yael D. 
Reijmer et al., 2013; Szczepankiewicz et al., 2013). For both the AF and UF, the three 
positions at the ends of the pathways were excluded from the analyses to minimize partial 
volume effects (Vos et al., 2011).  
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Statistical analyses

Mean FA values of the left and right UF and AF were compared between groups using the 
following two-step approach. First, between-group t-tests were performed for each segment 
along the tract separately. Second, permutation tests were performed in order to test whether 
the length of sequences of consecutive nominally significant segments was above chance 
level. The null-hypothesis distribution of this nominally-significant sequence length was 
determined using permutation tests as presented in a previous study (Gladwin et al., 2016).
Permutation tests allow a simple and valid approach to estimate distributions involving non-
independent tests (Eklund et al., 2016; Nichols and Holmes, 2002), such as those for different 
positions in the current analyses. The permutation procedure consisted of randomizing group 
assignment, and was done for 10000 permutations. From these permutations, a null-
hypothesis distribution of the longest sequence of consecutive nominally significant segments 
over the whole tract was computed and used to test observed sequence lengths. Using this 
approach, false positive rate is controlled for over the whole fiber trajectory. 

Fig. 3 Schematic overview of the along-tract analysis for the uncinate fasciculi (UF). An example of 
the left and right UF is shown in A and B. C and D show the FA values along the left and right UF, 
respectively.

Results 

Demographics

The groups do not differ on age, education, number of deployments, and time since last 
deployment (all p’s > 0.10). As expected, the Aggression group shows significantly higher 

scores on all anger and aggression measures compared to the Control group. Table 1 shows 
statistics of the demographic data and questionnaire data.  

Fig. 4 Schematic overview of the along-tract analysis in the arcuate fasciculi (AF). An example of the 
left and right AF is shown in A and B. C and D show the FA values along the left and right AF 
respectively, where the black lines highlight significant differences between the two groups. 

Mean FA values per tract

Reconstruction of the left and right UF was possible in all participants. Tracking of the left 
AF failed in six participants and tracking of the right AF in one participant. Figure 2 shows 
the tracking results of ten representative subjects. Between the groups there are no significant 
differences in mean FA values for each fiber bundle (UF right: T(57) = 0.120, p = 0.91; UF 
left: T(57) = 0.193, p = 0.85; AF right: T(56) = 1.123, p = 0.27; AF left: T(51) = 0.934, p =
0.36).  

Along-tract analyses

Uncinate fasciculus

Between group t-tests showed one nominally significant difference along the right UF tract 
pathway (T(57)= 2.05, p = 0.045, uncorrected). However, this was not sufficient to achieve 
whole-tract significance using the permutation test. The left UF showed no significant 
differences along the tract pathway (all p-values > 0.20). The FA values along the right and 
left UF are depicted in Fig. 3.
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Arcuate fasciculus

Fig. 4 shows the between group t-test results for both the right and left AF tract. Significant 
differences on the left AF were found at 66 mm (T(51) = 2.196, p = 0.03), 68 mm (T(51) = 
2.301, p = 0.03), 70 mm (T(51) = 2.124, p = 0.04), 74 mm (T(51) = 2.107, p = 0.04), 76 mm 
(T(51) = 2.569, p < 0.01), 78 mm (T(51) = 2.910, p = 0.005) and at 80 mm (T(51) = 2.615, p <
0.01), where the positions are measured from the anterior end of the tracts. Permutation tests 
showed that this number of consecutive significant points was significant (p = 0.019). The FA 
values along the right and left AF are depicted in Figure 3. Significant differences on the right 
AF were found at 32 mm (T (56) = 2.170, p = 0.03), 34 mm (T (56) = 2.536, p = 0.01), 36 mm 
(T (56) = 2.782, p = 0.01), 38 mm (T (56) = 2.647, p = 0.01) and at 40 mm (T (56) = 2.167, p
= 0.03). Permutation tests showed that this number of consecutive significant points did not 
reach the threshold for significance (p = 0.091). 

Discussion 

This study was performed to test whether combat veterans with anger and aggression differed 
in white matter structure in the UF and AF from combat veterans without anger and 
aggression. The UF and AF play a role in the regulation of emotion and attention and are 
therefore of interest in anger and aggression. No differences between the two groups were 
found in the UF, but evidence for lower FA estimates in the AF was found in the veterans 
with anger and aggression.  

The AF connects the dorsolateral prefrontal cortex with posterior parietal regions and runs 
alongside the SLF (Makris et al., 2005). The frontal cortex receives visuospatial information 
from the parietal cortex through this tract and this information plays a role in memory, 
attention and cognitive control (Makris et al., 2005). Using tract-based spatial statistics, 
altered white matter microstructure was also reported for the AF in Intermittent Explosive 
Disorder (IED), a psychological disorder characterized by impulsive aggression (Lee et al., 
2016). The finding of lower FA values within the AF for the Aggression group in the current 
study provides further evidence that white matter organization within this area plays an 
important role in anger and aggression. 

The role of the AF is primarily related to cognitive functioning and language (Schomers et al., 
2017). One study related lower FA values in the AF to alexithymia, a condition characterized 
by reduced emotional self-awareness (Kubota et al., 2012). Anger and aggression in veterans 
have been linked to alexithymia as well (Miller et al., 2008; Teten et al., 2008). Furthermore, 
in autism, a link between lower FA values in the AF and mentalizing systems was reported 
(Kana et al., 2014). Together, these findings point towards disturbances in insight, 
interpretation and the cognitive control of emotions in veterans with anger and aggression. 
Additionally, weak verbal abilities may reduce an individual’s ability to deal with problems in 
a non-violent manner. 

No differences in FA values along the UF were found in the current study. In a previous study 
in healthy individuals, no link was found between UF microstructure and trait aggressiveness 

(Beyer et al., 2014). Further, in a study with IED patients, no differences in white matter in
brain areas corresponding to the UF were found as well (Lee et al., 2016). Altered UF
microstructure is however related to antisocial behavior (Waller et al., 2017) and especially
psychopathy (Craig et al., 2009). In this context, disconnection studies of Phineas Gage
revealed that his aggressive behavior was related to the damage of the UF (Thiebaut de
Schotten et al., 2015; Van Horn et al., 2012). The relationship between UF organization and
aggressive behavior might depend on whether the aggression is antisocial or instrumental in
nature. The current population of veterans is characterized by impulsive aggression rather
than psychopathic behavior, potentially explaining the absence of effects for the UF. 

The cross-sectional nature of the current study gives no information regarding whether the
abnormal microstructure of the AF in veterans with anger and aggression is a cause or a
consequence of the problems with anger and aggression or experiences during deployment.
This needs to be addressed in future studies. Furthermore, research into the etiology of anger
and aggression in military veterans needs to be extended beyond fronto-limbic dysfunction. 
Brain networks involved in attention and executive functioning, including prefrontal and 
parietal cortex (Van Hecke et al., 2013; Wager and Smith, 2003), may play an important role
as well, as shown by abnormal white matter microstructure in parietal regions of the SLF
(Karlsgodt et al., 2015). The current study also shows that analysis of a diffusion measure of
interest along the tract, instead of one global estimate per tract, is valuable, as this kind of
analysis can be more sensitive in detecting subtle differences in fiber tract microstructure.

While DTI based fiber tractography (Basser et al., 2000; Mori et al., 1999) is still the most 
widely used approach in a clinical setting, there are nowadays more accurate approaches to
compute fiber orientations, such as those based on spherical deconvolution approaches
(Dell’Acqua et al., 2010; Jeurissen et al., 2019; Tax et al., 2014; Tournier et al., 2007). In
regions with crossing fiber configurations, these advanced tractography techniques have been 
shown to provide more reliable reconstructions of white matter fiber pathways (De Schotten
et al., 2011; Jeurissen et al., 2011; Kenney et al., 2017; Rojkova et al., 2016; Thiebaut de
Schotten et al., 2012). In this context, scalar measures derived from DTI, such as the mean
diffusivity or the FA used in this work, are also non-specific in regions with multiple crossing
fiber pathways and are prone to partial volume effects (Jeurissen et al., 2013; Vos et al., 2012, 
2011). With higher angular resolution diffusion MRI acquisitions becoming more and more
available in the clinical realm, future work may incorporate more direct and tract-specific
measures for studying potential white matter abnormalities in military veterans with problems
of anger and aggression (Dell’Acqua et al., 2013; Raffelt et al., 2012).

This study contributes to the understanding of the interplay between information processing 
and microstructural white matter tissue organization in veterans with anger and aggressive 
behavior. Disturbances in networks responsible for attention, understanding and verbal
working memory may render individuals more vulnerable to aggression. Knowledge about the
underlying neural substrate could ultimately be used to facilitate target interventions of such
vulnerabilities.
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consequence of the problems with anger and aggression or experiences during deployment. 
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Brain networks involved in attention and executive functioning, including prefrontal and 
parietal cortex (Van Hecke et al., 2013; Wager and Smith, 2003), may play an important role 
as well, as shown by abnormal white matter microstructure in parietal regions of the SLF 
(Karlsgodt et al., 2015). The current study also shows that analysis of a diffusion measure of 
interest along the tract, instead of one global estimate per tract, is valuable, as this kind of 
analysis can be more sensitive in detecting subtle differences in fiber tract microstructure. 

While DTI based fiber tractography (Basser et al., 2000; Mori et al., 1999) is still the most 
widely used approach in a clinical setting, there are nowadays more accurate approaches to 
compute fiber orientations, such as those based on spherical deconvolution approaches 
(Dell’Acqua et al., 2010; Jeurissen et al., 2019; Tax et al., 2014; Tournier et al., 2007). In 
regions with crossing fiber configurations, these advanced tractography techniques have been 
shown to provide more reliable reconstructions of white matter fiber pathways (De Schotten 
et al., 2011; Jeurissen et al., 2011; Kenney et al., 2017; Rojkova et al., 2016; Thiebaut de 
Schotten et al., 2012). In this context, scalar measures derived from DTI, such as the mean 
diffusivity or the FA used in this work, are also non-specific in regions with multiple crossing 
fiber pathways and are prone to partial volume effects (Jeurissen et al., 2013; Vos et al., 2012, 
2011). With higher angular resolution diffusion MRI acquisitions becoming more and more 
available in the clinical realm, future work may incorporate more direct and tract-specific 
measures for studying potential white matter abnormalities in military veterans with problems 
of anger and aggression (Dell’Acqua et al., 2013; Raffelt et al., 2012). 

This study contributes to the understanding of the interplay between information processing 
and microstructural white matter tissue organization in veterans with anger and aggressive 
behavior. Disturbances in networks responsible for attention, understanding and verbal 
working memory may render individuals more vulnerable to aggression. Knowledge about the 
underlying neural substrate could ultimately be used to facilitate target interventions of such 
vulnerabilities.
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Summary

The aim of this thesis was to investigate the influence of various diffusion MRI data 
processing steps on the understanding and interpretation of dMRI-based studies, both in blue-
sky and applied research. The goal of image processing is to extract useful information from 
images, regardless of whether this concerns automated number-plate recognition, monitoring 
forest fires from satellite images, or analysis of diffusion-based MR images. Usually the 
convincing argument in using the latest tool or algorithm is its superior behavior over a 
preceding one as demonstrated via an objective measure, e.g. when different sets of dMRI 
data preprocessing packages are compared the preferred ones produce fewer false positive 
white matter (WM) fiber bundles when compared to a predefined set of tracts. However, the 
benefit of using new tools in the context of an application in dMRI is rarely discussed. This 
thesis demonstrates the benefits and drawbacks of previously described dMRI processing 
methods.  

In Chapter 2, the effects of B-matrix rotation are presented. The recommendation to acquire 
isotropically-distributed gradients falls short after B-matrix rotation due to motion correction,
which is a source of complications during modeling of the diffusion MR signal. An optimally 
distributed diffusion-weighted (DW) gradient orientation, which was defined prior to the 
dMRI experiment, is unlikely to be achieved since motion is present in every experiment, and 
hence the scanned images require post-acquisition correction. Furthermore, the modulation 
depends on subject-related factors e.g., amount of motion, underlying WM structure 
properties and orientation, as well as on acquisition circumstances as noise level and number 
of DW gradients. Results from numerical simulations show that the rotational motion perturbs 
the distribution of the DW gradient encoding schemes, which (a) translates into errors in the 
diffusion measures, (b) challenges acquisition schemes with reverse phase-encoding and (c) 
decreases the SNR effectively. 

In Chapter 3, the effect of iterative weighted linear least squares (IWLLS) tensor estimation 
over ordinary linear least squares (OLLS) is demonstrated. More specifically, a voxel-based 
analysis, comparing FA values between males and females, revealed that a higher effect size 
was obtained with the OLLS diffusion tensor estimator than with its IWLLS counterpart. If it 
can be considered that the IWLLS estimator has a higher accuracy, we can conclude that 
OLLS overestimates the observed FA-based gender differences. With the majority of 
published DTI studies having used the OLLS estimator, it is not hard to imagine that the lack 
of general agreement in findings for several research topics, both in neuroscience and in 
clinical applications, could be partly attributed to the higher number of false positives 
introduced by the OLLS estimator as compared with the IWLLS estimator.

In Chapter 4, the exploration of a new fiber bundle pathway, the Superoanterior Fasciculus 
(SAF), is presented. By taking advantage of advanced diffusion MRI methodology, a 
consistent bilateral pathway was identified via fiber tractography (FT) in the frontal lobe, 
which has not been previously described. Reproducibility across multiple participants, 
different data samples and acquisition settings boosted the confidence that this finding is not 
based on imaging artifacts.
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which has not been previously described. Reproducibility across multiple participants, 
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In Chapter 5, given the newly found SAF as a genuine fiber bundle, an extensive literature 
examination is presented based on distinct neuroanatomical sources (n = 58), including books, 
medical atlases and manuals. The results seem to support the previously reported dMRI FT 
findings with no direct counterevidence. Counterevidence might have included materials 
presenting a consistent or unique WM structure at the proposed location frontal, above and 
lateral to the cingulum bundle in the range of 5-20 mm bilateral from the midline. It might be 
possible that the narrow and specific location of the SAF has played a significant role in the 
scarcity of anatomical descriptions. Although depicted in several sources, the SAF was not 
explicitly identified or labeled previously, neither as an independent structure nor as part of a 
larger defined structure, pointing the evidence towards a newly described tract. 

In Chapter 6, an ROI-based analysis of microstructural properties of the brain in patients 
after cranial radiation therapy (RT) is presented. The results show that the changes estimated 
with DTI are tissue-dependent and are much more pronounced in the diffusivity metrics (MD, 
AD and RD) than in FA. Studies on tissue-dose interaction aid in understanding radiation-
induced cognitive decline, which may be the consequence of demyelination and loss of axonal 
integrity with increasing radiation doses. Research in neuroscience, especially on aging and 
cognitive impairment has already established a link between WM properties as determined 
with DTI and mental health of the participant.

In Chapter 7, a study is presented on the uncinate fasciculus (UF) and arcuate fasciculus 
(AF) from combat veterans with and without aggression, to test differences in their WM
structures. The UF and AF play a role in the regulation of emotion and attention and are 
therefore of interest in anger and aggression. No global differences between the two groups 
were found, neither in the UF nor in the AF, but evidence for lower FA estimates in the AF 
was found in the veterans with anger and aggression in along-tract analysis. The finding of 
lower FA values within the AF for the aggression group provides further evidence that WM
organization within this area plays an important role in anger and aggression.

Discussion 

This thesis demonstrated the impact of data processing on interpreting and understanding 
diffusion MR images. Among the mandatory or non-optional processing steps the rotation of 
the B-matrix, a consequence of motion correction, was investigated, while among the optional 
tools the effects of tensor estimation and modeling of the diffusion MR signal were studied. 
Furthermore, the influence of two analytical approaches were considered: Using the region-
of-interest volume as nuisance factor in a statistical analysis in order to mitigate partial 
volume effects, and the application of ‘along the tract’ analysis as opposed to global tract 
comparisons. 

In order to understand the evolution of processing tools, we consider some of the driving 
forces. Measuring diffusion in the living human brain with an MRI scanner is a complicated 
challenge. In order to capture the timeframe of typical diffusion times, a fast sequence had to 
be developed. The breakthrough arrived with the invention of the Echo Planar Imaging (EPI) 
sequence (Mansfield and Pykett, 1978) since it is a relatively fast technique. Also, EPI is 

sensitive to motion, both motion of the water molecules and bulk motion of the subject.
Moreover, the rapidly switching gradients lead to eddy current-induced distortions, which are
increasing with the b-value. Another kind of distortion is susceptibility-induced, due to the
different magnetizations of structures at interfaces, for example at air and tissue interfaces.
The research community responded to these challenges by developing image processing tools
to handle the different types of distortions. While there are many more examples, one can see
that the imperfections and unsolved problems of data acquisition provide motivation for the
development of post-acquisition data processing techniques. Another driving force is the
discovery or encounter of previously not-realized issues. A recent example is the correction
for signal drift (Vos et al., 2017). Briefly, for relatively longer acquisitions the mean diffusion 
signal decreases due to scanner instabilities as a result of gradient heating. The solution is a
linear or quadratic fit to restore the correct amount of signal, based on the intensity of the non-
DW images. This led to the now recommended acquisition setup to insert a non-DWI at
around every 8-10th DW volumes into any dMRI acquisition, regardless of the application, to
enable consistent monitoring and possible restoring of the diffusion MR signal. 

A review describing recent trends in fMRI (Poldrack et al., 2017) shows that between 1995 
and 2015 the median sample size of neuroscience studies increased from 10 to 30, while the
effect size, measured as Cohen’s D, decreased from 1.2 to 0.7. As the lowest hanging fruits
had already been picked, there are smaller and smaller effect sizes remaining to be 
discovered, which inherently require an increasing sample size in order to show positive
results. These trends are not unique to neuroscience and are likely present in other fields as
well. However, in order to keep up with such momentum the involvement of additional
resources is necessary, which can be financially challenging and thus researchers had to found
alternative solutions. One of the results is pooling the scans to establish multi center cohorts,
such as ADNI (Mueller et al., 2005), ENIGMA (Thompson et al., 2014). However, in many
cases pooling is not possible because of the highly specific nature of the study, which is
typical of clinical investigations as opposed to neuroscientific research. Another alternative
for sample size increase is better data processing. Accounting for unwanted variability by
explicitly modeling of or correcting for artifacts related to the subject or the acquisition can 
increase the reliability of the experiments. For example, the need for rotation of the B-matrix
after motion correction was showed in 2009. Before that only a handful of studies declared
explicitly the rotation of the B-matrix, while hundreds of dMRI studies were already
published. Moreover, one of the most prevalent dMRI processing toolboxes, FSL (Smith et
al., 2004), only included the B-matrix rotation in their dMRI processing tool, the eddy, with
the release of FSL version 5.0.9 in Sept 2015. Before that version the DW gradients had to be
rotated manually after motion correction. Even in 2018 and 2019 one can find studies without
B-matrix correction in highly reputable MRI journals (Horbruegger et al., 2019; Tsolaki et al.,
2018). Nevertheless, while it is a methodical flaw not to rotate the B-matrix, it is also possible
that the effects of the absence of rotation or any other processing step are not large enough to 
be noticed in a group comparison given the lower SNR of the MRI experiments a decade or
two ago.

Similar trends could be observed regarding the progress of the diffusion tensor estimation
methods or more generally in the development of diffusion models. Since the very first linear
estimation methods hundreds of techniques emerged considering the number of shells
(Wedeen et al., 2008), the complexity of the model (Jensen et al., 2005) and the mixture of
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discovered, which inherently require an increasing sample size in order to show positive 
results. These trends are not unique to neuroscience and are likely present in other fields as 
well. However, in order to keep up with such momentum the involvement of additional 
resources is necessary, which can be financially challenging and thus researchers had to found 
alternative solutions. One of the results is pooling the scans to establish multi center cohorts, 
such as ADNI (Mueller et al., 2005), ENIGMA (Thompson et al., 2014). However, in many 
cases pooling is not possible because of the highly specific nature of the study, which is
typical of clinical investigations as opposed to neuroscientific research. Another alternative 
for sample size increase is better data processing. Accounting for unwanted variability by 
explicitly modeling of or correcting for artifacts related to the subject or the acquisition can 
increase the reliability of the experiments. For example, the need for rotation of the B-matrix 
after motion correction was showed in 2009. Before that only a handful of studies declared 
explicitly the rotation of the B-matrix, while hundreds of dMRI studies were already 
published. Moreover, one of the most prevalent dMRI processing toolboxes, FSL (Smith et 
al., 2004), only included the B-matrix rotation in their dMRI processing tool, the eddy, with 
the release of FSL version 5.0.9 in Sept 2015. Before that version the DW gradients had to be 
rotated manually after motion correction. Even in 2018 and 2019 one can find studies without 
B-matrix correction in highly reputable MRI journals (Horbruegger et al., 2019; Tsolaki et al., 
2018). Nevertheless, while it is a methodical flaw not to rotate the B-matrix, it is also possible 
that the effects of the absence of rotation or any other processing step are not large enough to 
be noticed in a group comparison given the lower SNR of the MRI experiments a decade or 
two ago. 

Similar trends could be observed regarding the progress of the diffusion tensor estimation 
methods or more generally in the development of diffusion models. Since the very first linear 
estimation methods hundreds of techniques emerged considering the number of shells 
(Wedeen et al., 2008), the complexity of the model (Jensen et al., 2005) and the mixture of 
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them, to mention just a few. Practically, the pairwise comparison of each of them is not 
feasible and neither is of particular interest as the models lack biophysical interpretation. For 
example the popular ‘ball-and-stick’ model  (Behrens et al., 2007) may look appealing from 
an engineering point of view to separate diffusion into one of two populations: a restricted 
population of water molecules in and around fibers and a free population that does not interact 
with fibers and is therefore able to handle multiple fiber populations. Yet, this model still 
underestimates the prevalence of crossing fiber populations (Schilling et al., 2017). 

The ability to model crossing fibers is one of the cornerstones of diffusion MR model 
developments. The use of spherical harmonics (Tournier et al., 2004) proved to be efficient in 
handling multiple fiber populations in a voxel, which is present in most parts of the brain 
(Jeurissen et al., 2013). However, despite suitable methods for crossing fibers being present in 
dMRI for more than a decade, we still have not seen the improvement in some aspects of the
analysis, for example in the use of WM atlases. Without exception, all in vivo WM bundle 
definitions are inherently based on dissections and to the best of our knowledge the 
superoanterior fasciculus (SAF) was the very first pathway and so far the only bundle, which 
was first presented in dMRI data and then was confirmed by post-mortem investigation. The 
critical element in showing the SAF was the usage of methods able to handle crossing fibers 
over DTI. 

An example of combining new diffusion MR signal models with DTI-based WM atlases is 
showcased in a study (Genc et al., 2019) which investigated the development of children with 
fixel-based analysis (FBA) (Raffelt et al., 2017). Briefly, if the diffusion MR signal is 
modeled via Constrained Spherical Deconvolution (CSD), new measures such as fiber density 
(FD), fiber cross-section (FC), and fiber density and cross-section (FDC) could be derived, 
which are an approximate of the total intra-axonal volume fraction per fiber pathway, the 
axon diameter and the combination of them, respectively. However, the statistical reporting 
framework was reduced to the ROIs defined by the Johns Hopkins University (JHU) WM,
which is a DTI-based atlas, therefore inherently limiting the ability to show results. The 
creation of said DTI atlas is fundamentally different from the proposed analysis, whose 
novelty lies in the use of the latest dMRI metrics. In other words: a CSD-based analysis is 
reported through the lens of a DTI-based atlas, which is limited in many aspects and thus 
inspired the development of new, CSD-like models.  

Not just new models, but also new analysis frameworks or good strategies are important 
contributors to a better analysis. Neuroscience researchers have to find a balance between two 
spatial extremes: segregation focuses on the local features (function, microstructural 
properties, chemical composition, etc.) of specific brain regions and is mainly used for brain 
mapping, while integration focuses on the relationships (or connectivity, or co-association) 
between different brain areas and assesses the brain as an integrated network. In a concrete 
example: The change in a cancer patient’s quality of life is not only related to the tumor-
affected region, but also related to how the affected areas are embedded in different functional 
and structural networks. Such complex changes were revealed by the lesion-symptom or 
disconnectome studies (Foulon et al., 2018; Nakajima et al., 2018; Thiebaut de Schotten et al., 
2015). Along-tract analysis is a good substitute of voxelwise analysis as it also pursues well-
localized results, while it preserves the shape and size of the bundles, by avoiding non-linear 
transformations, which are required for a voxelwise analysis. 

We close by noting that new imaging projects continue to provide motivation for tool
development. For example, the developing Human Connectome Project (dHCP) (Bastiani et 
al., 2018; Makropoulos et al., 2018) involves MR imaging to create a dynamic map of human
brain connectivity development from 20 to 44 weeks postconceptional age. The acquisition 
and processing of in utero or neonatal data is challenging as understandably the participants
are not cooperative during the scans, hence the images contain lots of sudden movement. 
Acquisition side solutions consist of multishot-multislice imaging sequences to cope with
both within‐plane and through‐plane rigid motion (Cordero-Grande et al., 2018) and also to
separate multiple high-frequency signals (Hughes et al., 2017), e.g.: resting-state brain
activity from cardiac- or respiratory motion. On the data processing side a new dMRI
processing pipeline was developed including slicewise outlier detection and intensity
correction from spin-history effects resulting in signal hyper-intensities, followed by slice-to-
volume-based (Ferrante and Paragios, 2017) motion correction. As a result the rate of
microstructural maturation of the human brain was revealed, showing that changes in the last
10 weeks of pregnancy are comparable with the development in the first 5 to 8 years of
childhood, depending on the WM bundle  (Lebel et al., 2008; Pietsch et al., 2019; Reynolds et
al., 2019).

Conclusion 

Diffusion MRI holds a lot of potential in clinical and neuroscience applications with the ever
increasing number of processing and modeling solutions. Large scale, open data enterprises
like the Human Connectome Project (Van Essen et al., 2013) or the UK Biobank (Alfaro-
Almagro et al., 2018) aid – and necessitate – the developer community to improve the
reliability of future dMRI studies, without the burden of data acquisition. From time to time it
seems worthwhile to recap the developments of the field from a practical point of view. I hope
the results and ideas presented in this thesis will inspire future researchers to look at the
‘Material and Methods’ sections with a curious eye. 
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We close by noting that new imaging projects continue to provide motivation for tool 
development. For example, the developing Human Connectome Project (dHCP) (Bastiani et 
al., 2018; Makropoulos et al., 2018)  involves MR imaging to create a dynamic map of human 
brain connectivity development from 20 to 44 weeks postconceptional age. The acquisition 
and processing of in utero or neonatal data is challenging as understandably the participants 
are not cooperative during the scans, hence the images contain lots of sudden movement. 
Acquisition side solutions consist of multishot-multislice imaging sequences to cope with 
both within‐plane and through‐plane rigid motion (Cordero-Grande et al., 2018) and also to 
separate multiple high-frequency signals (Hughes et al., 2017), e.g.: resting-state brain 
activity from cardiac- or respiratory motion. On the data processing side a new dMRI 
processing pipeline was developed including slicewise outlier detection and intensity 
correction from spin-history effects resulting in signal hyper-intensities, followed by slice-to-
volume-based (Ferrante and Paragios, 2017) motion correction. As a result the rate of 
microstructural maturation of the human brain was revealed, showing that changes in the last 
10 weeks of pregnancy are comparable with the development in the first 5 to 8 years of 
childhood, depending on the WM bundle  (Lebel et al., 2008; Pietsch et al., 2019; Reynolds et 
al., 2019). 

Conclusion 

Diffusion MRI holds a lot of potential in clinical and neuroscience applications with the ever 
increasing number of processing and modeling solutions. Large scale, open data enterprises 
like the Human Connectome Project (Van Essen et al., 2013) or the UK Biobank (Alfaro-
Almagro et al., 2018) aid – and necessitate – the developer community to improve the 
reliability of future dMRI studies, without the burden of data acquisition. From time to time it 
seems worthwhile to recap the developments of the field from a practical point of view. I hope 
the results and ideas presented in this thesis will inspire future researchers to look at the 
‘Material and Methods’ sections with a curious eye. 
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Het doel van dit thesis was om de invloed van diffusie-MRI gegevensverwerkingsstappen op 
het begrip en de interpretatie van dMRI gebaseerde studies te onderzoeken, zowel in basis als 
in toegepast onderzoek. Het doel van beeldverwerking is om via verschillende bewerkingen 
nuttige informatie te krijgen, ongeacht of de taak automatische kentekenplaatherkenning is, 
bosbranden monitoren via satellietbeelden of diffusie modelleren op basis van MR-beelden. 
Meestal is het overtuigende argument bij het gebruik van de nieuwste tool of algoritme door 
superieure gedrag ten opzichte van een voorgaande te demonstreren via een objectieve 
meting, bijvoorbeeld een hogere overlappingsscore tussen een referentie en een uitvoermasker 
van een gesegmenteerde beeld betekent betere prestaties of wanneer verschillende sets van de 
voorbewerkingspakketten van dMRI-gegevens worden vergeleken, de voorkeurspakketten 
produceren minder vals-positieve witte stof vezelbundels in vergelijking met een vooraf 
gedefinieerde set van banen. Het voordeel van het gebruik van nieuwe tools in de context van 
een applicatie wordt echter zelden besproken. Dit thesis demonstreert de voor- en nadelen van 
eerder beschreven dMRI-verwerkingsmethoden.  

In hoofdstuk 2 wordt het effect van B-matrixrotatie gepresenteerd. Ondanks de aanbeveling 
om isotropisch gedistribueerde gradiënten te verkrijgen, is dit niet het geval na B-
matrixrotatie vanwege bewegingscorrectie en is dus een bron van verdere complicaties. 
Optimaal gedistribueerde DW-gradiëntoriëntatie, die voorafgaand aan het dMRI-experiment 
werd gedefinieerd, is onwaarschijnlijk omdat beweging in elk experiment aanwezig is. 
Daarom vereisen de gescande afbeeldingen post-acquisitiecorrectie. Verder hangt de 
modulatie af van onderwerpgerelateerde factoren, bijvoorbeeld hoeveelheid beweging, 
onderliggende witte stof structuur eigenschappen en oriëntatie, evenals van 
acquisitieomstandigheden, bijvoorbeeld geluidsniveau, aantal DW-gradiënten. Uitslagen van 
numerieke simulaties vertonen dat de rotatiebeweging de distributie van DW-gradiënt 
coderingschema’s verstoort, wat (a) zich vertaalt in fouten in de diffusiemetingen, (b) daagt 
acquisitieschema’s met omgekeerde fase codering uit en (c) verlaagt de SNR doelmatig. 

In hoofdstuk 3 wordt het effect van iterative weighted linear least squares (IWLLS) tensor 
estimator op ordinary linear least squares (OLLS) aangetoond in een typische 
vergelijkingsonderzoek. Met name werd een op voxel gebaseerde analyse uitgevoerd, waarbij 
FA-waarden tussen mannen en vrouwen werden vergeleken, en onthuld dat een hogere 
effectgrootte werd verkregen met OLLS diffusie tensor estimator dan met zijn IWLLS 
counterpart. Als dat kan worden overwegen dat de IWLLS estimator een hogere 
nauwkeurigheid heeft, kunnen we concluderen dat OLLS de waargenomen FA gebaseerde 
geslachtsverschillen overschat. Aangezien de meeste gepubliceerde DTI-studies de OLLS 
estimator hebben gebruikt, is het niet moeilijk voor te stellen dat het gebrek aan algemene 
overeenkomst in bevindingen voor verschillende onderzoekthema’s, zowel in 
neurowetenschappen als in klinische toepassingen, ook mede kan worden toegeschreven aan 
hogere aantal valse positieven geïntroduceerd door de OLLS estimator in vergelijking met de 
IWLLS estimator.  

In hoofdstuk 4 wordt de verkenning van een nieuwe zenuwvezel bundel route, de 
Superoanterior Fasciculus (SAF) gepresenteerd. Door profiteren van geavanceerde dMRI 
methodologie werd een consistente bilaterale route geïdentificeerd via fiber tractography (FT) 

in de frontale kwab, die niet eerder is beschreven. Reproduceerbaarheid door meerdere
participanten, verschillende gegevensmonsters en acquisitie-instellingen gaf het vertrouwen
dat deze bevinding niet gebaseerd is op afbeeldingsartefacten. 

In hoofdstuk 5 wordt, gezien de nieuw gevonden SAF een ware zenuwvezel bundel is, een 
uitgebreid literatuuronderzoek gepresenteerd op basis van verschillende neuroanatomische
bronnen (n = 58), inclusief boeken, medische atlassen en handleidingen. De uitslagen lijken 
de eerder gemelde bevindingen van dMRI FT te ondersteunen zonder direct tegenbewijs. 
Tegenbewijs mag bestaan uit materialen die de voorgestelde locatie frontaal, boven en lateraal
aan de cingulumbundel presenteren, vanuit een sagitaal perspectief en preparaatsnijden tussen
5-20 mm bilateraal vanaf de middenlijn die geen consistente of unieke witte stof route
structuur vertoont. Het is mogelijk dat de genoemde eisen een belangrijke rol hebben gespeeld 
in de schaarste van de anatomische beschrijvingen over de SAF. Hoewel afgebeeld in 
verschillende bronnen, werd de SAF niet expliciet eerder geïdentificeerd of gemerkt, noch als
een zelfstandige structuur, noch als een onderdeel van een grotere vastgelegde structuur. Al
dit bewijs wijst naar een nieuw beschreven route. 

In hoofdstuk 6 wordt een ROI-gebaseerde analyse van microstructurele eigenschappen van
de hersenen bij patiënten na craniale radiotherapie (RT) gepresenteerd. De uitslagen vertonen
dat de met DTI geschatte veranderingen weefselafhankelijk zijn en veel meer uitgesproken
zijn in de diffusiviteit metrieken (MD, AD en RD) dan in FA. Studies naar weefsel-dosis
interactie helpen bij het begrijpen van straling-geïnduceerde cognitieve achteruitgang, wat het
gevolg kan zijn van demyelinisatie en verlies van axonale integriteit bij toenemende 
stralingsdoses. Onderzoek in neurowetenschappen, vooral naar veroudering en cognitieve
stoornissen, heeft al een verband gelegd tussen witte stof eigenschappen, zoals vastgesteld
met DTI, en geestelijke gezondheid van de participant.  

In hoofdstuk 7 wordt een studie gepresenteerd in de uncinate fasciculus (UF) en arcuate 
fasciculus (AF) van oorlogsveteranen met en zonder agressie om verschillen in hun witte stof
structuren te testen. De UF en AF spelen een rol bij het reguleren van emotie en aandacht en
zijn daarom van belang in woede en agressie. Geen globale verschillen tussen de twee
groepen werden gevonden in noch de UF noch in de AF, maar bewijs voor lagere FA
schattingen in de AF werd gevonden in de veteranen met woede en agressie door along the
tract analyse. De bevinding van lagere FA waarden in de AF voor de agressie groep biedt
verder bewijs dat de organisatie van witte stof in dit gebied een belangrijke rol speelt in
woede en agressie.
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in de frontale kwab, die niet eerder is beschreven. Reproduceerbaarheid door meerdere 
participanten, verschillende gegevensmonsters en acquisitie-instellingen gaf het vertrouwen 
dat deze bevinding niet gebaseerd is op afbeeldingsartefacten.  

In hoofdstuk 5 wordt, gezien de nieuw gevonden SAF een ware zenuwvezel bundel is, een 
uitgebreid literatuuronderzoek gepresenteerd op basis van verschillende neuroanatomische  
bronnen (n = 58), inclusief boeken, medische atlassen en handleidingen. De uitslagen lijken 
de eerder gemelde bevindingen van dMRI FT te ondersteunen zonder direct tegenbewijs. 
Tegenbewijs mag bestaan uit materialen die de voorgestelde locatie frontaal, boven en lateraal 
aan de cingulumbundel presenteren, vanuit een sagitaal perspectief en preparaatsnijden tussen 
5-20 mm bilateraal vanaf de middenlijn die geen consistente of unieke witte stof route 
structuur vertoont. Het is mogelijk dat de genoemde eisen een belangrijke rol hebben gespeeld 
in de schaarste van de anatomische beschrijvingen over de SAF. Hoewel afgebeeld in 
verschillende bronnen, werd de SAF niet expliciet eerder  geïdentificeerd of gemerkt, noch als 
een zelfstandige structuur, noch als een onderdeel van een grotere vastgelegde structuur. Al 
dit bewijs wijst naar een nieuw beschreven route.  

In hoofdstuk 6 wordt een ROI-gebaseerde analyse van microstructurele eigenschappen van 
de hersenen bij patiënten na craniale radiotherapie (RT) gepresenteerd. De uitslagen vertonen 
dat de met DTI geschatte veranderingen weefselafhankelijk zijn en veel meer uitgesproken 
zijn in de diffusiviteit metrieken (MD, AD en RD) dan in FA. Studies naar weefsel-dosis 
interactie helpen bij het begrijpen van straling-geïnduceerde cognitieve achteruitgang, wat het 
gevolg kan zijn van demyelinisatie en verlies van axonale integriteit bij toenemende 
stralingsdoses. Onderzoek in neurowetenschappen, vooral naar veroudering en cognitieve 
stoornissen, heeft al een verband gelegd tussen witte stof eigenschappen, zoals vastgesteld 
met DTI, en geestelijke gezondheid van de participant.  

In hoofdstuk 7 wordt een studie gepresenteerd in de uncinate fasciculus (UF) en arcuate 
fasciculus (AF) van oorlogsveteranen met en zonder agressie om verschillen in hun witte stof 
structuren te testen. De UF en AF spelen een rol bij het reguleren van emotie en aandacht en 
zijn daarom van belang in woede en agressie. Geen globale verschillen tussen de twee 
groepen werden gevonden in noch de UF noch in de AF, maar bewijs voor lagere FA 
schattingen in de AF werd gevonden in de veteranen met woede en agressie door along the 
tract analyse. De bevinding van lagere FA waarden in de AF voor de agressie groep biedt 
verder bewijs dat de organisatie van witte stof in dit gebied een belangrijke rol speelt in 
woede en agressie. 
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