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Abstract 

 

Magnetic resonance imaging (MRI) has revolutionized the way to investigate brain structural 

connectivity non-invasively. Diffusion MRI can be used to obtain local estimates of the white 

matter fibre orientations in the brain, which in turn can be used to study changes in the local 

fibre specific properties and/or in conjunction with fibre-tracking algorithm to reconstruct a 

representation of the white matter pathways in the brain. 

In recent years, the Diffusion Tensor model has played an important role in modelling the 

diffusion of water within white matter bundles. Diffusion tensor derived metrics such as 

fractional anisotropy (FA) have been used extensively for investigating white matter using 

approaches such as voxel-based analysis. One of the limitations of the diffusion tensor model 

is that it is not capable of appropriately modelling regions that have complex fibre 

architecture (such as crossing fibres). This makes tensor-derived measures unreliable 

measures to assess white matter. 

Recent contributions toward the study of brain asymmetry have suggested asymmetry of 

brain anatomy and function are observed in the temporal, frontal and parietal lobes. Several 

studies have used diffusion tensor model to study asymmetry in various regions of the human 

brain white matter. However, given the limitations of the tensor model, the nature of any 

underlying asymmetries remains uncertain.  

This research aims to provide to provide a more robust characterization of structural white 

matter asymmetries than those previously derived using the tensor model, by using 

quantitative measures derived from the spherical deconvolution model, and a whole-brain 

data-driven statistical inference framework such as Fixel-Based Analysis, that is both sensitive 

and specific to crossing fibres; we furthermore apply this approach to a state-of-the-art 

publicly available diffusion MRI dataset.  
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Preface 

The following is the overview of the organization and the contributions of each chapter. 

Chapters 1-5 cover the background of the thesis; Chapter 6, the Methods part describes the 

theoretical and methodological contributions. 

• Chapter 1: White matter anatomy of the brain. This chapter describes the white matter 

cerebral anatomy, organization and asymmetry of white matter. 

• Chapter 2: MRI basic principles. This chapter discusses signal formation in MRI, T1 and T2 

relaxation, common spin echo, and gradient echo acquisition schemes, and common artifacts 

that can be encountered in MRI. 

• Chapter 3: Diffusion MRI. This chapter introduces the physical principles of diffusion MRI and 

how the signal is captured along with common diffusion image acquisition techniques; Then, 

current diffusion models such as Diffusion Tensor Imaging (DTI) and spherical deconvolution 

are discussed; Finally, Tractography basics is covered. 

• Chapter 4: Analysis of group differences using diffusion MRI. This chapter provides a brief 

overview of the different methods that are available for the analysis of DTI data; Then a brief 

discussion about different frameworks that are being used in literature to compare voxel 

information across subjects; Finally, discussion on Fixel-Based analysis. 

• Chapter 5: Literature review of previous Diffusion Tensor Imaging based asymmetry analysis. 

This chapter provides a brief literature review of asymmetry contributions for major white 

matter bundles. 

• Chapter 6: White matter asymmetry using Fixel Based Analysis. This chapter, provides novel 

methodology used in this thesis to characterize white matter asymmetry, present the findings 

from the analysis, compare the results with voxel-based analysis, and discuss the benefits, 

comparison of results with previous literature, and limitations of the study. 

Work towards Chapter 6 “White matter asymmetry using Fixel Based Analysis” was 

performed in collaboration with Prof. Alan Connelly, Dr. Robert Smith, and Prof. Fernando 

Calamante. A preliminary version of this work was presented at the 27th Annual Meeting 

of the International Society for Magnetic Resonance in Medicine (ISMRM), Montreal, 

Canada, 11-16 May 2019, 27: 3618 (2019) and has been accepted in NeuroImage journal 

on October 22 2020. The co-author contributions are as follows: Fernando Calamante and 

Robert Smith: Overall supervision, Critical review & editing of manuscript, project design, 

contribution to data interpretation. Alan Connelly: Critical review.  
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1.1 Human Brain 

The principal interest of the thesis is white matter asymmetry. This chapter covers the basic 

cerebral anatomy of the white matter. First, the different human brain tissues and neural 

tissue types, from the neuron, the gray matter, the white matter are covered. Then, the 

organization of the human white matter is presented. Finally, different fiber tracts that are 

important to the thesis are highlighted and concept of brain asymmetries are introduced. 

The human brain is incredibly complex. The brain anatomy has been studied for more than 

100 years. The brain controls the central nervous system (CNS), the peripheral nervous system 

(PNS), and regulates all human activity. Neural tissue is specialized in the conduction of 

electrical impulses that transmit information from one part of the body to another. How this 

information is transmitted through white matter and how the various parts of the brain are 

connected remain unclear. Approximately 98 percent of neural tissue is concentrated in the 

brain and spinal cord, the nervous system control centres.  

Brain tissue consists of two major tissue types: grey matter and white matter. Grey matter is 

primarily composed of neuron cell bodies and glial cells, while white matter primarily consists 

of axons. Axons facilitate communication between different grey matter regions, and to other 

organs of the body via the peripheral nervous system. They are typically densely packed and 

coherently arranged as white matter bundles (or fibre tracts). 

At the microscopic level, the brain is composed of two closely interacting neuronal and 

neuroglial cellular networks. The human brain comprises around 1011 neurons and 1012 glial 

cells, each comprising about half of its volume (von Bartheld et al., 2016). A neuron (Figure 1) 

consists of a cell body or soma that contains the nucleus, dendritic processes that receive 

information from other neurons, and an axon that conducts signals to other neurons. Axons 

extend from the cell body on a length scale of less than a millimeter to over 1 meter and end 

in one or more synaptic terminals that transmit signals to other cells. 

The brain contains three types of neuroglial cells: astrocytes, oligodendrocytes, and microglia. 

Astrocytes are star-shaped cells that provide structural support to neurons and axons. 

Oligodendrocytes form myelin sheets as concentric layers of lipid material surrounding the 

axons. Myelin provides electrochemical insulation between successive nodes of Ranvier, parts 

of exposed cell membrane that are crucial for the rapid propagation action potential (Lodish 
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et al., 2000). Lastly, microglia are smaller glial cells that are found throughout the brain and 

spinal cord, which play an active role in brain injury and recovery. 

 

Figure 1:- Neural tissue consists mainly of neurons and supports neuroglial cells. Neurons have a cell body, a long extending 
axon which ends in synaptic connexions with other cells and dendrites which receive signals from adjacent neuron synapses. 
Adapted from (Blausen.com staff, 2014) using RightsLink permission 

At a macroscopic level, the human brain is made of different elements such as the cerebrum, 

the cerebellum, the diencephalon, and the brain stem. The cerebrum consists of left and right 

hemispheres, interconnected with a fibre tract known as the corpus callosum. The cerebral 

cortex, an outer gray matter layer, is arranged in a folding pattern of gyri and sulci. The 

primary sulci divide each cerebral hemisphere into lobes, which are frontal, temporal, 

parietal, and occipital. (Figure 2) 

 

Figure 2:- Lateral view of the human brain. Figure adapted from (Blausen.com staff, 2014) using RightsLink permission 
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The brain and spinal cord are suspended in cerebrospinal fluid (CSF). The CSF spreads between 

the key sections of the brain, the so-called ventricles, into interconnected cavities too. The 

brain stem is the inferior part of the brain that binds the spinal cord to the cerebrum and 

comprises the medulla oblongata, the midbrain, and the pons. The cerebellum is a dorsal part 

of the brain and consists of a thin outer grey matter layer comprising more than 50 percent 

of all brain neurons surrounding a tree-like branched white matter (arbour vitae cerebellum) 

structure created by axonal cortex connections (Mercadante and Tadi, 2020). The 

diencephalon comprises the thalamus and the hypothalamus, including grey matter (GM) 

nuclei associated with sensory and motor impulses, sleep, and autonomic functions.  

In this thesis, we are interested in exploring white matter asymmetry in the human brain. In 

the next section, we describe in more detail how the white matter is organized and describe 

some of the main white matter fibre tracts, which are of relevance for the thesis. 

1.2 White matter architecture organisation 

As mentioned in the previous section, white matter consists of axonal nerve fibers. The white 

matter within the cerebrum contains neural fibres connecting grey matter regions to other 

gyri, sulci, sub-cortical gray matter, and to the spinal cord. Three main types of neural tracts 

are found in the white matter: commissural, projection, and association tracts. 

Commissural tracts are bundles of axons connecting a region in one hemisphere to another 

region of the opposite hemisphere. The important commissural fibers include the transverse 

fibers of the corpus callosum (also called the transcallosal fibers), the anterior commissure 

(AC), and the posterior commissure (PC). 

Projection tracts create links between the cerebral cortex and subcortical structures, such as 

the basal ganglia and thalamus. There are two types of projection tracts: efferent (motor) and 

afferent (sensory). Efferent tracts carry motor commands through the lower brain structures 

and the spinal cord from the motor cortex down into the muscles and glands. They reach 

structures such as the basal ganglia, the brain stem, the cerebellum, and the spinal cord. The 

basal ganglia contains the striatum (the putamen, the caudate nucleus, and the ventral 

striatum), the globus pallidus, the subthalamic nucleus, and the substantia nigra. The motor 

tracts, which occupy a large part of the genu and anterior occipital portion of the internal 
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capsule and corticopontine fibres, are other essential efferent fibres (Standring and 

Standring, 2008). 

Afferent tracts deliver the information to the cerebral cortex from various parts of the body. 

With the assistance of optic and acoustic fibres, all sensory information, except olfactory, 

ends up in the primary sensory cortex. Before projection to the cortex, the optical, acoustic, 

and somatosensory tracts pass through the thamalus. The optic tract extends to the occipital 

lobe and to the temporal lobe of the auditory tract. There are also numerous thalamo-cortical 

afferent fibres that arise inside the thalamus and are projected to the various parts of the 

cortex (Standring and Standring, 2008). 

Association tracts are communication fibres within a given hemisphere among different 

cortical areas. These can be divided into two categories: short and long association tracts. 

Short association tracts (also called as `U'-fibres) establish a connection within a given lobe 

between regions and connect adjacent gyri. The long association fibres establish connections 

between various lobes of the cerebrum that pass between more distant parts. The long 

association fibres includes, the cingulum (Cg) from the cingulate gyrus to the entorhinal 

cortex, the superior longitudinal fasciculus (SLF) from frontal lobe to the occipital lobe, the 

uncinate fasciculus from the frontal to the temporal lobes, the superior frontal-occipital (SFO) 

fasciculus from the parietal lobe to the frontal lobe, the inferior fronto-occipital (IFO) 

fasciculus from the occipital lobe to frontal lobe, the inferior longitudinal fasciculus (ILF) from 

occipital lobe to temporal lobe, and the fornix from the hippocampus to the mammillary body. 

Some of those short and long association fibres are sketched in figure 3 and discussed further 

in the next section. 

 

Figure 3:-  Illustration of major fibres in the sagittal view of the brain. Figure adapted with permission from (Gupta, 2017) 
using RightsLink 
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1.3 Important white matter pathways for this thesis 

We now review a few important white matter bundles that are relevant to this thesis and 

their asymmetries are discussed in chapter 5 & 6. 

Superior Longitudinal Fasciculus (SLF) 

As mentioned in the previous section, the SLF (figure 4) is a large bundle of association fibres 

linking the parietal, occipital, and temporal lobes with ipsilateral frontal cortices. The SLF 

facilitates the development of a bidirectional neural network necessary for core processes 

such as emotions, attention, memory, and language (Petrides and Pandya, 2002). 

Earlier studies in non-human primates revealed that SLF consists of four components 

(Petrides and Pandya, 1984). SLF's principal portion, usually referred to as SLF II, originating 

from the caudal – inferior parietal area corresponding to the human angular gyrus, ends in 

the frontal dorsolateral area (Makris et al., 2005). The dorsal portion of SLF (i.e., SLF I) tends 

to derive from the parietal medial and dorsal cortex and ends in the frontal lobe's dorsal and 

medial part. The ventral portion of SLF (i.e., SLF III) originates from the supramarginal gyrus 

and ends primarily in the premotor ventral and prefrontal regions. It has been stated that the 

Arcuate Fasciculus (AF), the fourth SLF division, originates from the caudal part of the higher 

temporal gyrus and overlaps the SLF II fibres above the Sylvian fissure and insula (Petrides 

and Pandya, 2002). Several diffusion-based studies have attempted to trace the SLF fibers on 

human and non-human primates (Kamali et al., 2014; Madhavan et al., 2014; Makris et al., 

2005). (Catani, 2006). Figure 4 shows a tractogram (see chapter 3) of SLF I, II & III and AF. We 

provide more details on the asymmetry properties of each component of SLF in chapter 5 & 

6. 

 

Figure 4:- (A) Superior longitudinal Fasciculus (SLF) and (B) Arcuate Fasciculus (AF). Figure taken with permission from 
(Budisavljevic et al., 2017), (Catani and Thiebaut de Schotten, 2008) using RightsLink 
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Cingulum bundle 

The cingulum bundle (Figure 5) is a prominent tract of white matter that connects frontal, 

parietal, and medial temporal areas, while also connecting subcortical nuclei to the cingulate 

gyrus. Many diffusion-based studies have indicated that the cingulum bundle comprises fibres 

of varying lengths, with the longest extending from the anterior temporal gyrus to the 

orbitofrontal cortex (Catani and Thiebaut de Schotten, 2008; Wu et al., 2016). The short U-

shaped fibres link the frontal, parietal, occipital, and temporal lobes of the cingulate cortex, 

and the various portions thereof. The cingulum is a part of the limbic system and includes 

attention, visual and spatial skills, memory, and emotions (Catani, 2006). Figure 5 shows a 

tractogram (see chapter 3) of the cingulum bundle. Its asymmetry features are discussed in 

chapter 5 & 6. 

 

Figure 5:- Tractography of the Cingulum. Figure taken with permission from (Yeh et al., 2018) using RightsLink 

Inferior Longitudinal Fasciculus (ILF) 

As mentioned earlier, ILF (Figure 6) is a long-range, associative white matter pathway that 

primarily connects occipital extrastriate cortex with the temporal lobe. ILF appears to be 

involved in a broad variety of brain disorders, including psychopathological, 

neurodevelopmental and neurological diseases (Latini et al., 2017). Disruption of ILF 

pathways can lead to cognitive disorders and abnormal behavior (Herbet et al., 2018). Figure 

6 shows a tractogram (see chapter 3) of ILF. Its asymmetry is discussed in chapter 5 & 6. 
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Figure 6:- Tractography of Inferior Longitudinal Fasciculus (ILF). Figure taken with permission from (Yeh et al., 2018) using 
RightsLink 

Uncinate Fasciculus (UF) 

The UF, which looks like a small hook-shaped bundle (figure 7), connects the inferior frontal 

gyrus and the inferior areas of the frontal lobe with the anterior part of the temporal lobe 

(Petrides and Pandya, 1984). The UF is historically considered part of the limbic system and is 

recognized for its role in the regulation of human emotions, memory, and language functions 

(Hasan et al., 2009). Figure 7 shows a tractogram (see chapter 3) of UF. Its asymmetry features 

are discussed in chapter 5 & 6. 

 

Figure 7:- Tractography of the Uncinate Fasciculus. Figure taken with permission from (Yeh et al., 2018) using RightsLink 

Optic Radiations 

Optic radiation (figure 8) is a key structure of white matter which transmits visual information 

from the lateral geniculate nucleus (LGN) (part of thalamus) to the occipital lobe's primary 

visual cortex. Fibres from the inferior retina and the superior retina represents superior and 

inferior visual field respectively. Damage to this fibres can lead to visual field deficit (Winston 
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et al., 2011). Figure 8 shows a tractogram (see chapter 3) of Optic radiations. Its asymmetry 

features are discussed in chapter 5 & 6. 

 

Figure 8:- Tractography of Optic Radiation. Figure taken with permission from (Yeh et al., 2018) using RightsLink 

Inferior-Fronto Occipital Fasciculus (IFOF) 

IFOF (Figure 9) is the longest associative bundle; post-mortem dissections suggests IFOF 

connects ventral occipital cortex with the inferior frontal and fronto-orbital cortices (Hau et 

al., 2016; Martino et al., 2010; Sarubbo et al., 2013). Several studies have reported that the 

IFOF plays an important role in reading, attention, and visual processing (Catani and Thiebaut 

de Schotten, 2008; Hau et al., 2016). Figure 9 shows a tractogram (see chapter 3) of IFOF and 

its asymmetry is discussed in chapter 5 & 6. 

 

Figure 9:- Tractography of Inferior-Fronto Occipital Fasciculus (IFOF). Figure taken with permission from (Yeh et al., 2018) 
using RightsLink 
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1.4 Brain Asymmetry 

The word "brain asymmetry" summarises the differences in anatomy, neurochemistry, 

physiology, and behavior between the two brain hemispheres (Standring and Standring, 2008; 

Stoyanov et al., 2012).  

Detailed evaluations of post-mortem brains provided the early basis for the understanding 

and development of human brain morphology (Bastian, 1866; Boyd and Sharpey, 1861). 

Sporadic reports of differences between brain hemispheres were already included among 

those early investigations (e.g., in terms of weight, Bastian, 1866; or density Boyd and 

Sharpey, 1861). However, the conceptual relevance of such differences was initially obscured 

by the large degree of anatomical similarity and structural correspondence between 

hemispheres, which led early researchers to favour a view of the brain as a fundamentally 

symmetrical organ (Bichat, 2018). 

It was not until Broca, Bax, and, subsequently, Wernicke 's (Berker et al., 1986; Carl Wernicke, 

1874; Finger and Roe, 1999) seminal discoveries that brought a paradigm shift, challenging 

the notion of a fundamentally symmetrical brain. Their exams of patients who developed 

aphasia (i.e., an impaired ability to communicate after a brain lesion through language) 

revealed that these were often the result of an insult to the left brain rather than the right. 

This led to the great suggestion by Broca that people "speak with the left hemisphere" (Berker 

et al., 1986; Broca, 1865).  

Language and handedness are two well-known behaviours which provide clues to the human 

brain's asymmetric organisation. One of the earliest findings of brain asymmetry was the 

specialization of the left hemisphere for language. As reported by (Broca, 1865) and (Carl 

Wernicke, 1874), the language was found to be more seriously affected in response to left 

hemisphere tumors or strokes. Language development and other forms of syntactic 

processing were subsequently mainly restricted to areas of the left anterior hemisphere, 

including the pars triangularis and pars opercularis of the lower frontal gyrus (Toga and 

Thompson, 2003). Typically, the left hemisphere prevails for auditory and linguistic tasks, 

mathematical skills and knowledge, and analytical thinking. Figure 10 illustrates Broca and 

Wernicke regions in the sagittal view of the brain. 
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Figure 10:- The green and blue color regions are the Broca and Wernicke areas, respectively. Figure adapted from (Toga and 
Thompson, 2003) with permission using RightsLink 

Certain anatomical cerebral asymmetries are evident at both the macroscopic and histological 

levels. One of the most prominent is the planum temporale, usually wider on the left than on 

the right. Subtle asymmetries have been demonstrated in the superior temporal lobe in terms 

of overall size and shape, sulcular pattern, cytoarchitecture, and neuronal level (Toga and 

Thompson, 2003). It seems fair to conclude that some of the functional asymmetries for 

language representation underlie those disparities. 

Advances in brain imaging techniques have enabled us in brain populations to identify and 

visualize asymmetric patterns. These methods led to a more comprehensive explanation of 

the anatomical structure of the brain, allowing us to recognize the subtle differences in 

asymmetry that occur during development, age, and disease.  

The term 'asymmetry' is often substituted for the term 'laterality' in the context of left vs. 

right differences in psychology and the neurosciences. However, while the term 'asymmetry' 

can be used in the context of both structural and functional left-right dissimilarities, 'laterality' 

is typically only used in relation to functional asymmetry (Laterality Functional Asymmetry in 

the Intact Brain, 1982). Chapter 5 of this thesis discusses the literature of diffusion-based 

asymmetry studies and Chapter 6 presents novel findings of brain asymmetry in white matter 

using diffusion MRI technique. 
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Imaging plays a crucial role in both research and clinical practice for diagnosing diseases, 

identifying the underlying mechanisms, and assessing treatment strategies. Besides 

computed tomography (CT) and positron emission tomography (PET), magnetic resonance 

imaging (MRI) is of particular relevance because it offers a wide range of image contrasts 

without harmful radiations to the patient. Different modalities of MRI such as structural MRI 

allow brain anatomy evaluation and a mechanism to differentiate between healthy tissues 

and pathology. Beyond these structural MRI measures, several advanced MRI techniques that 

are sensitive to blood flow (Moran, 1982), diffusion (Le Bihan et al., 1986), perfusion (Buxton 

et al., 1998), or oxygenation (Ogawa et al., 1990) have been developed. The first part of the 

chapter briefly discusses the basic principles of MR Imaging and the basics of T1 and T2 

relaxation; then common pulse sequences and image formation in MR are introduced; the 

final part discusses common MRI artifacts. 

2.1 MRI basic principles 

The basis of MR is the directional magnetic field, or moment. Some nuclei have the property 

to align with a magnetic field if their mass number is odd, i.e., if the sum of numbers of protons 

and neutrons is odd. This is named the angular moment or Spin. When a human body is placed 

in a large magnetic field, many numbers of nuclei align themselves with the direction of the 

applied magnetic field. The nuclear spin has only two possible states, both with non-zero 

magnitude (these are often referred to as the `spin-up’ and `spin-down’ states).   

Each Spin has its own, independent, random orientation. However, when a powerful uniform 

magnetic field 𝐵0 is applied, the spin-down state is at a higher energy level than the spin-up 

state; hence a greater proportion of will be observed in the latter state, producing a net 

sample magnetisation in the direction (parallel to 𝐵0) of the applied field (figure 1A). As a 

result, a net magnetic moment M aligned to 𝐵0 is created. The rate or frequency of precession 

is proportional to the strength of the magnetic field, and this is called the Larmor frequency, 

is related to the magnetic field 𝐵0 through the gyromagnetic ratio 𝛾 by the following 

equation: 

 𝜔0 = 𝛾𝐵0 (1) 

Where 𝜔0 is the Larmor frequency and for hydrogen 𝛾= 42.6 MHz/T.  
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At a macroscopic level, to replace the individual Spin by a single magnetization vector 

representing the Spin of all the particles in a voxel. The net resulting magnetization M is the 

sum of all the elementary moments and, for a uniform distribution of the dipoles orientations 

in each voxel, we end up with M=0. The spins will become magnetized in the presence of 𝐵0, 

the orientation of this net magnetization will be in the same direction as 𝐵0 (Figure 1B). 

Furthermore, in the absence of other interactions, it will be constant with respect to time 

(Brown et al., 2014). 

 

Figure 1:- Magnetisation of a spin system placed in an external magnetic field B0. Nucleus when placed in a static magnetic 
field B0, the magnetic moment will precess about the orientation of that field (a; dotted line) at the Larmor frequency 𝜔0. The 
net resulting magnetization M is the sum of all the elementary moments (b; thin arrows), each precesses about the field 
orientation with random phase, such that the average magnetisation M0 is aligned with the B0 field. 

In MR, to record a signal from a sample of tissue, M needs to be manipulated, one of the most 

straightforward manipulations of M is by applying a short pulse of a radiofrequency (RF) 

(Bernstein et al., 2004). By applying an RF pulse Brf perpendicular to 𝐵0, it is possible to perturb 

the difference in the number of atoms between the two energy states. This RF pulse, with a 

frequency equal to the Larmor frequency, causes M to tilt away from 𝐵0 as illustrated in figure 

2. It causes the particles in that area to absorb the energy required to make them spin in a 

different direction and move from the lower energy state towards the higher. Application of 

the RF pulse causes the net magnetization to move away from 𝐵0. M rotates away from the 

longitudinal position to the amount proportional to the duration of the RF. The entire process 

is depicted on the rotating frame of reference, as shown in figure 2. The rotating frame of 

reference is also referred to as a rotating coordinate system, is a convenient view often used 

for visualization and to understand influence of RF in MR (Brown et al., 2014).  In this case, 
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the z’ axis, parallel to 𝐵0, as the axis of rotation while the x’ and y’ axes rotate at the Larmor 

frequency 𝜔0. 

 

Figure 2:- RF is applied perpendicular to B0, the spins absorb it and M rotates into the transverse plane (depicted on a 
rotating reference frame).  

2.2 Relaxations 

Due to the absorption of energy, the system is no longer in equilibrium. Hence, when the RF 

pulse is turned off, the magnetization will gradually return to its equilibrium state. The 

absorbed energy is dispersed by a number of processes, known as the relaxation mechanisms. 

These mechanisms can be grouped into two different types of relaxation time points: 

longitudinal magnetization and transverse magnetization 

2.2.1 Longitudinal relaxation 

After the RF is turned off, the magnetization then gradually begins to return back in the 

longitudinal direction. The protons will realign with the axis of the B0 magnetic field and 

release all the excess energy. The rate at which this longitudinal magnetization returns to 

equilibrium state is distinct for protons (1H) associated with different tissues. Longitudinal 

relaxation is also called spin-lattice relaxation because it refers to the fact that the excited 

proton, i.e., Spin, transfers its energy to its surrounding environment rather than to another 

proton. 

The recovery process is modeled by an exponential function characterized by a time constant 

T1 (Callaghan, 1993), the period for the longitudinal magnetization to recover 63% of its 

equilibrium value (figure 3) is given by equation 2. t is the time following the excitation pulse. 

T1 contrast is a parameter that is characteristic of specific tissue type and is a time constant 
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describing the rate of growth (Damadian, 1971). Following 3 T1 time periods, Mz will have 

returned to 95% of its value prior to the excitation pulse, M0. 

 𝑀𝑧(𝑡) = 𝑀0(1 − 𝑒
(−

𝑡
𝑇1

)
) (2) 

 

Figure 3:- T1 relaxation curve. T1 is the time when Mz has returned to 63% of its original value. 

In a typical MRI setup, RF excitation pulse is applied to the protons repeatedly with a delay 

time between each pulse. The time between pulses allow the excited protons to release the 

absorbed energy (i.e., T1 relaxation). As the protons release this energy to their surroundings, 

the population difference is restored so that net absorption can reoccur after the next pulse. 

At the macro level, M returns toward its initial value M0 as more energy is dissipated, and 

henceforth more signal is generated following the subsequent RF pulses.  

Tissues with shorter T1 relaxation times recover more quickly than those with long T1's. Their 

Mz values are larger, producing a stronger signal and brighter pixels on the MR image. In the 

human brain, the white matter has a very short T1 time and relaxes rapidly. Cerebrospinal 

fluid (CSF) has a longer T1 and relaxes slowly. Gray matter’s T1 relaxes at an intermediate rate. 

2.2.2 Transverse relaxation  

Recall from the previous section (2.1) that the net magnetization M is made up of 

contributions from many protons, which are all precessing at the same phase, as a nearby 

proton  will have the same molecular environment, it can absorb all the available energy that 

is being released by its neighbor. Transverse relaxation is also termed as spin-spin relaxation.  

Spin-spin relaxation is due to the loss in phase coherence of the spins. Random fluctuations 

of the local magnetic field lead to variations of the Larmor frequency of the different spins. 

As a result, the inherently coherent spin precession will dephase. Spins do not only give up 

their energy to surrounding lattice molecules but also to other neighboring nonexcited spins. 
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This process can be modeled by an exponential function characterized by another time 

constant T2 (Callaghan, 1993), which corresponds to the period for the transversal component 

to lose 63% of its value just after the first excitation RF pulse: 

 𝑀𝑥𝑦 = 𝑀0 𝑒
(−

𝑡
𝑇2

)
 (3) 

Mxy is the magnitude of the average ensemble magnetisation in the transverse plane. As more 

time elapses t, this transverse coherence slowly starts to completely disappear, only to reform 

in the longitudinal direction as T1 relaxation happens. Note that the dephasing time T2 is 

always less than or equal to T1.  

 

Figure 4:- Spin-spin relaxation describes the exponential decrease of the transversal component as a function of time and is 
characterized by the T2 constant 

The initial 90° RF excitation pulse rotates the protons to the transverse plane. The protons 

continue to precess and dephase as the sources of dephasing continue to affect them. 

Dephasing occurs typically due to mainly three effects, namely, magnetic field 

inhomogeneities, spin-spin interactions, magnetic susceptibility. The magnetisation decay 

due to inhomogeneities in the field is as T2*(‘T2 star’) decay or T2* relaxation. Equation 4 

relates T2* with T2; T2* results primarily from inhomogeneities from the main magnetic field. 

As mentioned earlier, these inhomogeneities may be due to defects in the magnet itself or 

from susceptibility-induced field distortions produced by the tissue or other materials placed 

within the field. 

 1
𝑇2

∗⁄ = 1
𝑇2

⁄ + 1
𝑇2

′⁄  (4) 

Where 1 𝑇2
′⁄  is the magnetic field inhomogeneity. Note that the term 1/T2 is relaxation rate 

and not time. 
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Some sources of proton dephasing due to the above mentioned three effects can be altered 

by the application of 180° RF pulse, which causes to reverse their phase with no change in the 

frequency. After a specific time t, the protons will regain some of their transverse coherence, 

and a signal is received by the imaging coils, this signal is known as `spin-echo’ and is 

illustrated in figure 5.  

 

Figure 5:- Spin phase rephasing by the spin-scho sequence. Following excitation (leftmost image), the individual nuclear spin 
magnetisations (black arrows) precess about the main magnetic  field at different frequencies due to microscopic  field 
inhomogeneities, resulting in phase offsets. After the application of 180 RF pulse, the same field inhomogeneities that 

caused dephasing of the spins cause re-focusing of the spins. 

Image contrast in T1w, T2w, and T2*w contains all the above-discussed relaxation effects, 

meaning that differences in the grayscale mostly represent differences in tissue relaxation 

properties. Figure 6 shows an example of T1, T2, and T2* weighted images (Plewes, 1994). 

Image weighting is controlled by pulses sequences and is discussed in the next section. 

 

Figure 6:- T1, T2  and T2*image from a 3T MR scanner. T1 and T2 image figures taken from (de Figueiredo et al., 2011) and 
T2* figure taken from (Westbrook, 2014) using RightsLink permission. 

 

 

2.3 Pulse sequences 

A pulse sequence is a series of RF pulses and/or magnetic field gradients applied to a subject 

of interest to produce a specific form of MR image contrast. It is, in fact, possible to encode 



2.3 Pulse sequences | Arush Honnedevasthana Arun 
 

 
 

23 

and thus recover the MR signal from particular regions in the volume of interest using RF and 

linear gradients applied along with the three spatial directions (explained in the next chapter). 

2.3.1 Spin-Echo 

The spin-echo (SE) sequence is based on the application of 2 RF pulses: an excitation pulse 

(with a flip angle <=90°) followed by a refocusing pulse (with a flip angle 180°) (Hahn, 1950a). 

With SE sequence T2-weighted image can be generated. The excitation pulse flips all spins 

that form the longitudinal plane into the transverse plane, and soon after they reach this 

plane, they are in phase (due to application of refocusing pulse applied) and Mxy has its 

maximum amplitude. After the application of the excitation pulse, spins start to precess and 

lose phase by T2* relaxation effects.  After a time that is half of what is referred to as the echo 

time (TE)/2, a 180° pulse is applied, the spins will be flipped and start to rephase. After 

another time TE/2, a measurable ‘echo signal’ is generated. Since the spins are dephasing due 

to static magnetic field, inhomogeneities are compensated by inverting the spins with a 

refocusing pulse, the decay of the signal at time TE will solely originate from the T2 relaxation. 

The captured signal is called the free induction decay (FID) (Hahn, 1953, 1950b). The whole 

process is explained in figure 7. The repetition time (TR) is the time between corresponding 

consecutive points on a repeating series of pulses sequences. 

 

Figure 7:- Spin echo sequence: At TE/2 the spins are flipped by applying a 180° pulse. The rephasing spins give rise to a spin 
echo at time TE. The TR is the time between consecutive 90° RF pulse. 

2.3.2 Gradient Echo  

The Gradient echo (GE) sequence manipulates the FID signal using a bipolar gradient rather 

than using RF pulses to refocus spins (Elster, 1993; Frahm et al., 1986). The bipolar gradient 
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is typically characterized by its amplitude, which shows how much field strength has changed, 

and its polarity, showing the direction of the change in field strength.  

In a GE sequence, an excitation pulse (like 90°) tilts the longitudinal magnetization to the 

transverse plane. The first gradient pulse is turned on after the excitation pulse. The spins 

start to precess at different frequencies according to the Larmor equation, causing a certain 

amount of phase accumulation between the spins, and over time the signal gradually starts 

to diminish. The second gradient is turned on with the same amplitude as the first but 

opposite polarity. Spins in this case, precess faster and, after some time, the accumulated 

phase between spins is compensated by inducing a signal echo generated by the gradient 

called ‘gradient echo’ (figure 8). The time between two excitation pulses is called the 

repetition time TR. Changing the TR, TE and flip angle of a GE sequence influences the contrast 

weighting. 

 

Figure 8:- Gradient echo sequence: The FID signal is manipulated by a bi-polar gradient, resulting in a gradient echo. 

2.4 Image formation 

2.4.1 Slice selection 

In the previous section (2.3), pulse sequences were shown to be used in obtaining specific 

forms of MR signal (for example SE, GE). In this section, we discuss spatial localisation of these 

signals, which is essential for MR image formation. Spatial information is encoded by 

superimposing spatially dependent magnetic imaging gradients G = [Gx, Gy, Gz] on the main 

magnetic field B0. The MR signals are encoded into a three-dimensional (3D) frequency space 



2.4 Image formation | Arush Honnedevasthana Arun 
 

 
 

25 

by successively applying the gradients G in three orthogonal directions, from which an MRI 

image can then be reconstructed. 

A slice selection magnetic gradient field G is applied during the RF pulses. Slice selection 

gradient can be used to excite and measure the signal from a specific portion of the specimen, 

rather than the entire volume. For simplicity, we assume that the magnetic gradient field is 

applied that in z-direction: Gz (Figure 9). The linear magnetic gradient causes any plane that 

is orthogonal to the z-axis to have a different Larmor-frequency: 

 𝜔𝐿(𝑧) = 𝛾(𝐵0 + 𝐺𝑧𝑧) (5) 

The position and thickness of the excited slice can be controlled through selection of the RF 

excitation properties and the applied magnetic field gradient. 

 

Figure 9:- Exciting and measuring the signal from a specific portion of the specimen. If an RF pulse of a particular bandwidth 
is applied, only those spins within this frequency range will be excited; this corresponds to a slice within the specimen 

volume. 

2.4.2 Frequency and phase encoding 

After the application of RF pulse, a time-dependent phase encoding gradient and a readout 

gradient is applied for a given time. Here we use the GE pulse sequence to explain this 

process. In a GE pulse sequence, after the application of a 90° RF pulse, a gradient called 

‘readout gradient’ or ‘frequency encoding gradient’ is applied, firstly with a negative polarity 

and afterwards with a positive polarity to place spins in-phase and generate an echo (figure 

10).  

The ‘phase-encoding gradient’ is applied before the readout gradient and perpendicular to it 

(figure 10). The phase encoding gradient is kept for a short period to alter the magnetic field 
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in the gradient direction, and during this brief period, spins precess at different frequencies 

according to Larmor equation. When the phase-encoding gradient is turned off, spins 

continue to precess at the same frequency again and the accumulated phase between spins 

depends on the applied gradient amplitude and duration. 

  

Figure 10:- Simple pulse sequence diagram of Gradient Echo (GE) with phase and frequency encoding gradients.  

2.4.3 K-space formation 

K-space is a matrix representing spatial frequencies in the MR image. All points in k-space 

contain data from all locations within the sample. For a 2D sequence, K-space is a collection 

of raw data points on a two-dimensional grid (Kx, Ky) (Ljunggren, 1983). Each Kx value 

corresponds to a point in the raw data matrix's frequency encoding direction, and each Ky 

value corresponds to a point in the raw data matrix's phase encoding direction. 

Each row in k-space corresponds to the echo data obtained from a single application of the 

phase-encoding gradient.  Typically, the centre of the k-space data are defined to correspond 

to low spatial frequency information, whereas edges of the k-space correspond to high-spatial 

frequency data. Several schemes to sample the k-space have been proposed, each with their 

strengths and limitations (Lustig et al., 2007). 

For instance, an SE pulse sequence (discussed in section 2.2.1), one of the ways to fill the k-

space is explained below (Figure 11A). Starting at the centre of k-space, the trajectory is 

moved to the lower bound of the k-space by shortly switching on a negative phase-encoding 

gradient Gy. Then, a frequency encoding gradient Gx shifts the trajectory to the lower right 

corner of the k-space. During the 180° pulse the trajectory is moved to the upper left corner 

of the k-space. A positive frequency-encoding gradient Gx moves the trajectory to the right 

while the MR signal is acquired. This is repeated for multiple TR periods to fill the k-space. 
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Image from k-space can be reconstructed by applying inverse Fourier transform to the k-space 

(Figure 11B). 

 

Figure 11:- (A) Trajectories in k-space. K-space is traversed using frequency and phase encoding gradients. Dotted lines 
indicate traversing in the k-space starting from the centre of the k-space and filling the entire k-space. (B) The MR image 

can be reconstructed from the k-space data by using a discrete 2D Fourier transform. 

2.5 Spatial resolution 

In Figure 12 relationship between k-space and image resolution is shown. The sampling 

interval, i.e., the distance between two acquired k-space points (∆𝐾𝑥and ∆𝐾𝑦) must meet the 

Nyquist criterion, in order to avoid loss of image information. The k-space sampling is finite: 

the signal S(𝐾𝑥 𝐾𝑦) is not sampled for |𝐾𝑥| > 𝐾𝑚𝑎𝑥,𝑥 and |𝐾𝑦| > 𝐾𝑚𝑎𝑥,𝑦, where 𝐾𝑚𝑎𝑥,𝑥 =

(𝑁𝐹𝐸 2⁄ )∆𝐾𝑥 and 𝐾𝑚𝑎𝑥,𝑦 = (𝑁𝑃𝐸 2⁄ )∆𝐾𝑦 the maximum frequency sampled in frequency and 

phase encoding direction, respectively. 𝑁𝐹𝐸  is the number of frequency encoding steps and 

𝑁𝑃𝐸 is the number of phase encoding steps. According to the Nyquist criterion, the largest 

acceptable pixel size of the image is (Mezrich, 1995): 

 

∆𝑥 =
1

𝐹𝑂𝑉𝑘,𝑥
 

∆𝑦 =
1

𝐹𝑂𝑉𝑘,𝑦
 

(6) 

With Field of View, 𝐹𝑂𝑉𝑘,𝑥 = 2𝐾𝑚𝑎𝑥,𝑥 and 𝐹𝑂𝑉𝑘,𝑦 = 2𝐾𝑚𝑎𝑥,𝑦. Since 𝐹𝑂𝑉𝑥 = 𝑁𝐹𝐸∆𝑥 and 

𝐹𝑂𝑉𝑦 = 𝑁𝑃𝐸∆𝑥, the FOV will thus be determined by the sampling interval: 

 𝐹𝑂𝑉𝑥,𝑦 =
1

∆𝐾𝑥,𝑦
 (7) 

Figure 12b illustrates the inverse relationship between the voxel size and the range of sample 

frequencies in k-space. The sampling rate and spacing (∆k) is kept constant, but there is a 
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decrease in 𝑁𝑃𝐸and 𝑁𝐹𝐸  which also decreases the maximum acquired frequency 𝐾𝑚𝑎𝑥. This 

k-space manipulation results in an increase in the voxel size (∆x, ∆y). To achieve high spatial 

resolution in MRI, sampling of high frequencies in k-space is thus needed. 

When the spacing between the acquired data points is increased, the resulting image will 

have the same voxel size, but the FOV will be smaller. Since the Nyquist criterion is not met, 

the edges of the brain that fall outside the smaller FOV will wrap over the sides of the 

reconstructed image. It is called the Aliasing effect (figure 12c). 

 

 

Figure 12:- relationship between k-space, FOV and image resolution is shown. (a)From a fully sampled k-space the 
corresponding MRI image can be computed. (b) Decreasing the maximum sampled frequency, decreases the spatial 

resolution of the corresponding image. (c) Undersampling the k-space results in aliasing in the reconstructed image. Image 
courtesy- (Hollingsworth, 2015) with RightsLink permission 

2.6 Common MRI artifacts 

Artifacts are often observed in MRI and can appear for a variety of reasons. It is crucial to 

understand the appearance of artifacts since some of them can either be obscure or be 

mistaken for pathology. A few of the most common types of image artifacts that are relevant 

to this thesis are described below. 
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2.6.1 Eddy current 

Eddy currents are usually generated when gradients are switched on and off rapidly. 

According to Faraday-Lenz Law of electromagnetism, the electrical currents are induced in 

nearby conductors by a varying magnetic field. Since MR and particularly diffusion MRI (see 

chapter 3) use rapidly changing magnetic fields to generate (frequency encoding gradient) 

and spatially (phase encoding gradient) and also a diffusion imaging gradient, eddy currents 

are always produced whenever an image is constructed. Figure 13 shows an example image 

due to the effects of eddy current. Fast imaging sequences (where gradients are turned on 

and off rapidly) produce severe eddy current problems. Other pulse sequences that may be 

most affected by eddy-currents includes MR spectroscopy, MR angiography, any sequence 

with a very short TE. Issues of eddy current in diffusion imaging is discussed in the next 

chapter. 

 

Figure 13:- Effects of Eddy Current. The artifact (shown in arrows) is most prominent at the edges, since these voxels will 
sometimes be filled by tissue, and sometimes by air, resulting in difference in signal intensities along the encoding direction. 

Figure taken from (Jones and Cercignani, 2010) using RightsLink permission. 

2.6.2 Gradient nonlinearities 

Spatial encoding gradients in the MR scanner are designed to behave linearly, i.e., a gradient 

should produce an incremental magnetic field whose intensity varies linearly with distance 

from the magnet isocenter position. However, in the practical scenario, this is not the case. 

For example, High-performance MR scanners like Human Connectom Project (HCP) have been 

modified to yield high-quality datasets by increasing the gradient strength (300 mT/m).  Due 

to engineering constraints on system efficiency and coil performance, linear gradient across 

the field-of-view is not possible. It has also been reported that utilizing higher gradient 
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amplitudes results in higher gradient field nonlinearities (Bammer et al., 2003; Setsompop et 

al., 2013). 

MR image reconstruction methods (e.g., Fourier transform) assume that the acquired MR 

data set has been spatially encoded using linear gradients, so any presence of gradient 

nonlinearity in the system causes geometric distortion in the reconstructed MR images. 

Gradient nonlinearities cause spatial non-uniformities, meaning further a voxel is from the 

isocenter of the system, the more the deviation from the nominal gradient strength it will 

experience. Such geometric distortions can be particularly problematic in applications that 

require high geometric precision, such as presurgical or radiation treatment planning, and 

longitudinal studies (Chen et al., 2006; Doran et al., 2005).  

2.6.3 Motion related artifacts  

This artifact is caused due to patient’s involuntary or voluntary movement. Involuntary 

movement includes heart beating, respiratory motion, and pulsation of blood vessels. An MRI 

scan has a typical duration in the order of minutes (depends on number of pulse sequences 

planned), and a patient is usually expected to remain still in order to avoid motion artifacts. 

Figure 14 shows an example image of an subject’s voluntary motion. 

The motion artifacts lead to blurring and ghosting (Atkinson et al., 1999). Fast image 

acquisition, and cardiac gating can compensate these motion artifacts (Larson et al., 2004; 

Pipe, 1999). For example, the Echo Planar Imaging (EPI) (see chapter 3) is a fast acquisition 

scheme which significantly reduces the risk of motion artifacts. Other studies have used 

external devices like optical motion tracking system to compensate for motion (Chikop et al., 

2018; Zaitsev et al., 2006). 
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Figure 14:- Effects of subject motion. In the presence of motion, phase errors are  accumulated during spatial encoding, 
mainly along the phase direction. Figure taken from (Zaitsev et al., 2015) using RightsLink permission. 

2.6.4 Field inhomogeneity artifact 

Artifacts related to the external magnetic field, i.e., B0, are usually caused by magnetic 

inhomogeneities. These nonuniformities are caused due to improper shimming or imperfect 

design or thermal instability of the magnet (Krupa and Bekiesińska-Figatowska, 2015). 

Magnet inhomogeneity directly attributes to image quality and various artifacts. The types of 

problems associated with poor magnet homogeneity include: blurring, intensity loss, and 

spatial distortion artifacts (Figure 15). These image quality issues are observed for large field-

of-view studies, and whenever gradient echo and fast/ echo-planar sequences are used. 

 

Figure 15:- Inhomogeneity-induced  signal  losses  in  the  brain  of  a  single subject. Figure taken from (Merboldt et al., 
2000) using RightsLink permission 

2.6.5 Magnetic susceptibility artifact 

MR systems are calibrated in such a way that the magnetic field throughout the sample or 

subject of interest is homogeneous. However, due to differences in magnetic susceptibility 
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within the subject of interest, this calibration cannot account for localised field variations. In 

regions where this susceptibility differs, the magnetic field becomes non-uniform. This 

inhomogeneity is thus more in regions where there are interfaces between materials with 

varying magnetic susceptibilities; for example, the air-tissue in the frontal sinus of the human 

head (figure 16). 

The magnetic field offset due to magnetic susceptibility may vary spatially, translation in the 

direction of phase-encoding is not the only effect seen in the reconstructed images. These 

distortions can cause the MR signal from a large spatial area to converge into a smaller volume 

within the distorted image, causing the signal to accumulate in that voxel. 

 

Figure 16:- Geometric distortion induced by magnetic susceptibility differences observed in front lobe, bone, and air‐filled 
sinuses. Figure taken from (Bihan et al., 2006) using RightsLink permission. 
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Diffusion MRI is an imaging modality within MRI, which allows in vivo investigation and 

characterization of tissue microstructure. Diffusion MRI captures the diffusional motion of 

water molecules and, as a consequence of the interactions between water and cellular 

structures, provides information about the underlying geometry of brain microstructures. The 

diffusion of water molecules generates the image contrast in diffusion MRI. In this chapter, 

the physical principles of diffusion MRI are introduced; the most common diffusion 

acquisition techniques are then discussed, along with some of the basic and advanced 

diffusion MRI applications. 

3.1 Brownian motion of water molecules  

Each molecule in a fluid is in continuous motion due to its thermal energy and switches 

direction upon each collision with other molecules. In a homogeneous medium, the resulting 

particle trajectory describes a random walk: a process of statistically independent steps, as 

illustrated in figure 1. This phenomenon is known as Brownian motion (Brown, 1828), named 

after Robert Brown. He first observed, under a microscope, the random motion of pollen 

grains suspended in water. 

In circumstances where there are differences in the concentration of particles, the molecules 

move from a region of higher to a region of lower concentration. This process is described by 

Fick’s first law: 

 

 𝐽 = −𝐷∇𝐶 (1) 

 

With J the net particle flux, D the diffusion coefficient, and C the particle concentration.  

The diffusion phenomenon can be explained by the observations made by using the example 

shown in figure 1. Molecules in the fluid (e.g., water) are constantly moving around as a result 

of their thermal energy. If the motion of one single molecule could be observed, one would 

see it tumbling around freely, changing its path each time it collides with another molecule.  
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Relating Brownian motion to macroscopic diffusion, Einstein introduced the displacement 

distribution function, which gives the probability that a single molecule undergoes a 

displacement within a certain time. When the molecules are free to diffuse, the probability 

density function (PDF), p(r) takes the form of a Gaussian distribution, which is focussed 

around zero and whose width is proportional to the diffusion coefficient (Einstein, 1905): 

 𝑝(𝑟) =
1

√(4𝜋𝑑𝑡)3
𝑒−

‖𝑟‖2

4𝐷𝑡  (2) 

 

Where t the diffusion time, r is the displacement vector, and D the diffusion coefficient, which 

is the same as the one in Fick’s law (equation 1). 

In the case of isotropic unrestricted diffusion, the relationship between the mean square 

displacement and the diffusion coefficient for a group of molecules is described by the well-

known Einstein equation (Einstein, 1905): 

 < ||𝑟||2 >= 6𝐷𝑡 (3) 

 

Where ||𝑟||2 is the mean squared displacement of the molecules, and t is time, which is 

assumed to be long compared to the time between collisions. 

 

Figure 1:- Illustration of Brownian motion. Molecules are constantly moving around. 

Biological tissue is often highly structured and heterogeneous in the presence of cell 

membranes and intracellular organelles that reduce the diffusion of water molecules. For 

instance, white matter consists of several compartments, e.g., intra- and extra axonal spaces. 

Hindrance refers to reduced molecular mobility in general, whereas restricted diffusion 

specifically denotes that molecules are confined to a bounding structure on the time scale of 

the measurement. In addition, boundaries between these compartments may have coherent, 
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directional structure, restricting diffusion in some directions more so than others. As a result, 

the diffusion can no longer be described by a single scalar diffusion coefficient, and more 

complex description of the diffusion is needed. 

Diffusion-weighted Imaging (DWI) works on the basis that within a given time interval, t, the 

diffusion of water molecules is restricted in regions such as a white matter in the brain. The 

differences in diffusion due to these hindrances at the microscopic level can be measured as 

differences in the DWI signal at the macroscopic level. The following section describes how 

diffusion information can be encoded in the MRI signal using the Stejskal-Tanner sequence. 

3.2 Stejskal-Tanner sequence 

Stejskal and Tanner introduced a pulse imaging sequence to measure the diffusion of water 

molecules (Stejskal and Tanner, 1965), which is also referred to as Pulsed-gradient spin-echo 

(PGSE). The sequence is based on a spin-echo sequence (described in section 2.3.1) which has 

symmetrical rectangular shaped diffusion sensitising gradients inserted before and after the 

refocusing pulse of 180 °. The excitation pulse 90° RF is applied to flip the magnetization to 

the transverse plane. The diffusion gradients G is switched on during a time δ and spaced at 

a time distance ∆ . As illustrated in figure 2, the first gradient pulse G, causes a phase shift of 

the spins and the spin positions are assumed to remain constant during the time δ. Due to 

the 180° refocusing pulse, the spins get inverted, and a second diffusion sensitising gradient 

G, is applied that is equal in strength to the first. If the spin has displaced during the diffusion 

time interval, ∆, then the second gradient pulse will not cancel out the phase shift induced by 

the first. The signal from the stationary water spins is maintained as practically unaltered. 

However, moving non-stationary water spins due to Brownian motion will be in a different 

position, the spins will not be rephased by the same amount by the second gradient pulse G, 

and the echo will have a reduced signal. 
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Figure 2:- Stejskal-Tanner acquisition sequence for diffusion weighted Imaging. From left to right: (1) all spins are aligned in 
a strong magnetic field along the vertical axis of a rotating frame; (2) a 90 RF pulse flips the spins to the transverse plane; 

(3) a magnetic field gradient in direction G causes the spins to dephase; (4) a 180 RF pulse flips the spins to the opposite side 
of the transverse plane (5) a second diffusion gradient causes rephashing of spins; (6) signal readout at maximal rephasing, 

in case of diffusion, the proton spins are not completely refocused, resulting in reduced signal. 

The net induced phase shift after the full sequence is given by equation 4, where the spin 

position r (t = 0) = r0 is assumed to be constant during the pulse duration δ and  𝛾= 2𝜋· 42.576 

MHz/T is the gyromagnetic ratio of Hydrogen (McRobbie et al., 2006). 

 

 

𝜑 = 𝛾𝛿𝐺. (𝑟 − 𝑟0) 

 

(4) 

Note that the spins that do not experience diffusion in the time ∆ have a net phase shift, 𝜑 =

0 and for spins that did experience diffusion, the net phase shift 𝜑 ≠ 0.  

After the second diffusion gradient G application, the initial induced phase shift of spins 

undergoing diffusion along the gradient direction will not be cancelled in full by the second 

phase shift (Figure 2). Diffusing spins thus experience the net phase shift. The resulting phase 
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incoherence among the spins causes a signal drop compared to the MR signal in the absence 

of diffusion gradients, i.e., the non-diffusion-weighted signal S(0): 

 

 

𝑆 = 𝑆0𝑒−𝛾2𝐺2𝛿2∆𝐷 = 𝑆0𝑒−𝑏𝐷 

 

(5) 

For convenience, it is common practice to combine the gradient strength, timing and 

gyromagnetic ratio into a single b-value, b= −𝛾2𝐺2𝛿2∆. In practice, if 𝛿 << ∆, then the 

diffusion of spins during the applied gradient pulse is negligible (narrow pulse approximation). 

However, narrow pulse approximation is not valid due to limited gradient strengths, and 

therefore diffusion occurring during the gradient pulses needs to be taken into consideration. 

The result is an effective diffusion time of   ∆ = ∆ −  𝛿/3, and therefore b-value becomes: 

 

 

b =  −𝛾2𝐺2𝛿2( ∆ −
𝛿

3
) 

 

(6) 

Using Equation 6 the diffusion coefficient can be estimated in a free unrestricted medium. 

However, because the diffusion of water in white matter is restricted by barriers such as axon 

membranes, the diffusion PDF (equation 2) is non-Gaussian, and therefore the estimated 

diffusion coefficient is dependent on both the tissue microstructure and experimental 

conditions (such as diffusion time and b-value).  

In general, for large b-values, the signal quickly falls off, resulting in very noisy data. 

Appropriate b-value selection is vital to avoid either a very low signal attenuation when b is 

too small or a poor signal-to-noise ratio (SNR) when b is too high (Tournier et al., 2013).  

The signal S has a Fourier relationship with the PDF (Jones, 2010), which is not necessarily 

Gaussian. This is an important observation since it potentially gives access to the complex 

diffusion profile of water molecules at each voxel. The computation of these profiles have 

given rise to many research developments of alternative acquisition and reconstruction 

techniques. We describe these different diffusion MRI reconstruction techniques in further 

section (3.4) of this chapter. 
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3.3 Echo-planar Imaging (EPI) 

Spin-echo EPI is the sequence of choice for DW imaging. EPI is a fast acquisition scheme, in 

which K-space is sampled extremely fast. It was first introduced by (Mansfield, 1977), 

however, it was implemented in routine practise in the 1990s, when high-performance 

gradients and enhanced analog to digital converters were made available. 

Comparing it with conventional SE imaging is helpful in understanding EPI. In a SE pulse 

(discussed in chapter 2) sequence, a line of image data (one line in k space or one phase 

encoding step) is collected within each repetition time (TR) period. For multiple TR periods, 

the pulse sequence is then repeated until all phase encoding steps are collected, and K-space 

is filled in. The imaging time is, therefore, equal to the product of the TR and the number of 

phase-encoding steps. 

In EPI, several lines of imaging data are acquired after one single RF excitation. A SE diffusion-

weighted EPI sequence consists of 90° and 180° RF pulses, and a pair of identical diffusion-

weighting gradient lobes (G) placed on either side the 180° RF pulse. The frequency-encoding 

gradient oscillates rapidly from a positive to a negative amplitude after the 180° RF pulse, 

forming a train of gradient echoes (Figure 3). Each echo is encoded differently by a short phase 

encoding gradient (blips) on the phase encoding axis. Each frequency-encoding gradient 

oscillation corresponds to one line of image data in k-space, and each blip corresponds to a 

transition from one line to another line in k-space. This technique is called echo-planar 

blipped Imaging (Stehling et al., 1989).  

 

Figure 3:- An example of Echo Planar Imaging (EPI) sequence in Diffusion-weighted Imaging. The diffusion-weighting 
gradient (G) can be applied in any arbitrary direction along the three orthogonal gradient axes. 
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EPI 's main advantage is that it allows one to collect a complete diffusion-weighted slice in a 

single shot in a very short time. This however comes at the expense of a very low bandwidth 

in the phase-encoding direction, so images are spatially distorted along that axis (Andersson 

and Skare, 2012). The reconstructed images from this sequence can have localized geometric 

distortions, caused by main B0 magnetic field inhomogeneities (Jezzard and Balaban, 1995). 

The primary source of resonance frequency offsets are local magnetic field inhomogeneities. 

These inhomogeneities are produced by discontinuities in magnetic susceptibilities, such as 

those occurring at tissue/air interfaces, particularly in the midbrain and the forebrain regions 

near the paranasal sinuses. Moreover, the distortions observed are non-linear, making it 

feasible that the signal intensity from neighbouring voxels collapses into a single voxel, 

resulting in accumulation of signal in one area and drop-outs of signal in the other (Jones and 

Cercignani, 2010).  

One of the approaches to correct for EPI distortions consists of acquiring the desired data set 

a second time, completely identically apart from an opposite phase encoding direction. Since 

the images have opposite phase encoding, the distortions will be in the opposite direction. 

These distorted images can be combined to produce a distortion-corrected image without the 

loss of information (Andersson et al., 2003; Holland et al., 2010).  

3.4 Signal and Modelling 

3.4.1 Apparent Diffusion Coefficient (ADC) 

As mentioned in section 3.2, the diffusion coefficient can be estimated in a free unrestricted 

medium using equation 5. Nonetheless, because the diffusion of water in white matter is 

constrained by barriers such as axon membranes and myelin sheathing, the diffusion PDF is 

non-Gaussian, and thus the apparent diffusion coefficient depends on both the 

microstructure of the tissue and the experimental conditions (such as diffusion time and 

gradient strength). Equation 5 can also be written as: 

 

 
ln

𝑆

𝑆0
= −𝑏. 𝐴𝐷𝐶 

 

(7) 
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In most types of tissue (e.g., grey matter), there is no cellular organisation’s orientation 

preference. As a result, the diffusion profile is approximately equal in all directions, and the 

diffusion profile is said to be isotropic. (Moseley et al., 1990) first noted that the diffusion of 

water in coherently ordered tissue (e.g., white matter) is hindered to a greater degree 

perpendicular to the direction of the axon than parallel. The propagation profile, in this case, 

is described as anisotropic.  

A simple MR experiment may consist of a single b = 0 image and a single DW image to quantify 

the ADC; however, the result of such an experiment would depend on factors such as the 

strength and direction of the diffusion gradient. A (relatively) orientation-independent 

measurement of ADC may be performed by acquiring 3 DWIs, each sensitised to molecular 

diffusion along one of three orthogonal directions. Therefore, in order to accurately 

characterize more heterogeneous structure, more image information is required, and more 

advanced mathematical models are needed to extract useful information from these data. 

3.4.2 Diffusion Tensor model 

Simple models have been proposed to account for the diffusion process in biological tissues. 

For instance, the scalar diffusion coefficient D can be replaced by a diffusion tensor, D. Hence 

equation 3 can be generalized considering the covariance matrix of the net displacement 

vector R: 

 
𝑫 =

1

6t
RRT = (

Dxx Dxy Dxz

Dxy Dyy Dyz

Dxz Dyz Dzz

) 

 

(8) 

The diffusion tensor (D) is expressed by a second-order symmetric positive-definite tensor 

and has 6 degrees of freedom. It enables the diffusion profile to be represented as a zero-

mean 3D Gaussian. Note that since D is symmetric, it is completely defined by its six unique 

elements. When the diffusion tensor is used to represent isotropic diffusion, D becomes a 

diagonal matrix, in which the diagonal elements are the same and equal to the diffusion 

coefficient D. In the case of anisotropic diffusion (equation 7) a minimum of 6 measurements 

of S along 6 unique gradient directions, plus a b=0 baseline image, S0, is required to compute 

D. 
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The simplest and most commonly used method of estimating the diffusion tensor coefficients 

is a linear least-squares fit the log of the DW signal. However, a limitation of this method is 

the assumption that after log transformation, DW data will be independent and distributed 

identically; the data variance is no longer constant. Several more fitting techniques have been 

suggested for this purpose, which includes a weighted linear least-square fitting (Basser et al., 

1994a), non-linear least-squares directly fitting the DW signal (Koay et al., 2006), a 

combination of weighted least square (WLS) (Basser et al., 1994b) and iterated least-squares 

(IWLS)  (Veraart et al., 2013) fitting, and more sophisticated non-linear approaches that take 

into account possible outliers due to subject motion, cardiac pulsation and physiological noise 

(Chang et al., 2005). 

There are two types of information that can be derived from the diffusion tensor: (i) Fibre 

bundle orientation. (ii) Scalar quantities summarizing the diffusion properties of the 

underlying white matter. Both pieces of information can be captured from the diffusion 

tensor by decomposing D into a collection of orthogonal base vectors known as eigenvectors 

(𝑒1,  𝑒2, 𝑒3) and their associated eigenvalues (𝜆1, 𝜆2, 𝜆3) 

 𝐷 = [𝑒1 𝑒2 𝑒3] [

𝜆1 0 0
0 𝜆2 0
0 0 𝜆3

] [𝑒1 𝑒2 𝑒3]𝑇 (9) 

D is a real, symmetric matrix, its eigenvalues are real, and its eigenvectors are orthonormal. 

The eigenvalues are rotationally invariant and describe the diffusivities along the directions 

defined by the eigenvectors (usually referred to as the principal diffusivities). Figure 4 

illustrates an example of diffusion tensor and its corresponding eigenvectors. The major (or 

principal) eigenvector indicates the direction of the fastest diffusion, and it is often assumed 

that it agrees with the orientation of the underlying fibre population. The eigenvalue 

associated with the principal eigenvector is often called the axial or longitudinal diffusivity 

and describes the diffusivity along the direction of the fibre. The two smaller eigenvalues can 

be averaged, (𝜆1 + 𝜆2)/2 to form a single measure called as the radial or perpendicular 

diffusivity. Several studies to date have used such measures to perform quantitative voxel-

based comparisons between groups of individuals (see section Chapter 4-voxel-based 

analysis). 
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Figure 4:- Tensor representation- Eigen decomposition of the diffusion tensor. 

Two other scalar measurements that are commonly used are determined by combining the 

eigenvalues to describe the size and shape of the diffusion tensor.  

• Mean diffusivity (MD) (Figure 5B) represents the mean ADC, averaged over all 

orientations, and is computed as follows: 

 𝑀𝐷 =
𝜆1 + 𝜆2 + 𝜆3

3
 (10) 

• The other measure is Fractional Anisotropy (FA), which describes the degree of 

diffusion anisotropy (Figure 5C). The FA is normalized, it can take values between zero 

(isotropic diffusion) and one (diffusion constrained along one single axis), and is 

defined by: 

 𝐹𝐴 =
𝑠𝑡𝑑(𝜆𝑖)

𝑟𝑚𝑠(𝜆𝑖)
= √

3

2
√

(𝜆1 − �̅�)
2

+ (𝜆2 − �̅�)
2

+ (𝜆3 − �̅�)
2

𝜆1
2 + 𝜆2

2 + 𝜆3
2  (11) 
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Figure 5:- (A) b=0 image of DWI series and (B)-(D) are common tensor metrics derived from the DWI series data set. 

FA is the most widely used anisotropy measure, due to its superior contrast-to-noise ratio 

(Alexander et al., 2000; Kingsley and Monahan, 2005)and noise-immunity (Hasan et al., 2004).  

FA maps can be colour coded to visualise the orientation of the diffusion tensor principal 

eigenvector. This colour coding scheme is commonly used in DWI (Pajevic and Pierpaoli, 

1999). It encodes anatomically left-right orientations as red, anterior-posterior as green, 

inferior-superior as blue (as shown in figure 5D).  

FA has been applied to investigate a wide range of clinical applications (see chapter 4), for 

example, Stroke, Tumour, Epilepsy, Motor Neurone Disease, Multiple Sclerosis, and, 

Schizophrenia (Chiang et al., 2016; Inglese and Bester, 2010; Kubicki et al., 2007; Maier et al., 

2010; Moura et al., 2019). FA has also been used with other modalities like structural MRI, 

functional MRI to study lateralization and asymmetry (discussed in chapter 6) in human brain 

white matter. 

3.4.2.1 Limitations of the tensor model 

Despite the encouraging results obtained using the diffusion tensor model, a serious 

limitation of this model is that the regular rank-2 tensor contains only one peak and hence 

can not accurately model more than one fibre population within a single voxel. This is a major 

concern since many voxels may contain two or more distinct fibre populations (a situation 

sometimes referred to as ‘crossing fibres’). In fact, it is now evident that a large proportion of 

white matter voxels contain more than a single fibre bundle (Jeurissen et al., 2012); this is 
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related to the difference between the scale of individual axons (~1-5 µm) and image voxels 

(~1-3 mm) in size, as well as the complexity of tissue microstructure organisation.  

To understand this problem, consider a voxel containing two fibre populations (Figure 6c). 

The diffusion tensor model for each fibre population in isolation is likely to be highly 

anisotropic and prolate in shape. However, a single diffusion tensor cannot appropriately 

model the diffusion signal from both fibre populations, and the result is an oblate shaped 

tensor. The shape of the tensor does not convey the nature of the underlying fibre structure. 

This makes FA maps unreliable measures to assess white matter ‘integrity’ (Assaf and 

Pasternak, 2008). 

 

Figure 6:- The diffusion tensor is inappropriate to model more than just a single population of fibres. A) A voxel contains a 
single vertically oriented bundle, its tensor, and the measured signal may be visualised by plotting the image intensity as a 

function of diffusion sensitisation orientation (bottom row). B) A bundle of horizontal fibres and the related tensor and 
measured signal profile. C) If two populations of fibres exist within the same voxel, the model of the diffusion tensor is 

oblate in shape.  

In particular, a single voxel may be composed of multiple fibre populations with different 

spatial orientations and, therefore, a change in FA cannot be easily interpreted given that it 

is affected by both a change in the integrity of the various fibre components and a change in 

their proportions (i.e., volume fractions) (Alexander et al., 2001). For example, axon 

degeneration, which is commonly associated with a decrease in FA (Song et al., 2003), may 

also cause an increase in FA if the degeneration occurs in a secondary fibre bundle within a 

region containing two fibre populations (Douaud et al., 2011). The crossing fibre issue also 

has serious implications for diffusion tensor based tractography (see section 3.5), since all 

white matter tracts are likely to pass through regions with multiple fibre populations at some 
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point along their path. This may lead to discovery of both false positive (e.g., portions of the 

caudate nucleus) and false negative (e.g., lateral projections of CC) connections (Jeurissen et 

al., 2011).   

Another limitation of the diffusion tensor model is the assumption of a Gaussian PDF, even in 

voxels that contain a single fibre population. A variety of early experiments have shown that 

the DW signal attenuates as a function of b-value with a multi-exponential decay (Assaf and 

Cohen, 1998; Niendorf et al., 1996). A very small fraction of water is transferred between 

cellular compartments during a typical diffusion imaging time (Quirk et al., 2003) and 

therefore it is improper to model the restricted diffusion using a single or multiple (Clark and 

Bihan, 2000) diffusion tensor (Assaf and Cohen, 2000). 

3.4.3 Higher-order models 

Alternative models have been developed to overcome the limitations of DTI analysis. To 

characterise the complex diffusion and fibre orientation information that arises within voxels 

containing multiple fibre bundles, more advanced models than the diffusion tensor are 

needed. This has been possible with the advent of High Angular Resolution Diffusion-

weighted Imaging (HARDI) (Tuch et al. 2002), where a larger number of gradient directions 

are used to more fully capture the higher angular features of the DW signal.  

There are several approaches that assume a diffusion model within a single coherently aligned 

bundle of axons. The measured DW signal profile in a given voxel is presumed to be the 

weighted linear sum of the DW signal resulting from each distinct bundle of fibres. Those 

methods are referred to as model-dependent (also sometimes called mixture models). There 

are several mixture models that model HARDI data, and some of the most popular are 

described below. 

3.4.3.1 Multi-Tensor Modelling  

Multi tensor is a simple extension of the DTI model to assume that a mixture of Gaussians can 

describe the diffusion PDF, and this model is also called the Multi-Tensor model. In this model, 

the diffusion signal is characterised by a weighted combination of a finite mixture of diffusion 

tensors, one per underlying fibre population. In addition to this, some of the other multi-

tensor implementations also include an isotropic compartment to model CSF and grey matter 

(Hosey et al., 2005). 
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Some studies have used this model to perform tractography (discussed in section 3.5) and 

have demonstrated benefits in regions with crossing fibres (Fillard et al., 2011; Qazi et al., 

2009). It has also been reported that tensor derived quantitative indices such as MD and FA, 

which are often used to characterize white matter disease, cannot be reliably extracted from 

multi-tensor models (Filatova et al., 2018). This is due to the necessary constraints being 

imposed on the diffusion tensor shape to make the model fitting procedure tractable. 

3.4.3.2 Ball & Stick model 

This model assumes that water molecules in a voxel can be described by one of two 

populations, a restricted or hindered population within or near fibre structures and a single 

isotropic population (Behrens et al., 2003; Hosey et al., 2005). An anisotropic distribution Pi 

is used for the restricted population, and an isotropic Gaussian distribution Pf is used for the 

free population.  The diffusion PDF is then given by 𝑃 = 𝛼𝑃𝑓 + (1 − 𝛼)𝑃𝑖, where 𝛼 represents 

the volume fraction of the free population   This approach can be extended to multiple fibres 

by including mixture of restricted compartments (Behrens et al., 2003).  

3.4.3.3 Composite and hindered restricted model of diffusion (CHARMED) 

In CHARMED (Assaf and Basser, 2005) the intra-axonal water compartment within a single 

fibre population is modelled using an analytical model for restricted diffusion within an 

impermeable cylinder. The extra-axonal water compartment is considered as hindered 

diffusion and is modelled using a single diffusion tensor. Like the multi-tensor model and ball 

& stick model, the measured DW signal is the weighted sum of the contributions from all 

compartments and is thus able to recover multiple fibre compartments. 

All the previously mentioned multi-Gaussian, Ball & Stick and CHARMED models suffer from 

the same drawbacks regarding the choice of model and its numerical implementation. In all 

the cases, one must select the number of compartments a priori, and perform non-linear 

optimization to solve for the parameters and the methods are sensitive to noise and to the 

number of measurements (Alexander et al., 2019; Novikov et al., 2019).  

3.4.4 Spherical Deconvolution 

Spherical deconvolution (SD) is a method designed to compute the fibre orientation 

distribution (FOD), which is a continuous distribution representing the fraction of the 

underlying fibres as a function of orientation (Dell’Acqua et al., 2007; Kaden et al., 2007; 
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Tournier et al., 2004). The FOD can be considered as a generalisation of the discrete mixture 

models described in the previous section (3.4.3) to a continuous model able to represent the 

number of underlying fibre populations. 

Spherical deconvolution methods are based on the assumption that the measured HARDI 

signal can be expressed as the convolution of a single canonical DW signal profile (for a single 

population of coherently aligned axons) with the FOD over the spherical coordinates.  

For example, as illustrated in figure 7 consider two discrete fibre populations of orientation 

defined by 𝑣1̂ and 𝑣2̂, then the measured DWI signal is 𝑆(𝜃, 𝜙), would be the sum of 

individual DW signal profiles, with weighted volume fractions f1 and f2. The measured DW 

signal is expressed as the convolution, over spherical coordinates, of the response function 

(corresponding to the DWI signal from a single fibre population aligned along the z-axis) with 

the FOD. The response function can be estimated directly from the in vivo data within those 

voxels known to contain a single fibre population(Tournier et al., 2007, 2004). In general, 

equation 11 describes the relationship between the FOD and the DW signal/response 

function. 

 𝑆(𝜃, 𝜙) = (𝑅 ⊗ 𝐹) (12) 

Where, S is the signal, R is the response function and F is the FOD. 

 

Figure 7:- Estimation of FOD using spherical deconvolution. S is the HARDI measured signal, volume fractions f1 and f2. The 
HARDI signal can be considered in terms of a convolution over spherical coordinates of the Fibre Orientation Distribution, 

F((𝜃, 𝜙), with an axially symmetric response function, R((𝜃), which is assumed to correspond to the DW signal from a single 
fibre population oriented along the z-axis. 

In order to estimate the FOD in each voxel, the measured DW signal is deconvolved with the 

fibre response function. This is a direct, linear operation when all functions are represented 

in the Spherical Harmonics (SH) basis (Tournier et al., 2004). The SH series is a set of 

orthonormal linear basis functions that can be used to represent functions defined on the 

sphere. Therefore, the discrete HARDI signal can be transformed into a continuous SH basis. 
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However, deconvolution is a highly ill-conditioned operation that amplifies any noise in the 

data giving rise to negative lobes in the FOD’s, which are not physically plausible. Initial 

approaches mediated this problem to some extent by including a low-pass filter in the 

estimation (Tournier et al., 2004), but the real breakthrough came with the introduction of 

nonnegativity constrained spherical deconvolution (CSD) (Tournier et al., 2007).  CSD method 

is based on the knowledge that the FOD should not contain orientations with negative, 

physically impossible, amplitudes. The CSD method uses a non-linear optimisation method 

with a non-negativity constraint that penalises negative amplitudes.  

The CSD technique requires relatively high b-values to obtain sharper and detectable fibre 

crossing FOD’s, with b=3000 m/s2 shown to reveal most of the two-way or three-way crossing-

fibre structures (Tournier et al., 2013). Several studies have proven the superiority of this 

method compared to DTI based tractography (see section 3.5 for details), as well as the 

potentially important consequences of relying on DTI for the fibre-tracking step (Farquharson 

et al., 2013; Mormina et al., 2015). Figure 8 shows an example DTI vs CSD representation for 

a particular region of the brain.  In crossing fibre regions, CSD is capable to represent multiple 

fibres in a voxel. 

 

Figure 8:- Tensor (A) and FOD (B) representation of a section shown in coronal slice of a Diffusion image. 

CSD has provided major improvements in diffusion signal modelling; however, there are some 

challenges that still need to be addressed. First, CSD approaches previously published were 

primarily designed for data acquired with a single constant diffusion weighting, referred to as 

‘single-shell’ acquisition scheme. For data sets with multiple diffusion weights, referred to as 

‘multi-shell’, typically only the outer shell is used in CSD, discarding potentially valuable 

information from the other shells. With a growing number of research centres acquiring such 

data, it would be highly beneficial for CSD to make use of all the available information. Second, 
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CSD is reported to generate inaccurate and noisy FOD estimates in voxels containing other 

tissue types, such as grey matter (GM) and cerebrospinal fluid (CSF) (Dell’Acqua et al., 2010; 

Roine et al., 2014). 

To address this limitation, (Jeurissen et al., 2014) proposed Multi-Shell, Multi-Tissue CSD 

(MSMT-CSD) as an extension to CSD, and it involves a multi-tissue compartment model (such 

as white matter-like, grey matter-like, and cerebrospinal fluid–like components) based on 

their unique b-value and orientation dependencies. In this approach, multi-shell HARDI data 

with at least as many b-values as the number of tissues is needed for recovering these tissue 

FODs. The spherical convolution model (equation 11) then generalizes to a sum of N tissues. 

 𝑆(𝑔) = ∑ 𝑅𝑡,𝑏

𝑁

𝑡=1

⊗ 𝐹𝑡(𝑔) (13) 

With b-value dependent tissue response function 𝑅𝑡,𝑏(𝜃) and F is the b-value dependent 

FOD’s 𝐹𝑡(𝜃, 𝜙). Results show that using GM and CSF response functions can significantly 

increase the white matter FOD reconstruction accuracy and decrease spurious peaks, leading 

to more accurate measurements (Jeurissen et al., 2014). 

3.4.4.1 Apparent Fibre Density 

At high b-values, the FOD amplitude is approximately proportional to the radial diffusion 

signal for the corresponding fibre orientation (Assaf et al., 2008; Assaf and Basser, 2005; 

Raffelt et al., 2012). It has also been reported that the signal from the restricted, intra-axonal 

compartment is preserved (Yeh et al., 2010), whereas the extra-axonal water and myelin 

signal is strongly attenuated at these high b-values (≥ 3000 s/mm2) (Raffelt et al., 2012). As 

such, the FOD amplitude is approximately proportional to the volume of the intra-axonal 

compartment aligned with the corresponding FOD orientation and thus to the density of the 

fibres. Based on the above considerations,  the Apparent Fibre Density (AFD) metric was 

introduced by (Raffelt et al., 2012), to indicate that the FOD peak amplitude can be used as a 

quantitative measure of the intra-axonal fibre volume and validated this interpretation using 

Monte-Carlo simulations.  

Further studies have shown that the AFD has the potential to provide specific relevant 

information regarding differences between populations by identifying the location and also 
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the orientations along which differences exist (more about this in chapter 4) (Raffelt et al., 

2015). 

3.5 Tractography  

Fibre tractography aims at delineating white matter pathways, integrating local estimates of 

the axonal fibre direction on the global, full-brain scale. Based on the information from the 

local fibre orientations (e.g., as estimated based on the FODs of CSD), diffusion MRI 

tractography can be used to delineate the white matter fibre pathways of the brain non-

invasively. Tractography has the potential to provide insights into the complex inter-

connected structure of the brain, and the ways in which this connectivity may be disrupted in 

various disease states (Assaf and Pasternak, 2008).  

Once the fibre orientations are known in each voxel, the next step is linking them together to 

form the long‐range fibre trajectories (tractogram). The most widely used technique for fibre-

tracking is based on the step wise generation of streamlines (Jeurissen et al., 2017). This 

method known as the Euler integration, involves creating a streamline (or track) from a 

starting point (called as the ‘seed’) and advancing the position step-by-step (Figure 9) in a 

direction determined from the information contained in the diffusion data (e.g., the main 

direction of the diffusion tensor in the case of DTI or the peak direction of the FOD in the case 

of CSD) (Tournier et al., 2012). This form of step-wise tracking technique has been expanded 

to include methods for higher-order numerical integration (Jeurissen et al., 2017). 

Nevertheless, even when using higher-order numerical integration schemes, the step-by-step 

nature of such a procedure makes streamline fibre tracking highly susceptible to error 

propagation: small local errors can accumulate along the way, causing tracks to turn off 

course and move into unrelated neighbouring tracts or stop prematurely.  
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Figure 9 :- Schematic representation of tracking process, with the trajectory following the local fibre orientation in a step‐
wise manner. 

The diffusion tensor is one of the most commonly used models for characterising the fibre 

orientation with respect to the measured diffusion signal (Basser et al., 1994b).  As mentioned 

in the previous section (3.4.2.1), the diffusion tensor provides an unsuitable representation 

of the underlying fibre orientations in voxels of complex fibre architecture, causing false 

negatives in which tracking can end prematurely (Behrens et al., 2007; Jeurissen et al., 2011) 

or false positives, in which tracking can move to an adjacent unrelated tract (Pierpaoli et al., 

2001).  

As mentioned in the previous section (3.4.3), higher-order models (e.g., CSD) have the 

capacity to estimate the orientations and relative contributions of multiple fibre populations 

within each voxel, without any clear assumption as to the number of underlying fibre 

populations (Jeurissen et al., 2017; Tournier et al., 2011). Even in regions of white matter with 

complex fibre infrastructure, tracking can be achieved by using the FOD or any discrete multi-

fibre model as a propagator (Tournier et al., 2012, 2010). Studies have shown that DTI-based 

tractography can result in information that is systematically inaccurate and clinically 

deceptive, whereas FOD based tractography approaches, using the same diffusion data, 

demonstrate anatomically much more plausible fibre trajectories (Farquharson et al., 2013; 

Tournier et al., 2012). Figure 10 demonstrates tractography results for DTI (figure 10a) and 

CSD-based tractography (figure 10b) on the same diffusion data. Figure 10 also demonstrates 

the absence of Meyer loop (bottom row ) in DTI-based tractography (Tournier et al., 2012). It 

is generally agreed that higher-order diffusion models provide more anatomically plausible 

tractography results and are therefore necessary to analyze the complexities of the human 
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brain (Farquharson et al., 2013; Jeurissen et al., 2012). Tractography can be used as a tool to 

investigate invaluable information for neurosurgical planning and is being increasingly 

explored for this purpose (Fernandez-Miranda et al., 2012; Leclercq et al., 2011).  

 

Figure 10:- Example of tensor-based (A) and (B) constrained spherical deconvolution based tractography for corpus 
callosum (top row) and optic radiation (bottom row). Figure taken with permission using RightsLink (Tournier et al., 2012) 

3.5.1 Deterministic vs probabilistic algorithms 

Streamlines fibre-tracking algorithms can be broadly divided into deterministic and 

probabilistic algorithms, depending on how the path is selected for progress at each step. 

Deterministic tractography algorithms assume a unique fibre orientation (e.g., largest eigen 

value of the tensor in the case of DTI) estimate in each voxel, and as such provide a single 

pathway emanating from each seed point. The streamline is propagated by taking small 

discrete steps (less than the size of the image voxels) in the direction of the locally estimated 

fibre orientation. The local fibre orientation (which defines the local tangent for the 

streamline) may be taken from the image voxel in which the streamline currently resides 

(Mori et al., 1999), or it may be some weighted average of the orientations in the local 

neighbourhood of voxels (Conturo et al., 1999). However, the estimates of local fibre 

orientation are subject to errors due to image noise, patient movement, and artefacts, as well 

as local model inaccuracies, which may lead to streamline integration errors and be reflected 

on the final tractogram (Jones, 2003; Tournier et al., 2002).  
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One of the main issues in deterministic algorithms is that no information about the 

uncertainty from the data is incorporated into the tracking process (Mori and Zijl, 2002). 

Probabilistic streamlines algorithms attempt to overcome this issue by considering the 

uncertainty in the estimated fibre orientations, and sampling from this uncertainty as 

individual streamlines are propagated. Probabilistic streamline results are often quantified by 

producing visitation count maps of the number of trajectories that traverse each voxel, which 

can then be evaluated and more readily compared. An example of deterministic and 

probabilistic tractography is shown in figure 10. 

3.5.2 Streamline termination 

One of the elements of streamline tractography is to choose when the streamlines should 

ideally terminate its propagation process. Some of the basic mechanisms to determine 

streamline termination are mentioned here. Trajectories may be terminated using a threshold 

on a given diffusion metric. For example, in DTI-based tractography, when the FA falls below 

a certain threshold value, it is normal to stop a streamline. The reasoning behind this criterion 

is that low FA regions have higher uncertainty in the principal direction of diffusion, and thus 

a significant potential error for the next streamline step. For high-order reconstruction 

algorithm (e.g. CSD) based tractography methods, tracking is typically stopped when the local 

fibre densities as defined by the FOD along the selected tracking orientation drops below a 

certain threshold (Jeurissen et al., 2011; Tournier et al., 2012). Another method is the use of 

masks, where streamlines are not allowed to exit. The track can be also terminated if the 

maximum local curvature of the streamline exceeds a pre-defined limit. 

3.5.3 Targeted vs. whole-brain tracking 

Targeted tracking is usually performed to generate streamlines related to user-defined 

regions. There are three ways a user-defined ROI can be specified: (i) Seed regions, where the 

seed points are placed to start the streamline propagation; (ii) Include regions: streamlines 

must traverse these regions to be accepted; and (iii) Exclude regions: any streamline that 

enters this region will be discarded. Targeted tracking is performed in those experiments 

where the subject of interest being interrogated is already known. This would require 

knowledge about anatomy, so accurate placements of ROI can be done. 

In whole-brain fibre tracking, streamlines are generated throughout the entire brain to obtain 

an estimate of the total structural connectivity of the white matter. The advantage of this 
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approach is it does not require user-interaction to generate streamlines. The whole-brain 

tractogram is usually performed with at least 1 million streamlines to allow dense 

reconstruction. Figure 11 shows an example of a whole-brain tractogram of 2 million 

streamlines. 

Several studies have also used the whole brain tractogram to select a subset of streamlines 

corresponding to a particular pathway of interest or hypothesis (Wassermann et al., 2016; 

Wasserthal et al., 2018). Chapter 6 discusses this approach in greater detail. Such an approach 

is used to isolate white matter bundles and is sometimes referred to as virtual dissection 

(Catani and Thiebaut de Schotten, 2008).  

 

Figure 11:- Whole brain tractogram of 2 million streamlines, as seen on axial, sagittal and coronal views. Streamlines 
coloured based on local orientation (red = left-right ; green = anterior-posterior ; blue = inferior-superior). 

3.5.4 Track filtering vs. anatomical priors 

One of the limitations of the streamlines tractography reconstruction process is that the 

density of reconstructed connections does not reflect the density of underlying axon 

connections. For instance, the seeding procedures associated with generating whole brain 

tractogram are known to cause overrepresentation of long fibre tracts and 

underrepresentation of short fibre tracts (Smith et al., 2013). Long tracts will be sampled by a 

large number of seed points, and short tracts will be sampled by a limited number of seed 

points, thereby artificially increasing and decreasing the track counts, respectively. 

There is usually no system in place to ensure that generated fibre tracts match with the raw 

diffusion MRI signal. In addition, to make more quantitative sense for local track densities, it 

should be possible to map them back to the raw diffusion data using a model that links the 

fibres to the diffusion MRI signal with minimal residuals (up to a global scaling factor) (Smith 
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et al., 2013). This requirement can be fulfilled either by using a global tracking approach 

(Christiaens et al., 2015; Mangin et al., 2013; Reisert et al., 2011), or by applying filtering 

approaches that delete or assign a weight to the contribution of fibre tracks, so that the 

amount of their contributions better matches with the diffusion MRI signal (Daducci et al., 

2015; Schiavi et al., 2020; Smith et al., 2015, 2013).  

In chapter 6 of this thesis, Spherical Deconvolution Informed Filtering of Tractograms 2 (SIFT2) 

(Smith et al., 2015, p. 2) has been used, in order to improve the accuracy of streamline 

reconstruction with quantitative and biologically-plausible features. This is done by adopting 

a filtering technique to the whole-brain tractogram based on results of spherical 

deconvolution of the diffusion signal (FOD), so the resulting tractogram matches more closely 

the diffusion MRI signal. This allows to reduce reconstruction biases and provides a more 

meaningful biological representation(Smith et al., 2015, 2013). 

3.6 Track density Imaging (TDI) 

The Track Density Imaging (TDI) method (Calamante et al., 2010) utilizes a whole‐brain 

tractogram and computes a track-density map by counting the number of tracks traversing 

through each grid voxel.  This method provides a useful visualisation tool for assessing whole-

brain tractogram dense reconstructions. The TDI technique has been extended to also 

visualise information of the direction of the streamline traversing the voxel; this is referred to 

as DEC (Directionally Encoded Colour) TDI. In this technique, the value in each grid voxel 

represents the number of streamlines and the color in each voxel is represented by averaging 

the colors of all the streamline segments, which can be visualised using the standard colour 

scheme for indicating orientation (red = left-right; green = anterior-posterior; blue = inferior-

superior) (Pajevic and Pierpaoli, 1999). Figure 12 shows a DEC-TDI map generated using 20 

million streamlines with 0.5 mm as isotropic resolution.  In the context of this thesis, DEC-TDI 

maps have been used as a visualization aid to identify white matter regions (see chapter 6). 
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Figure 12:- Example Directionally-Encoded Colour (DEC) Track Density Images TDIs as seen on Axial, Sagittal and Coronal 
slices; 0.5 mm isotropic resolution, 20 million streamlines. Coloured according to orientation (red = left-right; green = 

anterior-posterior; blue = inferior-superior) 
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Diffusion MRI and, more specifically, DTI, has been popularly used to study microstructural 

changes in a wide range of neurologic and psychiatric disorders, as well as in healthy 

development, asymmetry, and aging studies. Several methods have been proposed to extract 

quantifiable DTI measures from the data and compare them across subjects. Each of these 

techniques have their advantages and limitations.  

This chapter provides a brief overview of the different methods that are available for the 

analysis of DTI data; then a brief discussion about different frameworks that are being used 

in literature to compare voxel information across subjects; finally, discussion on Fixel-Based 

analysis.   

4.1 Region of Interest-based analysis 

A region of interest (ROI) can be used to identify a subset of image voxels based on some prior 

knowledge or hypothesis. In ROI analysis, diffusion measures are obtained from a specific 

brain region, which is defined by manual or by automated segmentation or parcellation. 

Quantitative analysis is typically performed on ROI summary statistics such as mean scalar 

measures (for example, FA or MD Figure 1) or morphological features (such as the ROI volume 

or shape) (Hau et al., 2016; Latini et al., 2017). 

The manual segmentation of ROIs is typically performed by manual drawing on the anatomy 

of interest. This requires manual interaction and expert knowledge and can lead to intra-

operator variability (Filippi et al., 1998). In addition, manually delineating specific regions in a 

group of subjects for different slices of an image is time-consuming. For this reason, there are 

several studies focussing on the development of methods for automatic and semi-automatic 

image segmentation, for example, in order to delineate voxels belonging to specific white 

matter tracts. This can be done semi-automatically, such as by using user-defined seeds and 

tract editing (Zhang et al., 2010), or automatically using unsupervised clustering of whole-

brain fibre tractography datasets (Maddah et al., 2008; Wassermann et al., 2010).  Once tracts 

have been identified, various metrics can be utilized to study variations between a group of 

subjects, which include calculating ROI mean FA, MD analysis (Jones et al., 2006; Kanaan et 

al., 2006), and FA and volumetric comparisons after projection onto one dimensional 

(O'Donnell et al., 2009) or two-dimensional manifolds (Zhang et al., 2010).  
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The main advantage of ROI-based analysis is the high sensitivity to small changes in the 

parameters of interest in well-defined structures. However, not all structures of interest can 

be automatically segmented, and therefore manual segmentation may be required. As 

mentioned earlier, depending on the region of interest, this process can be a time consuming 

and laborious task, and therefore large-scale population studies may not be feasible. In 

addition, a specific hypothesis is required for the location of the pathology, which is not 

always available. ROI-based analysis is best conducted when a simple hypothesis is present in 

a well-defined area of the brain about the predicted differences in white matter. 

 

Figure 1:- An example of ROI-based analysis. ROI is drawn around the Anterior Commissure region to calculate the mean FA 
value. 

4.2 Histogram analysis 

Typically, histogram analysis focuses on extracting voxels from the entire brain, and therefore 

unlike ROI-based analysis, no prior hypothesis needs to be assumed. This histogram is a 

frequency distribution of image intensities of a diffusion measure (e.g., FA) where each 

discrete bin defines the number of image voxels within a particular intensity range. Histogram 

properties such as the peak height, location, and variance may be compared between groups 

on the assumption that there might be more information available compared to simply 

focusing on mean intensity value. One of the major limitations in histogram analysis is the 

potential lack of sensitivity and spatial specificity to small focal changes in the brain (Jones 

and Cercignani, 2010). 

4.3 Voxel-based analysis 

Voxel-based analysis (VBA) allows the investigation of voxel-wise differences or changes in 

diffusion metrics in every voxel of a brain dataset. VBA is typically used for exploratory 
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analysis of hypothesized group-level alterations in diffusion metrics, as it does not require 

prior knowledge of the location in the brain where such changes may occur. VBA approaches 

are typically automated and, therefore, can be applied to investigate large populations 

without any expert anatomical knowledge. 

Following the original application of VBA to investigate functional MRI (Friston et al., 1994), it 

has since been adapted to analyse other modalities including diffusion MRI. There are many 

different methods and packages of software for conducting voxel-based analysis. 

Nevertheless, all voxel-based analysis implementations have four common steps (each step 

discussed in detail from section 4.3.1 to 4.3.4), regardless of the MRI data being analysed: 

(i) Spatial correspondence is necessary to ensure a comparison of the same anatomy 

across subjects. Correspondence is generally obtained by spatially normalising (or 

warping) each subject to a specific image of the template image. 

(ii) Then, data are smoothed to eliminate residual misalignments, make data more 

normally distributed, and improve SNR. 

(iii) The data are compared between images in the study in corresponding voxels using 

either parametric or non-parametric statistical testing. 

(iv) Due to the large number of tests performed over the entire brain, the 

experimental findings are then corrected for multiple comparisons to compensate 

for type I errors (false positives). 

Note that (iii) and (iv) are common to other voxel-, tract- based analyses, which are discussed 

in sections in 4.4-4.7. The following sections further review the main steps of a typical VBA 

study pipeline. 

4.3.1 Spatial normalisation 

One of the key steps in VBA is to compare voxel-wise metrics (e.g., for diffusion MRI: FA or 

MD), between subjects. One of the main assumptions of VBA is that the information located 

at a specific voxel is compared equivalently across each individual. This is not possible directly, 

due to anatomical variation; furthermore, there can be clear differences in the size and shape 

of different brain regions due to age, sex, or pathology. However, we can overcome this 

problem by performing spatial correspondence to ensure the same anatomy is being 

compared within corresponding voxels across subjects.  
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Spatial normalisation involves minimising anatomical variation within a population by 

transforming each subject image to a common coordinate or template space. The final result 

of this step is an image that has been warped to match another image, and in which voxels 

with the same spatial coordinates represent the same brain structure in both images. In this 

way, it makes sense to compare quantitative diffusion metrics on a voxel level. 

The following steps are often performed during spatial normalization. In the first step, for 

each subject, global differences in the brain are removed by using a linear affine transform 

(compromising scale, shear, translation, and rotation) and in the second step non-linear 

transformation (warp) to remove localised differences in brain structures. Here each subject 

is nonlinearly warped to match a template image. The process of aligning each subject image 

with the template image is called image registration. 

Accurate image registration is critical for reliable VBA results, as misalignments can be 

erroneously interpreted as population differences, therefore leading to unreliable results. In 

order to ensure the alignment between the subject and template image, an image similarity 

metric is used. Examples of similarity metrics are the sum of squares difference (SSD), mutual 

information (MI), and cross-correlation (Van Hecke et al., 2016). 

The image registration pipeline usually involves optimizing the transformation model based 

on the chosen image metric. The transformation model maps each voxel in the template 

image to a point in the subject image. As the corresponding point in the subject image is often 

in an off-grid position, interpolation is required (for example, interpolation with b-spline). The 

resulting images are then compared using the image metric, followed by an update of the 

transformation parameters based on an optimisation strategy. This process is then repeated 

until some stopping criteria is reached, in this case, until the image metric has sufficiently 

converged. 

The registration of DTI data is not a straightforward approach. This is due to the fact that the 

diffusion data in each voxel also contains orientational information. However, if this 

information is not used to guide the registration, which can result in mismatching of different 

fibre bundles (Park et al., 2003; Sage et al., 2007). In other approaches, FA maps are used as 

an input to guide the registration; FA maps can be co-aligned to the subject's T1 image, which 

can then be used for registration towards a T1 weighted template (Xu et al., 2003). One of the 
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problems with this approach is the presence of geometric distortions (if not corrected) in the 

DW images. In this case, different white matter tracts can have different anisotropy; these 

measures are more informative than T1-w images (Gee et al., 2002; Jones et al., 2002). In 

other studies, different channels of input information, such as the T2-w image intensity, FA, 

MD, trace of tensor, and eigenvalues, are included in the registration process in order to 

increase registration quality (Guimond et al., 2002; Park et al., 2003). 

4.3.1.1 Reorientation of diffusion data 

As mentioned in the previous section, the registration of diffusion data is unlike anatomical 

MRI data; it contains orientation information in each voxel. Several studies have utilised this 

orientation information present in the entire diffusion tensor, or its primary eigenvector for 

registration (Alexander and Gee, 2000; Van Hecke et al., 2007; Yeo et al., 2009; Zhang et al., 

2006). However, registering with rotationally invariant measures discards potentially useful 

fibre orientation information contained within the diffusion tensor. 

To understand this problem, consider a white matter fibre bundle (figure 2), containing tensor 

information in each voxel. If the diffusion tensors were warped without reorientation, then 

the principal eigenvectors would not be aligned with the curvature of the fibre bundle. 

Reorientation of the diffusion tensors must be performed to align them with their 

surrounding anatomy. 

 

Figure 2:- Simplified overview of tensor reorientation. When the fibre bundle is warped, the tensors are not aligned with the 
curvature of the fibre. However, after reorientation, the tensors are aligned to the curvature of the fibres. 

Information about how DWI models need to be reoriented is contained in the transformation 

that maps corresponding anatomy between images. This information can be extracted at each 

voxel in the form of the Jacobian matrix, J, which describes the local scale, shear, and rotation 
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in the transformation. The local linear transformation, 𝐹, that is required for reorientation is 

computed by 𝐹 =  𝐽 +  𝐼 where 𝐼 is the identity matrix. 

In work by (Alexander and Gee, 2000), different tensor reorientation methods were 

developed, namely the 'finite strain' and the 'preservation of principle directions' (PPD) 

approach. Both methods compute a rotation transformation matrix based on 𝐹 to reorient 

tensors in each voxel. The diffusion tensor shape (and therefore FA) is conserved before and 

after spatial normalisation by applying rotation and discarding any shear and scale 

information. 

When non-rigid registrations are applied, the local transformation matrix, which is different 

for each voxel, can be used to calculate tensor orientation. However, for rigid-body or affine 

registrations, the same reorientation is applied to all the voxels. In the case of higher-order 

models, several methods have been proposed. For example, in reference (Chiang et al., 2008), 

a PPD strategy was applied, by computing the principal direction of diffusivity, thereby 

favouring the realignment of only the predominant fibre in regions with crossing fibres. 

Applying only rotation to reorient higher-order models and not taking scaling and shearing 

effects into account may lead to inaccurate alignment.  

Alternatively, (Hong et al., 2009) proposed to reorient FODs based on series of evenly 

distributed sampling vectors of FODs. The vectors are reorientated by 𝐹 and length adjusted. 

One of the disadvantages of this method is when 𝐹 contains a large scale or shear component, 

which in turn can alter the homogeneous `angular density' of the evenly distributed sampling 

vectors, this can lead to modifying the shape or spread of FOD of any given fibre bundle. 

Differences in the length or width of the fibre bundles between subjects should not 

necessarily imply that the FODs representing those bundles have a different spread (usually 

attributed to fanning and bending)(Hong et al., 2009). To overcome this limitation (Clarke et 

al., 2009), proposed a new FOD reorientation method called the Preservation of principal 

branches (PPB). In this method, the spread of each fibre population is preserved by allowing 

different rotations to be applied to each fibre population in the voxel. However, a limitation 

of this approach is that the number of fibre populations in each voxel needs to be known a 

priori (Clarke et al., 2009). 
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In the work of (Raffelt et al., 2012a), reorientation of FODs is performed by approximation of 

FODs as the sum of a number of apodised point spread functions(PSF). Similar to (Hong et al., 

2009) work, the total FOD integral and partial volume fractions of underlying fibre populations 

are preserved with no prior assumption about the number of fibre populations. Reorientation 

of FODs using apodised PSF has shown benefits in voxel-based comparison and also FOD 

based image registration (Raffelt et al., 2011). 

4.3.1.2 Atlas template 

An important consideration in the spatial normalisation of images for any voxel-based analysis 

is the selection of the template image, which is briefly discussed in this section. 

Atlas or standard template have been used in several studies to register all the subject data, 

and it has been shown that the choice of atlas or template can affect VBA results (Van Hecke 

et al., 2011; Zhang et al., 2011). Several studies have used Montreal Neurological Institute 

(MNI) or International Consortium of Brain Mapping (ICBM) atlas; the advantage of using a 

standard atlas is the ability to cross-reference subject data with pre-defined standard 

anatomical labels, which permits standardised reporting, and coordinates of significant 

findings can be easily compared across studies. However, one of the disadvantages is that the 

templates may not be representative of the subject population under investigation. Most 

standard templates are generated from healthy subject data, they do not actually reflect an 

average brain of the study subjects, particularly when the disease is present in certain 

subjects. For example, for the case of DTI metrics (like FA) to compare between healthy 

subjects and patients, when all the data are transformed into a standard atlas of a healthy 

brain, the outcome of the registration would be much better for the healthy data of the 

subject than for the patient data. There will not only be registration errors, there will also be 

a bias against a certain group of subjects. As a result, this will lead to false-positive findings 

caused by misregistration in one of the subject groups in specific brain regions (Van Hecke et 

al., 2011). 

4.3.1.3 Study specific template 

One advantage of a standardised atlas template is the ability to co-locate subject data with 

pre-defined anatomical labels, which allows standardised reporting and comparisons across 

studies (Mori et al., 2008). However, a disadvantage is that atlas templates may not be 

representative of the subject population under investigation. This may affect the 
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performance of VBA since registration algorithm errors are more likely to occur when there 

is a large distance (i.e. difference in shape) between the images being aligned. Ideally, the 

chosen template should be at a similar distance from all subjects in the study, thus reducing 

any bias due to the error of registration. In the study (Guimond et al., 2002) have developed 

a method for constructing a population-specific template that is both average in intensity and 

shape. Similar approaches have since been developed to build DTI-based population-specific 

templates (Van Hecke et al., 2008; Zhang et al., 2007) and have been shown to improve the 

detection of white matter abnormalities using voxel-based analysis (Van Hecke et al., 2011). 

Study-specific or population-based template can be constructed based on the data sets that 

are going to be analysed. One of the ways to do this is to select a subset of subjects, either 

randomly or based on a metric that determines which subject is most representative for the 

population  (Van Hecke et al., 2016). Then, all data sets are registered with each other, and 

the deformation fields are averaged from one subject to all others. Then, the subject with the 

smallest average field of deformation for all other subjects can be considered the most 

representative subject of the population under study (Van Hecke et al., 2016). 

In other study proposed by (Raffelt et al., 2011), have used FODs to generate a study-specific 

template. In this approach, the FODs are spatially normalised by using the method explained 

in section 4.3.1 and then the warps derived for each subject are utilized to build the FOD 

template. This is achieved by iteratively updating and averaging the template using a 

symmetric diffeomorphic FOD registration algorithm (Raffelt et al., 2011). This approach has 

been used in this thesis (see chapter 6). 

One of the main advantages of the study-specific template is that it provides the best 

representation possible of the data sets that are studied (when appropriate registration 

techniques are used). One of the drawbacks with a study-specific template is that it does not 

contain anatomical labels as available in standard atlas templates.  

4.3.2 Smoothing 

In voxel-based studies, images are smoothed to enhance SNR, reduce image misalignments, 

and improve residual normality. Smoothing involves using a kernel, like a Gaussian kernel, to 

blur the data. Based on the weighted values of neighbourhood voxels, as defined by the 

kernel, the image value in each voxel is recomputed. Usually, the size of this kernel is set by 



4.3 Voxel-based analysis | Arush Honnedevasthana Arun 
 

 
 

80 

the full width at half maximum (FWHM). The FWHM is an measure of the distribution of kernel 

values, indicating that the kernel is 3 mm width at 50 % of its peak value when the FWHM is 

3 mm. Figure 3 shows an example of smoothing performed on a 2D image (FA map). 

 

Figure 3:- Example of smoothing on Fractional Anisotropy (FA) map. Figures on the right show examples of application of a 
smoothing filter with varying Full Width Half Maximum (FWHM) 

The problems related to smoothing DTI data are similar to problems in ROI analysis because 

the spatial scale of the expected differences should be known for an optimal result for both 

the methods (Jones and Cercignani, 2010). VBA's smoothing of DTI data in white matter has 

also some unique problems, which refers to the particular nature of the DTI information, i.e., 

information available on the white matter tracts. Therefore, smoothing with Gaussian 

isotropic kernels would introduce widespread averaging of information across various 

bundles of white matter and tissue types (Van Hecke et al., 2016). 

Based on the assumption that group differences are likely to occur along the length of a fibre 

bundle, previous research by (Van Hecke et al., 2010) demonstrated the utility of an 

anisotropic Gaussian kernel for smoothing DTI results (Lee et al., 2009; Van Hecke et al., 

2010). The shape of the smoothing kernel is not isotropic in these techniques and can differ 

across the brain. The shape of the kernel can be modulated, for instance, based on an FA map 

(Van Hecke et al., 2010). One of the ways the smoothing kernel will stop at edges of the FA 

image is by using a mask. Furthermore, because the structure of the smoothing kernel is 

modified locally, this technique can cope with the differences in shape, size, and width of 

white matter tracts across the brain (Van Hecke et al., 2016). 
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4.3.3 Statistical analysis of images 

Voxel based analysis involves statistical comparisons between voxels to identify regionally 

significant group differences within the brain. (Friston et al., 1994) describes a commonly used 

approach for the statistical analysis of imaging data called statistical parametric mapping 

(SPM).  

In this method, a general linear model (GLM) is used to compare group data at each voxel 

level, and the resulting statistics are accumulated into a single statistical image called a 

statistical parametric map. The GLM encapsulates a number of statistical models for e.g., t-

test, F-test, Analysis of Variance (ANOVA), and linear regression. Importantly, covariates can 

be incorporated in the GLM (such as age, sex). 

GLM extends the concept of a linear regression model. GLM introduces a link function around 

the linear combination of the explanatory variables. In the model,  

 𝑌 = 𝑋𝛽 + 𝜖 (1) 

𝑌 (𝑡 × 𝑣) is the matrix that encodes signal from DWI images 𝑡 for each voxel 𝑣, 𝛽 is the 

unknown coefficient, that needs to be estimated, and 𝑋 is the design matrix of shape (𝑡 × 𝑚) 

that encodes 𝑚 experimental conditions (e.g., binary variates that indicate the presence of 

an experimental event such as sex). 𝜖 is the error term. Also, note that each term in equation 

2 goes by several alternative names: 𝑋 individual columns are known variously as regressors, 

covariates, explanatory variables (EVs); 𝑌 is the data or dependent variable; 𝜖 is called the 

residual error or residuals.  

Most GLMs contain more than one regressor. In this case, for each regressor, there is one 

unknown coefficient, and the model fit consists of adding all the scaled regressors: this is 

called a multiple regression model and can be represented as: 

 𝑌 = 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ 𝛽𝑖𝑋𝑖 + 𝜖 (2) 

Here, 𝛽 (i=1,2…I) are the unknown coefficients, and the X (i=1,2…I) are the regressors. In GLM 

both 𝑌 and 𝜖 remain as single column vectors containing DWI signal data and error estimates 

respectively for a single voxel at successive time points (i = 1 to n).  In the design matrix, each 

new column of X would be constructed by the hypothesis to reflect a specific factor 

(regressor) thought to influence the outcome of the experiment. 
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GLM can be used to test for a specific effect, a 'contrast' that allows to focus on a particular 

characteristic of the data. For example, the question of whether a positive effect exists (that 

is associated with one regressor) can be expressed as 𝛽1 > 0. A contrast in the GLM is defined 

by a set of weights, one for each β. For example, if there are three parameters, then the GLM 

can be represented as:  

 𝑌 = 𝐶1 ∗ 𝛽1 + 𝐶2 ∗ 𝛽2 + 𝐶3 ∗ 𝛽3 > 0. (3) 

In the same example, if 𝐶1=1, 𝐶2 and 𝐶3=0 then the results in 𝛽1>0, which tests if the effect 

size associated with the first regressor is positive.  

In a neuroimaging analysis, the GLM works with data from every voxel; usually, there are at 

least tens of thousands of such voxels. For each one of these voxels, we have a series of data 

values at each voxel, meaning some measurements are available for different points in time 

or across different subjects. Therefore, when we apply the GLM analysis to a dataset, the 

regression is performed separately for the data at each voxel this is called a mass univariate 

analysis, which means that the same analysis is performed many numbers of times ("mass") 

and is performed separately for every voxel in the brain ("univariate"). Therefore, the "best 

fit" depends on the series of data values at each voxel, and the predicted β values are different 

for every voxel. The result of a whole-brain multiple regression study is a series of whole-brain 

maps of β values (one map per regressor) and each map contains one β value per voxel, as 

estimated from the multiple linear regression analysis. 

4.3.4 Statistical inference 

Most of the neuroimaging studies perform statistical tests to determine whether an 

observation is statistically significant. Several studies report the p-value (explained below) to 

measure the strength of the evidence that a result is not just a likely chance occurrence. 

If the probability distribution from which each data point has been drawn is known (e.g., that 

it is a zero-mean Gaussian), then we can calculate the likelihood (or p-values) of the observed 

data. It is possible either to use a parametric approach and say we know what the probability 

distribution of the data is (e.g., assuming it is normal, Gaussian noise) or to use a non-

parametric approach that makes few to no assumptions about the data (e.g., permutation-

based approaches that infer the distribution from the data).  In both approaches, we end up 

with a number that informs us how likely it is to find a test result (e.g., a t value) that is at 
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least as large as the one determined from the observed data, based on the presumption that 

no effects are present. This number is the p-value.  

To illustrate this with an example, in figure 4, let us consider 30 datapoints. It is assumed that 

a mean value plus independent, white Gaussian noise can be accurately modelled by data. A 

t-statistic is computed from the data values (formula not shown), and the result in this 

example is a value of 1.82. Since the data distribution is known (Gaussian), the probability 

distribution of the t-statistic can be theoretically calculated under the assumption of the null 

hypothesis (µ=0). This t-distribution has 29 degrees of freedom (df=n-1, in this case, 29). The 

value 0.040 (shown as the checkerboard area) is the area of the distribution to the right of 

the calculated value (t=1.82). As in this case, the probability (for this particular data set) is less 

than 0.05, the null hypothesis is dismissed, and the test is considered statistically significant 

(i.e., µ >0). 

 

 

Figure 4:- An example data illustrating hypothesis test using t-test. In this example we assume that a mean value plus 
independent, white Gaussian noise can be accurately modelled by data. A t-statistic is computed from the data values and 

the result in this example is a value of 1.82. The probability that a value equal to or greater than that can be generated 
purely by noise (using the null hypothesis assumption) can be calculated using the t-distribution. As in this case the 
probability (for this particular data set) is less than 0.05, the Null hypothesis is dismissed, and the test is considered 

statistically significant. P-value is shown as the entire red region and the p-value=0.04 is shown as the checkerboard area. 

Performing multiple statistical tests (such as for all n voxels in an image) increases the 

likelihood of a type I error, and so a correction is required for multiple corrections. 

Approximately 5 percent of all brain voxels without any correction will have a p-value of less 

than 0.05 solely by chance. A Bonferroni correction is the easiest way to control the family 

error rate (the probability of making one or more false discoveries during multiple tests). 

Bonferroni correction involves dividing the statistical threshold by the number of statistical 

tests that are performed.  
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However, each voxel 's intensity in the DWI image is similar to (and therefore not independent 

of) its neighbours, and therefore a Bonferroni correction is too conservative. There are several 

methods that take into account the spatial interdependence of the voxel intensities. There 

are other less strict methods to correct for multiple comparisons, the most popular being the 

theory of Gaussian random fields (Worsley et al., 2016), and permutation-based approaches 

(Nichols and Holmes, 2002). There are several advantages and disadvantages to these 

techniques, and we are going to discuss the permutation-based approach as it is relevant to 

this thesis and further used in chapter 6 (methods section). 

The parametric statistical test requires data to be normally distributed or for the distribution 

to be known. However, (Holmes et al., 1996) introduced an alternative non-parametric 

approach based on permutation testing, which relies on very few assumptions and can be 

used in situations where data cannot usually be assumed to be normally distributed. To 

understand the concept of permutation testing, consider the scenario in Figure 5, where data 

from a single voxel is compared between patients (P) and control subjects (C). Under the null 

hypothesis, if there is no difference between groups, then it is arbitrary to assign subjects to 

different groups since the same outcome can be determined independently of the labelling. 

It would be surprising if most patient data were smaller or larger than the data of the controls. 

To measure the surprise degree in terms of probability, we first select a test statistic, such as 

the group mean difference or t-value. 

In the first step, we compute the test statistic using the actual labelling (i.e., without 

permutation). We then compute the distribution of the test statistics that would arise under 

a large number of random permutations of the group labels (called the permutation 

distribution). The significance or p-value of the test statistic with no permutation among 

subjects, T, is determined by computing the fraction of the permutation distribution that is 

greater than T. Note that the number of permutations, N, should be large enough to 

characterise the permutation distribution (approx. 5000). 
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Figure 5:- Illustration of permutation testing. There is no difference between the patient group (P) and control group (C) 
under the null hypothesis, and hence the expected test statistics are independent of the group label. In order to determine 

the significance of the test statistic corresponding to the actual group labelling, T, the result is compared to distribution that 
would occur if the group labels were permuted (the permutation distribution). 

As mentioned earlier, mass univariate testing on multiple voxels would lead to lower 

statistical power due to the need for correcting for the large number of comparisons that 

need to be performed. 

Permutation testing also handles multiple comparisons using the maximum statistics 

calculated for each permutation over the entire image (Holmes et al., 1996). The hypothesis 

is rejected if every voxel in the image produces a test statistic greater than or equal to 100 % 

of the maximum distribution of statistical permutation. This strategy has been systematically 

proved to ensure control over the family-wise error rate (Holmes et al., 1996). 

Supra-threshold cluster tests (Friston et al., 1994) reported increased sensitivity in population 

differences at the cost of spatial specificity. This technique aims to identify 'clusters' consisting 

of neighbouring voxels that show statistical effects above a predetermined threshold. The 

permutation distribution is built using either the cluster size or mass (integral) as the test 

statistic (Nichols and Holmes, 2002). Another approach called Threshold Free Cluster 

Enhancement (TFCE) (Smith and Nichols, 2009) is a widely used method that addresses the 

arbitrary choice of cluster-forming thresholds by enhancing spatially contiguous areas of 

positive test statistic voxels. In addition to removing the necessity of selecting an arbitrary 

threshold, TFCE has been shown to improve the power of cluster-based inference in some 

cases (Smith and Nichols, 2009), and the ability to perform inference at a voxel level.  
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Uniform smoothing of t-value images are necessary in TFCE, as noise in the images 

(nonstationary) could lead to a voxel falsely enhancing areas of positive t-value voxels. This 

may lead to an elevated number of false positives and false negatives. To overcome this 

limitation non-stationary correction is performed (Salimi-Khorshidi et al., 2011). This method 

involves computing TFCE for each voxel on the raw statistic image and then calculating 

empirical TFCE per voxel, that is defined by (Salimi-Khorshidi et al., 2011): 

 𝐸𝑃𝑇𝑉𝑖 =
∑ 𝑇𝐹𝐶𝐸𝑖,𝑘

𝐾
𝑘=1

𝐾𝑇𝐹𝐶𝐸𝑖

 (4) 

Where 𝐾𝑇𝐹𝐶𝐸𝑖
is the number of permutations. 𝑇𝐹𝐶𝐸𝑖,𝑘 is the value of TFCE on voxel i for 

permutation k. The voxel wise normalisation is: 

 𝑇𝐹𝐶𝐸𝐸𝑚𝑝𝑖
=

𝑇𝐹𝐶𝐸𝑖

𝐸𝑃𝑇𝑉𝑖
 (5) 

4.4 Tract-Based Spatial Statistics (TBSS) 

(Smith et al., 2006) introduced TBSS framework, with the goal of optimizing VBA for diffusion-

based white matter studies. TBSS has become a popular method for analysis of DTI data due 

to its availability in FSL (FMRIB Software Library — www.fmrib.ox.ac.uk/fsl).  In this 

framework, images are spatially normalised, followed by a projection of selected voxels onto 

a 'mean skeleton of FA.' The projection is done by perpendicular searching of the skeleton 

and choosing the voxel with the largest FA (which is assumed to correspond to the centre of 

the tract). The projection on the FA skeleton can, to a certain extent, compensate for potential 

registration errors. Voxel-wise statistical comparisons are then performed on voxel within 

white matter skeleton. 

There are several notable limitations to TBSS. Firstly, consideration is given to only a relatively 

small amount of the white matter, with no explicit attempt to match actual white matter 

tracts across individuals (Edden and Jones, 2011). Second, lesions in the white matter are 

often associated with a smaller FA. This can lead to the exclusion of lesion voxels from the 

analysis if projections are made of neighbouring tract voxels with greater FA values (Jones 

and Cercignani, 2010). Finally, areas with multiple white matter fibres have artificially reduced 

and noisy FA values, which may lead to erroneous skeletonization and projection procedure. 
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4.5 Voxel based morphometry (VBM) 

VBM involves voxel-wise comparison between two groups of subjects of the regional grey 

matter 'density.' The relative amount of grey matter corresponds to the density here 

(Ashburner and Friston, 2000). VBM has been used to detect differences in cortical thickness 

after removing gross differences in morphology (such as brain and/or lobe volume) (Wright 

et al., 1995). Gross anatomical differences are eliminated with a relatively low-frequency 

transformation through registration. The density of grey matter is then compared by 

examining voxel-wise differences in the intensity of smoothed grey matter segmentations. 

More recent and advanced registration algorithms allow for more accurate, high-frequency, 

image alignment. If images from different subjects could be perfectly aligned, then any 

differences in the grey matter segmentations would be eliminated completely, and therefore 

no difference would be identified. For this reason, by modulating the tissue density by an 

amount proportional to the Jacobian determinant, more recent VBM analyses aim to preserve 

the total amount of grey matter in the spatially normalised image. Therefore, the strength of 

each voxel in the spatially normalised and modulated segmentation can be considered as the 

proportion of the voxel which is grey matter after adjustment for differences in brain 

morphology. 

4.6 Tensor based morphometry (TBM) 

TBM specifically examines the volumetric data found in the Jacobian matrix. The easiest 

approach is to compare the Jacobian determinant images (or log of the determinant) between 

populations using the methods of voxel-based analysis described in the previous section (4.3). 

While originally developed to analyse T1-weighted images (Chung et al., 2008; Hua et al., 

2008; Riddle et al., 2004), by registering FA images, the same approach can be applied to DW 

data (Sadeghi et al., 2018). 

There are 2 ways to perform statistics on the Jacobian determinant. One of them is univariate 

statistical test, in which the meaningful information about the direction of change contained 

in the Jacobian matrix is lost. For example, in a particular case, where a voxel is scaled to twice 

its width and half its height. In this case, as the total volume is not modified, the Jacobian 

determinant is equal to 1, and thus essential information was discarded. The second approach 

is multivariate statistics on the entire Jacobian (Jahanshad et al., 2010; Lepore et al., 2008; 
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Sadeghi et al., 2018). The Jacobian matrix, for example, can be decomposed into a pure strain 

matrix to explain the scaling directions and their related strengths. It has been shown that 

multivariate analysis of Jacobian matrices detects larger structural changes relative to 

univariate analysis of the Jacobian determinant (Lepore et al., 2008). In another work by 

(Zhang et al., 2009), the Jacobian matrix was used to compute two intuitive measures (or 

descriptors) per voxel in combination with a DTI-based template. The first describes the 

scaling along the length of the fibre orientation (as described by the DTI principal eigen 

vector), while the second describes the change in the plane perpendicular to the direction of 

the fibre. 

To summarise, when evaluating grey matter, the use of the Jacobian determinant is 

appropriate for TBM and VBM as it represents the difference in volume and thus the total 

number of neurons before and after spatial normalisation. The Jacobian determinant does 

not indicate variations in the total number of axons when analysing white matter as this must 

include consideration of the orientation of the axons about the degree and direction of the 

scaling in the Jacobian matrix (Zhang et al., 2009). 

4.7 Fixel-Based Analysis 

In diffusion MRI analysis, VBA is a popular way of analysing white matter, offering proof of 

altered brain connectivity by identifying variations at the local level (Van Hecke et al., 2016).  

In section 3.4.2.1, we have discussed several limitations regarding FA as a quantitative metric 

to study the white matter. Hence using FA in voxel-based analysis would make it unreliable. 

In the study (Raffelt et al., 2015) have discussed a couple of issues regarding the issues of 

using VBA on white matter. Firstly, a white matter voxel may contain crossing fibres, i.e., a 

voxel with multiple populations of fibres, each of which belongs to a different tract of white 

matter with a unique function. Study from (Jeurissen et al., 2012), suggests that up to 90% of 

white matter voxels have two or more populations of fibres. Ideally, any whole data-driven 

approach should be able to relate any major significant effect in regions with crossing fibres 

to a particular fibre population. Second, white matter contains anatomical structures that are 

oriented and are capable of spanning many voxels in the image. Spatially distant voxels may 

share the same axons, but adjacent voxels may not share the same. Therefore, it is fair to 

believe that correlations in quantitative measurements will occur anywhere along a fibre tract 
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but not necessarily isotopically with all voxel neighbours (as is expected to be the case in grey 

matter).  

Higher-order models have not only improved the performance of VBA (Behrens et al., 2007; 

Fillard et al., 2011; Jeurissen et al., 2011), they have also been used to derive quantitative 

metric to obtain microstructural information from the white matter (e.g., as a more 

interpretable and specific alternative to FA). In particular, the FOD amplitude has been 

suggested as a quantitative measure of the partial volume of the underlying fibre populations 

and has been initially termed Apparent Fibre Density (AFD) (Raffelt et al., 2012b). Simulations 

and in vivo experiments have supported the possibility of interpreting the AFD biologically as 

a measure of the intra-axonal volume fraction occupied by axonal fibres associated with the 

direction of FOD lobe (Raffelt et al., 2012b). Therefore, this approach offers a means of 

assessing the white matter in a fibre-specific and physically interpretable manner. 

A variety of quantitative measurements have been introduced in recent years which can be 

allocated within a given voxel to a particular fibre population.(Raffelt et al., 2015) introduced 

fixel, which refers to specific population of fibres within a voxel. The fixel measures derived 

are used to perform group comparisons within all of the white matter under a framework, 

termed as Fixel-based analysis (FBA).  Typically, FBA uses FODs calculated using CSD (Tournier 

et al., 2007), which are capable of resolving multiple fibre-bundle populations within a voxel, 

thereby allowing the estimation of tract-specific metrics. These metrics include fibre density 

(FD), fibre cross-section (FC) and fibre density and cross-section (FDC), which may be easier 

to interpret than conventional voxel-specific DTI metrics (Raffelt et al., 2017). We briefly 

discuss the steps carried out in FBA as outlined in (Raffelt et al., 2017).  

4.7.1 Global intensity normalisation  

In order to compare FODs across subjects, FODs needs to be intensity normalised and bias 

corrected across subjects. In one of the methods proposed by (Raffelt et al., 2012b), intensity 

normalisation was performed across DWI subjects by dividing all DWI volumes by the median 

CSF or WM b=0 image. This method removes intensity variations due to T2 signal and 

inhomogeneity.  One of the problems with this approach is it may be biased when pathology 

influences the selection of voxels for intensity normalisation. 
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In FBA, particularly using MSMT-CSD approach, a method proposed by (Raffelt et al., 2017), 

performs multi-tissue informed intensity normalisation by using information from the 

components (WM, GM, and CSF) to optimise the bias field estimate based on the physical 

constraint that the various tissue volume fractions should sum to 1 in every voxel. 

4.7.2 Generating study-specific template 

In order to compare corresponding voxels and orientations between subjects, FOD images 

need to be spatially normalised towards a common template image. As discussed in the 

previous section (4.3.1), each FOD needs to be spatially normalised and reoriented to ensure 

fibre orientations remain consistently aligned with surrounding anatomy. This involves 

deriving for each subject a non-linear warp, which maps each point in the template image to 

a corresponding point in the subject image. This is done iteratively modifying the template 

using a symmetrical, diffeomorphic FOD registration algorithm (Raffelt et al., 2011), which 

involves reorientation of FODs using apodised delta functions (Raffelt et al., 2012a). 

4.7.3 Fixel-specific quantitative metrics 

4.7.3.1 Fibre Density (FD) 

As mentioned in chapter 3, there are several models that can measure the total axonal 

volume of each fibre. In this work, we choose to calculate FD (Fibre Density) based on 

integrating the FOD within each lobe, as proposed in (D. Raffelt et al., 2017). Here, the FOD 

lobes are first segmented based on the FOD's peaks and troughs, and the apparent FD of each 

lobe is determined by non-parametric numerical integration using dense FOD sampling over 

a hemisphere (Smith et al., 2013). Figure 6 shows intra-axonal volume of a fibre bundle and 

figure 6B illustrates reduced FD due to axonal loss.  

In FBA, (Raffelt et al., 2015) method is used to obtain correspondence of fixels across subjects. 

We then assign the FD value from the corresponding fixel in the subject for each fixel, which 

is identified as the fixel having the closest orientation (within the same voxel location). 



4.7 Fixel-Based Analysis | Arush Honnedevasthana Arun 
 

 
 

91 

 

Figure 6:- The schematic represents a cross-section of a fibre-bundle (where grey circles are represented as axons, while the 
square grid represents voxels of the image). A change in the intra-axonal volume may manifest as: (a) a difference in tissue 
microstructure resulting in a change in in-voxel fibre density (FD); (b) a macroscopic difference in the cross-section of a fibre 
bundle (FC);  (c) a difference in a combination of both fibre density and cross-sectional area of a bundle (FDC). Figure source, 

taken with RightsLink permission- (D. Raffelt et al., 2017) 

4.7.3.2 Fibre cross-section (FC) 

FC is a quantitative measure of individual fibre-bundle cross-section differences and is 

measured as the degree of distortion perpendicular to the orientation of a given fixel that is 

needed to warp the FOD image of a subject into the template space (D. Raffelt et al., 2017). 

Figure 6C describes a situation in which a variation in intra-axonal volume of a fibre bundle is 

expressed as a difference in the number of voxels occupied by the fibre bundle.  

As mentioned in the previous section (4.5 & 4.6), VBM, and TBM  (Ashburner and Friston, 

2000) have been widely used to investigate the morphology of grey and white matter. Both 

methods exploit information derived from the spatial warps computed during each subject 's 

image registration while building a study-specific template. The determinant of the Jacobian 

matrix (the spatial derivative of the warp) defines the local volume differences between the 

subject and the template image at any voxel in the non-linear warp. The maps of the Jacobian 

determinants may be investigated directly (TBM) or used to modulate tissue density maps 

(VBM). 

The Jacobian matrix provides information about the local scaling, shearing, and stretching at 

each point in the non-linear warp, which maps template positions to the subject. The Jacobian 

determinant represents local volumetric differences, where values less than one reflect 

shrinking and values greater than one reflect expansion (in terms of the template). The 
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volumetric changes in the plane perpendicular to the fixel orientation are of interest in the 

study of white matter because they represent variations in the number of axons. FC is a 

measurement based on morphology differences in the plane perpendicular to the fixel 

direction, and in the FBA framework, FC is measured across subjects as a tool for analysing 

local fibre-bundle cross-section variations. 

FC can be measured simply as the total volume change (Jacobian determinant), factoring the 

scale change along the orientation of the fixel, giving the perpendicular plane an expansion 

or contraction(D. Raffelt et al., 2017): 

 𝐹𝐶𝑓 =
det (𝐽)

‖𝐽𝑣𝑓‖
 (6) 

Where 𝐽 is the Jacobian matrix at the fixel's voxel location in the non-linear warp (D. Raffelt 

et al., 2017), 𝑣𝑓 is the unit vector that defines the direction of fixel 𝑓. Note that for group 

statistical analysis of FC, log (FC) is used to ensure that data are centred around zero and 

normally distributed. Fixel FC values > 1 mean a larger cross-section of the encompassing fibre 

bundle in the subject space, whereas FC values < 1 mean a smaller cross-section.  

As discussed earlier, FC is solely dependent on registration. As shown in the (D. Raffelt et al., 

2017), it is also possible to envisage situations where a change can be observed in this metric, 

which due to corresponding changes in the FD does not correspond to the information-

carrying capacity. So, it is important to be very conservative to interpret any changes in FC. 

4.7.3.3 Fibre Density and cross-section (FDC) 

FDC (figure 6D) is a combined measure of fibre density (FD) and fibre cross section (FC): 

𝐹𝐷𝐶 = 𝐹𝐷 × 𝐹𝐶. Group differences in intra-axonal volume can manifest as changes in both 

intra-voxel density and macroscopic fibre-bundles cross-section. Thus, both types of 

information needs to be combined to achieve a more accurate measure relevant to the total 

intra-axonal volume. The FDC measure is sensitive to both sources of changes in the overall 

'connectivity' of the tract, i.e., in the changes in cross-section (for example, smaller breadth 

of tract) or changes in the density of the white matter.  
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4.7.4 Statistical analysis and inference 

4.7.4.1 Connectivity-informed smoothing 

As mentioned in the previous section (4.3.2), images for voxel-based analysis are smoothed 

before performing statistical analysis to enhance SNR, alleviate the effects of the residual 

image misalignments or anatomical variation. In traditional VBA, data are typically smoothed 

with a local isotropic neighbourhood using a Gaussian kernel. Based on the assumption that 

group differences are likely to occur along the length of a fibre bundle, previous work by (Van 

Hecke et al., 2011) demonstrated the benefit of an anisotropic Gaussian kernel for smoothing 

DTI data. 

In the FBA framework, the first step in the process of smoothing is computing fixel-fixel 

connectivity matrix for the entire template. Whole-brain fixel-fixel connectivity matrix is 

established at each fixel by quantifying the underlying connection based on information from 

streamlines (derived from probabilistic tractography) (Raffelt et al., 2015). 

In FBA, as illustrated by (Raffelt et al., 2015), the data are smoothed by computing smoothing 

weights by multiplying the fixel–fixel connectivity weights with the Gaussian kernel weights. 

Connectivity-based smoothing ensures that fixel-specific measurements are smoothed locally 

with fixels belonging to the same fibre tract, and smooths data with fixels with high 

connectivity values. 

4.7.4.2 Connectivity-based fixel enhancement (CFE) 

As mentioned in the previous section (4.3.4), cluster-based analysis uses a predefined 

threshold on a test-statistic image to identify significant (clustered) voxels. In the original TFCE 

method (Smith and Nichols, 2009), only if the voxels are spatially connected by coexistence 

within a supra-threshold cluster can a voxel contribute to the enhancement of another. CFE 

was introduced based on TFCE (see section 4.3.4), here, connectivity information between 

fixel is used to enhance the test-statistic of each fixel based on the support provided by other 

structurally connected fixels. Similar to voxel-based metrics, non-stationary effects can be 

encountered in fixel framework. To overcome this problem, non-stationary correction (see 

section 4.3.4) is performed as described in (Smith et al., 2019).  

In CFE, a supra-threshold fixel may enhance another fixel as long as it is structurally 

connected, without requiring the fixel to be connected spatially within a suprathreshold 
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cluster. This is possible due to the additional information provided through tractography in 

CFE. This allows us to determine whether fixels are likely to share underlying anatomy and 

pathology (Raffelt et al., 2015). 

One of the benefits of using CFE is that if the interconnecting fixels are supra-threshold, two 

distant regions of the same fibre bundle will enhance one another. Without any requirement 

that the fixels be spatially linked within a suprathreshold cluster, the supra-threshold fixel can 

enhance another as long as it is structurally linked (Raffelt et al., 2015). This phenomenon is 

well observed and discussed in the next section (chapter 6, figure 11) of this thesis. 
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5.1 Introduction 

The last half of the 20th century saw many advances that contributed to a much more 

complex view of the asymmetry of the human brains. Critical advances included both 

statistical inference-based methodological developments and technological developments, 

including computerised imaging techniques for brain anatomy and function (Filler, 2009), as 

well as improved post mortem methods such as histological cell characterization (Chance, 

2014). 

In modern day study of brain asymmetries, MRI is useful because it offers a non-invasive way 

to study the brain in vivo, in increasingly large samples from both healthy and disease 

populations. Such studies have shown that brain asymmetries display a great degree of 

variation within and between individuals in magnitude, and sometimes in direction. It 

provides the ability to determine the contribution of particular biological influences to the 

naturally occurring variations in brain asymmetries, thereby allowing us to understand certain 

aspects of their basic biology. This chapter presents a literature review of several DTI-based 

asymmetry studies. 

Table 1 shows databases used to search literature, summary of keywords used to perform 

literature search, and the inclusion/exclusion criteria. Approximately 300 papers were 

screened for this thesis. An overview of the recent contribution of diffusion MRI to the 

anatomy of white matter fibre tracts related to asymmetry constitutes the subject matter of 

the next section. 

Table 1:- Summary of literature review conducted for this thesis 
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5.2 Previous DTI-based asymmetry studies 

In the late nineties, Diffusion Tensor Imaging (DTI) started to provide a non-invasive method 

for examination of the microstructural condition of white matter fibre connections in the 

brain (Basser et al., 1994; Catani et al., 2005, 2003). An overview of the recent contribution 

of diffusion MRI to the anatomy of white matter fibre tracts related to asymmetry constitutes 

the subject matter of the next section. 

Diffusion MRI, and in particular DTI, has been used extensively to study white matter 

structural asymmetry non-invasively. As mentioned in chapter 3, DTI provides a means to 

analyze the microstructural organisation of white matter fibres in the brain by characterizing 

the anisotropic diffusion of water molecules in each voxel using a symmetric rank-2 tensor 

(Basser et al., 1994; Catani et al., 2005, 2003). DTI-based methods for assessing white matter 

asymmetry have been mostly based on measuring volumes of reconstructed tracts and the 

anisotropy of the tensor model within regions of interest (ROIs) corresponding to white 

matter structures. For example, DTI studies of white matter asymmetry based on ROI analysis 

have included evaluation of arcuate fasciculus and language pathways (Catani et al., 2007), 

the cingulate bundles (Kubicki et al., 2003), the internal capsules (Peled et al., 1998) and the 

uncinate fasciculi (Kubicki et al., 2002) of healthy subjects. In this section, we will look at 

asymmetry findings reported in previous DTI-based studies in major white bundles. Table 1 

provides a literature review of asymmetry contributions for major white matter bundles. 

Cingulum bundle: As mentioned in chapter 1, the cingulum connects frontal, parietal, and 

medial temporal areas, while also connecting subcortical nuclei to the cingulate gyrus. Three 

studies have reported leftward asymmetry of the cingulum (table 1). The asymmetry of 

different parts of the cingulum is reported by using quantitative properties of diffusion MRI 

(e.g., FA). In brief, there have been a few studies that have leftward asymmetry (with higher 

FA on the left) at most parts of the cingulum, except the posterior segment using FA as the 

metric (Gong et al., 2005; Kubicki et al., 2003). In another study, leftward dominant 

asymmetry was reported based on FA, volume, and number of streamlines (Thiebaut de 

Schotten et al., 2011). In this study, ROIs were placed on Cingulum based on an atlas to extract 

values of FA, number of streamlines, and volume of fibre tracts; group effect maps of each 

tract were computed and compared with histological atlas. 
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Inferior Longitudinal Fasciculus (ILF): as mentioned in chapter 1, ILF is a long-range, associative 

white matter pathway that primarily connects occipital extrastriate cortex with the temporal 

lobe. Two studies  (Latini et al., 2017) and (Park et al., 2004) have reported rightward 

dominant asymmetry. (Panesar et al., 2018) and (Thiebaut de Schotten et al., 2011) have 

reported leftward dominant asymmetry.  (Thomas et al., 2015) have reported no significant 

asymmetry. 

In (Latini et al., 2017), tract volume of ILF was computed using DTI-based tractography across 

a group of right-handed subjects. (Park et al., 2004) used voxel-based analysis (see section 

4.3) applied to a tensor derived measure (FA) and reported rightward asymmetry. In another 

study (Panesar et al., 2018), the number of voxels occupied by each fibre trajectory, and the 

subsequent volume of ILF bundle were calculated and right > left asymmetry was reported. 

Internal capsule (IC): Anterior and posterior parts of the IC are parts of white matter 

projection tracts. (Park et al., 2004) have reported right > left asymmetry in posterior part of 

the IC, and left > right in anterior part of the IC based on FA. (Peled et al., 1998) have reported 

both parts of the IC as right > left asymmetry (Table 1); in this study, FA was calculated, and 

ROIs were drawn on the left and right ICs to evaluate asymmetry. 

Optic Radiations (OR): Several DTI based studies have reported leftward asymmetry (Dayan 

et al., 2015; Kang et al., 2011; Park et al., 2004) (Table 1) and Thiebaut de Schotten et al., 2011 

have reported rightward asymmetry. In Dayan et al., 2015, OR was segmented and average 

FA, MD, and tract volume for that region were calculated. Left OR and Right OR were used for 

asymmetry analysis, and leftward lateralization was reported. Kang et al., 2011, used DTI in 

combination with Magnetization Transfer (MT) Imaging to characterize asymmetry in OR. In 

this study, FA and MT ratio were calculated and aligned over a cortical surface coordinate 

system. The asymmetry indices were computed at three levels of spatial resolution: over 

entire hemispheres, over separate cortical lobes, and over 34 anatomical parcels within each 

hemisphere; leftward dominant asymmetry was reported. Thiebaut de Schotten et al., 2011 

have reported rightward dominant asymmetry using FA as the metric. Methods used to 

evaluate asymmetry in Thiebaut de Schotten et al., 2011 have already been discussed above 

(Cingulum).   
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Superior Longitudinal Fasciculus (SLF): as mentioned in chapter 1, SLF is a part of the long 

association fibres. Several studies have characterised asymmetry in each sub-component of 

SLF: 

• SLF I has been reported as leftward asymmetry in (Budisavljevic et al., 2017) and 

(Makris et al., 2005) , rightward asymmetry in (Makris et al., 2005) and no significance 

in  (Kamali et al., 2014).   

• SLF II has been reported to have leftward asymmetry based on FA and LA (Makris et 

al., 2005), and based on total count of streamline end points (Wang et al., 2016). 

• SLF III asymmetry has also had conflicting reports, with leftward asymmetry based on 

FA and LA (Makris et al., 2005) and rightward asymmetry (Budisavljevic et al., 2017) 

based on the number of streamlines and tract volume.  

• SLF IV is also referred to as Arcuate Fasciculus (AF) as a major part of the AF overlaps 

with SLF IV (Makris et al., 2005).  SLF IV has been reported to demonstrate left > right 

asymmetry in (Makris et al., 2005)  based on FA and LA, and in (Vernooij et al., 2007) 

based on relative fibre density. In contrast, SLF IV has also been reported to show 

right > left asymmetry in (Park et al., 2004)  based on FA, and in (Thiebaut de Schotten 

et al., 2011) based on tract volume. 

In Makris et al., 2005, SLF components (I, II, III and IV) were segmented based upon a priori 

knowledge; asymmetry analysis was performed by computing FA and LA from these regions; 

all components of the SLF showed leftward asymmetry. In Budisavljevic et al., 2017, FOD 

based tractography was performed on SLF regions, and number of streamlines and volume 

for each tract (SLF I, II & III) were extracted to compute asymmetry. In this study SLF I and II 

demonstrated leftward asymmetry, whereas SLF III showed rightward asymmetry. In Vernooij 

et al., 2007, Relative Fibre density (RFD) was calculated in AF regions (both on left and right 

hemispheres) using an ROI-based approach. Then laterality index was calculated to evaluate 

asymmetry; left > right asymmetry was reported. 

Uncinate fasciculus (UF):  Two studies (Hau et al., 2016; Thomas et al., 2015) have reported 

right >left asymmetry , three studies (Hasan et al., 2009; Kubicki et al., 2002; Ocklenburg et 

al., 2014)  have reported left > right asymmetry and no significance reported by (Thiebaut de 

Schotten et al., 2011). In Hasan et al., 2009, DTI-based tractography was used to extract UF, 
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and then asymmetry was evaluated by computing mean FA values in the UF region. In Kubicki 

et al., 2002, ROI-based approach was used to extract FA values in the UF region, and 

asymmetry was evaluated. In Ocklenburg et al., 2014, DTI data was used in combination with 

a dichotic listening performance functional MRI task to study white matter regions associated 

with functional language lateralization. Tract volume and FA of the right UF were positively 

correlated to the strength of functional lateralization. In all the above-mentioned studies, left 

>right asymmetry was reported.  In contrast, few studies have reported rightward dominant 

asymmetry (Hau et al., 2016; Thomas et al., 2015). Hau et. al., 2016, measurements of mean 

tract termination densities were calculated at left, and right regions of the UF, and then the 

asymmetry index was calculated. Similarly, in the study Thomas et al., 2015, tract volume was 

used instead of number of streamlines.  In both the studies, right > left asymmetry has been 

reported. 

Inferior fronto-occipital fasciculus (IFOF): (Thiebaut de Schotten et al., 2011)  reported 

rightward asymmetry based on streamline counts; however, another study based on 

measurements of mean tract termination densities reported some components of the IFOF 

to be leftward dominant (Hau et al., 2016). Methods used to evaluate asymmetry by both 

studies have already been discussed above (UF and Cingulum, respectively). 
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Table 2: Summary of findings from previous DTI based asymmetry studies 
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6.1 Introduction 

Literature review in chapter 5 suggests that there are several white matter regions 

contributing to asymmetry. Majority of these studies are based on DTI model and have used 

voxel-based analysis. Significant shortcomings in the DTI model make these findings based on 

this model to have limited interpretation. 

Chapter 3 introduced more advanced models to overcome the limitations of DTI, such as 

spherical deconvolution (Tournier et al., 2004, 2007), have been proposed to overcome the 

limitations of the tensor model. As discussed in chapter 4, Fixel-Based Analysis (FBA) is an 

analytical framework that facilitates the evaluation of fibre-specific properties in the white 

matter using the spherical deconvolution model (D. Raffelt et al., 2017).  FBA is capable of 

separately examining multiple fibre bundle populations within a voxel and enables the 

evaluation of both microscopic and morphological effects in the white matter. 

In this work, FBA framework was used to study asymmetries in the healthy human brain. The 

aim of this study is to provide a more robust characterization of structural white matter 

asymmetries than those previously derived using the tensor model, by using quantitative 

measures derived from the spherical deconvolution model, a whole-brain data-driven 

statistical inference framework that is both sensitive and specific to crossing fibres; and a 

state-of-the-art publicly available diffusion MRI dataset was used.1 

To facilitate readers to directly relate some of the prior DTI-based voxel-based results cited in 

Table 2 (chapter 5) to what may have been obtained from the high-quality HCP data used 

here, Voxel-based FA analysis was also performed. Note however that this study is not 

intended to perform a head-to-head comparison of these two methods, nor an attempt to 

disentangle contributions from the myriad differences in these two analysis pipelines toward 

their differential results.   

 

 
1 A preliminary version of this work was presented at the 27th Annual Meeting of the International Society for 
Magnetic Resonance in Medicine (ISMRM), Montreal, Canada, 11-16 May 2019, 27: 3618 (2019)- in Appendix A 
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6.2 Methods 

The use of FBA to investigate brain asymmetries required modifications to the standard FBA 

processing pipeline2 in MRtrix3 (Tournier et al., 2019). Figure 1 shows the main steps of our 

analysis pipeline, with those steps that differ from a typical FBA experiment highlighted by 

blue boxes. 

 

Figure 1- Flow chart summarizing the steps involved in the fixel-based analysis (FBA) for the white matter asymmetry 

characterization. The blue dashed box indicates modified part of the traditional FBA pipeline. Pre-processed DWI data were 

obtained for each of the 100 subjects. Multi-shell, multi-tissue constrained spherical deconvolution (MSMT-CSD) was 

performed to obtain FOD’s and each FOD image was left-right flipped. The flipped and original FOD data were warped to a 

symmetric template. Fibre-Density cross-section (FDC) was computed for both flipped and original FOD dataset (n=200) by 

following the standard FBA pipeline. We explicitly computed the difference in the value of FDC in each fixel between the left(L) 

and right(R) hemispheres (FDCR - FDCL). One-sample t-tests were performed to test FDCR > FDCL and FDCL > FDCR with age, 

sex, and handedness as covariates. A mask was used to crop the streamlines crossing the mid-sagittal plane and was used to 

perform data smoothing and statistical enhancement. Family-wise error (FWE) corrected p-values were assigned to each fixel 

based on 10,000 random shuffles, with statistical significance determined at p<0.05. We used a hemisphere mask to test our 

hypotheses only on the right half of the brain. 

 
2 https://mrtrix.readthedocs.io/en/latest/fixel_based_analysis/mt_fibre_density_cross-section.html 

https://mrtrix.readthedocs.io/en/latest/fixel_based_analysis/mt_fibre_density_cross-section.html
https://mrtrix.readthedocs.io/en/latest/fixel_based_analysis/mt_fibre_density_cross-section.html
https://mrtrix.readthedocs.io/en/latest/fixel_based_analysis/mt_fibre_density_cross-section.html


6.2 Methods | Arush Honnedevasthana Arun 
 

 
 

115 

6.2.1 MRI data  

We analyzed 100 pre-processed Diffusion Weighted Imaging (DWI) datasets from the Human 

Connectome Project (HCP). Subjects are aged between 22-35 years. The group consisted of 

46 males (29.0 ± 3.7 years) and 54 females (29.1 ± 3.6 years); 58 of them were right-handed 

and 42 of them were left-handed. All data were acquired using a modified Siemens 3T scanner 

(‘Connectom Skyra’), whose stronger gradients allow shortening of the diffusion encoding 

period and decreasing the echo time (TE), thus increasing the signal-to-noise ratio (SNR) 

(Sotiropoulos et al., 2013). These datasets had 90 gradient directions acquired for each of 

three b-value shells (b=1000, 2000 and 3000 s/mm2), with eighteen b=0 s/mm2 images 

interspersed, and a spatial resolution of 1.25 mm3 (Van Essen et al., 2013). Images were 

acquired using a Stejskal–Tanner (monopolar) spin-echo diffusion-encoding scheme was 

used. This encoding scheme, together with the customized 100 mT/m gradient, provides 

enough SNR with an isotropic resolution of 1.25 mm3  (Glasser et al., 2013). Scanning 

parameters for this sequence were: flip angle of 78° and refocusing pulse of 160° were used.; 

Repetition time (TR): 5530 ms and Echo Time (TE): 89.5 ms; Field of View (FOV)-210X180 and 

matrix size- 168X144 (Van Essen et al., 2013). 

6.2.2 Image processing 

The DWI data provided by HCP were already pre-processed to reduce motion, susceptibility 

distortions, gradient nonlinearity-induced geometric distortions and eddy current artefacts 

(Glasser et al., 2013).  FODs were calculated using the multi-shell, multi-tissue constrained 

spherical deconvolution (MSMT-CSD) algorithm (Jeurissen et al., 2014), utilizing group 

averaged response functions for white matter, grey matter and CSF (Dhollander et al., 2016; 

Raffelt et al., 2012). Average response function is used so that to have a unique set of 

response function (for each tissue type) rather than having different response function for 

each subject. By choosing the average response function, the ‘distance’ between each FOD 

shape and that of all other subjects is minimized. FODs were globally normalized to correct 

for image intensity differences between subjects, so that FOD amplitudes are comparable 

across subjects (Raffelt et al., 2017). 

All subject FOD images were used to create a symmetric template. To this end, as part of our 

modified FBA pipeline, a copy of the FOD data from each subject was left/right flipped, and 

all 200 FOD images (both original and flipped data for all 100 subjects) were used to generate 



6.2 Methods | Arush Honnedevasthana Arun 
 

 
 

116 

an unbiased symmetric population-specific template (Raffelt et al., 2012); this step ensures 

spatial correspondence both between hemispheres and across subjects (see chapter 3 ). 

Figure 2 shows the generated study-specific unbiased symmetric FOD template. The zoom 

portion of the template (figure 2A) shows the FODs in the right and left hemisphere as 

symmetric (Figure 2B). 

 

Figure 2- (A)Unbiased symmetric FOD template; (B) Zoom part of the FOD template showing FODs are symmetric on right 
and left hemisphere (C) whole brain tractogram generated from the FOD template. Streamlines are colour coded according 

to orientation (red: left–right, green: anterior–posterior, blue: inferior–superior). 

For every voxel within the space of this template image, the template FODs, as well as the 

non-linearly warped FODs from each input image, were segmented into discrete fixels, each 

with an associated fibre orientation and density (Smith et al., 2013). Determination of 

correspondence between the fixels of each input image and those of the template was 

performed (D. Raffelt et al., 2017). Because two FOD images were used for each subject (one 

original and one left-right flipped), for each template fixel, there were two values of any fixel-

wise metric of interest (one for each hemisphere). In our study, the fibre density and cross-

section (FDC) metric was used for the statistical analysis; this metric provides a combined 

measure of microscopic and morphological white matter changes (D. Raffelt et al., 2017).  

6.2.3 Statistical Analysis 

The concept of General Linear Model (GLM) was introduced in chapter 3. In this study GLM 

was used to test hypotheses of differences in the FDC metric between the left and right 

hemispheres of the brain (Winkler et al., 2014). This was achieved as part of our modified FBA 

pipeline as follows: for each subject, we explicitly computed the difference in the value of FDC 

in each fixel between the left and right hemispheres (FDCR - FDCL); we performed two 

independent one-sample t-tests (i.e., HR>L: FDCR - FDCL > 0; HL>R: FDCL - FDCR > 0), with age, 

sex, and handedness included as covariates (hypotheses of the influence of these variables 
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on the inter-hemispheric differences were also tested); we used a hemisphere mask to test 

our hypotheses only in the right half of the brain, as the input to the GLM is the subtraction 

of original and flipped images.  

The Connectivity-based Fixel Enhancement (CFE) method was used both for tailored 

smoothing of fixel-wise data, and statistical enhancement of fixel-wise statistical measures 

(Raffelt et al., 2015). To this end, a whole-brain tractogram of 20 million streamlines was 

generated using the probabilistic streamlines algorithm iFOD2 (Tournier et al., 2010) on the 

population FOD template; using default parameters used in the FBA standard pipeline. These 

data were reduced to a tractogram of 2 million streamlines using the Spherical-deconvolution 

Informed Filtering of Tractograms (SIFT) algorithm to reduce reconstruction biases (Smith et 

al., 2013) (Figure 2C). Streamlines within this tractogram crossing the mid-sagittal plane were 

cropped in order to prevent data smoothing & statistical enhancement across hemispheres. 

This step ensures that CFE is performed only on one hemisphere of the brain, by not doing 

we would be witnessing enhancement across hemispheres, which would mislead our analysis. 

Family-wise error (FWE) corrected p-values were assigned to each fixel based on 10,000 

random shuffles, with statistical significance determined at p<0.05. Our statistical analysis 

also included a non-parametric non-stationarity correction to compensate for differences in 

statistical power across the template (Salimi-Khorshidi et al., 2011). 

In order to further characterize the observed FDC asymmetries, we evaluated the relative 

contributions of the fibre density (FD, i.e., microscopic) and fibre cross-section (FC, i.e., 

morphologic) measures to detected FDC asymmetries (note that FDC is the product of FD and 

FC (Raffelt et al., 2017)). To this end, the following steps were carried out: 

• Interhemispheric differences (∆= (𝑯𝑹 −  𝑯𝑳)) and means (𝝁 =  (𝑯𝑹 + 𝑯𝑳)/𝟐)  were 

computed from the smoothed fixel data for both FD and FDC metrics.  

• For each of FD and FDC independently, the ratio of the differences to the mean was 

calculated; i.e., 𝓠𝑭𝑫 = ∆𝑭𝑫/𝝁𝑭𝑫 and 𝓠𝑭𝑫𝑪  = ∆𝑭𝑫𝑪/𝝁𝑭𝑫𝑪, to compute the relative 

interhemispheric difference for each metric. 
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• The ratio of the above 2 measures, i.e. 𝜶 =
𝓠𝑭𝑫

𝓠𝑭𝑫𝑪
⁄ , was then computed to indicate 

the relative contribution of FD (and therefore implicitly of FC) to the observed FDC 

change: 

o α<0.5 suggests significant results in FDC are more substantially driven by 

hemisphere differences in FC, with 0.0 indicating that the observed difference 

is entirely due to a difference in FC;  

o α>0.5 suggests results are more greatly driven by hemispheric differences in 

FD, with 1.0 indicating that the observed difference in FDC is entirely due to a 

difference in FD. 

For a set of major white matter regions detected in our study (see Results section 6.4), fixel 

masks corresponding to statistically significant fixels within those regions were used to extract 

the mean value of this relative contribution parameter per significant bundle. 

6.2.4 Visualization 

In this study, visualization was performed in three parts and are explained below: 

• Visualization of the significant results as streamline segments: To aid visualization of 

the significant results, we isolated from the whole-brain tractogram (which was used 

for fixel-wise data smoothing and statistical enhancement; see the previous section 

6.2.3) only those streamline segments for which a statistically significant effect was 

observed within the underlying fixels traversed.  

• Anatomical labelling: A track-density imaging (TDI) white matter atlas (Cho et al., 

2015) was used to assign anatomical labels to groups of significant fixels. 

Correspondence of our data with the atlas was achieved by overlaying our significant 

results on the super-resolution DEC (Directionally-encoded colour) TDI map 

(Calamante et al., 2010) (generated using the whole-brain tractogram, and computed 

at 0.5mm isotropic resolution), oriented such that axial slices were aligned to the 

central intercommissural line (as was used in the generation of the atlas).  Areas 

contributing to asymmetry were identified by matching the significant fixel results as 

seen on the slices (axial, coronal and sagittal) of DEC TDI images with the anatomically 

correspondent slices of the atlas (axial, coronal and sagittal).  
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• Finally, to further visualize the complete trajectories of some of the major white 

matter bundles where asymmetry was detected, the whole-brain tractogram was 

edited to isolate those streamlines (in this case the full streamlines, not just streamline 

segments) traversing significant fixels determined to correspond to known anatomical 

pathways. To do this, significant fixels were mapped to voxels (blobs) and used as an 

include region to select streamlines from the whole brain tractogram (see chapter 

3.5.3 for more details). This visualisation allows displaying the full length of these 

white matter pathways, all the way to the cortical regions to which they are estimated 

to project.  

6.2.5 Voxel-based analysis 

The same HCP diffusion MRI dataset (n=100) as that used for FBA analysis was used to 

perform voxel-based FA analysis.  An FA map was computed for each subject from the pre-

processed data using an iteratively re-weighted, linear least square estimator (Veraart et al., 

2013). All 100 subjects were used to create a symmetric template, through iterative 

registration of original and left-right flipped FA maps of each subject. Each transformed FA 

map in template space was smoothed using a 6 mm full width at half-maximum Gaussian 

kernel. The difference between the left and right hemispheres for the FA metric was 

computed for each subject (FAR - FAL). Two independent one sample t-tests were performed 

(i.e., HR>L: FAR - FAL > 0; HL>R: FAL - FAR > 0), with age, sex, and handedness included as 

covariates. Threshold-free cluster enhancement was performed with default parameters 

(dh=0.1, E=0.5, H=2) (Smith and Nichols, 2009). 

6.3 Results 

Our statistical analysis identified an extensive breadth of white matter areas demonstrating 

hemispheric asymmetry in the fixel-specific metric FDC. Figures 3A and 3B show example axial 

slices of the template image, with significant fixels (FWE-corrected p-value < 0.05) found to 

have rightward dominance (i.e., FDCR>FDCL) and leftward dominance (i.e., FDCL>FDCR) 

respectively. To aid visualization, results are shown in the right side of the brain for right>left 

and in the left side of the brain for the left>right case. For comparison of the relative spatial 

locations of various white matter bundles for asymmetries observed in either direction, Figure 
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4 shows streamlines segments associated with significant fixels for both FDCR>FDCL and 

FDCL>FDCR results overlaid on the same template image. Significant fixels are displayed red in 

color for right>left and blue in color for left >right asymmetry. Figure 5 shows streamline 

segments overlaid on a population template for FDCR>FDCL and FDCL>FDCR respectively. 

Statistical tests for the influence of sex, age and handedness on asymmetry revealed no 

significant effects. 

 

Figure 3A:- Significant fixels displayed for Right > Left asymmetry (FWE corrected, p<0.05) in Fibre Density and Cross-section 

(FDC). Fixels are displayed in the right hemisphere of the brain as seen on axial slices. Fixels coloured according to their 

fibre orientation (left-right: red; anterior-posterior: green; superior-inferior: blue) 

 

Figure 3B:- Significant fixels displayed for Left>Right asymmetry (FWE corrected, p<0.05) in Fibre Density and Cross-section 

(FDC). Fixels are displayed in the left hemisphere of the brain as seen on axial slices. Fixels coloured according to their fibre 

orientation (left-right: red; anterior-posterior: green; superior-inferior: blue) 
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Figure 4:- Significant fixels displayed red in color for Right>Left and blue in color for Left >Right asymmetry (FWE corrected, 

p<0.05) in Fibre Density and Cross-section (FDC). Fixels are displayed in the right hemisphere of the brain as seen on 

axial slices. 

 

 

Figure 5:-  Significant streamline segments displayed for right>left and Left>Right asymmetry (FWE corrected, p<0.05) in 
Fibre Density and Cross-section (FDC). (left-right: red; anterior-posterior: green; superior-inferior: blue).  

Figure 6A and 6B show example axial slices of the VBA template image, overlaid with 

significant voxel-based asymmetry results (FWE-corrected p-value < 0.05) demonstrating 

rightward dominance (i.e., FAR>FAL) and leftward dominance (i.e., FAL>FAR) respectively. For 

their relative spatial distributions, Figure 7 shows the significant voxel asymmetry results for 

both FAR>FAL (red) and FAL>FAR (blue) results overlaid on the same hemisphere of the 

template. 
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Figure 6A:- Voxel-wise significant Right > Left asymmetry (FWE corrected, p<0.05) for Fractional Anisotropy (FA) metric 
overlaid on a voxel-based template. 

 

Figure 6B:- Voxel-wise significant Left > Right asymmetry (FWE corrected, p<0.05) for Fractional Anisotropy (FA) metric 
overlaid on a voxel-based template. 

 

Figure 7:- Significant voxel-based asymmetry results displayed in red for Right>Left and in blue for Left >Right asymmetry 
(FWE corrected, p<0.05) in Fractional Anisotropy (FA). Significant results are displayed in the right hemisphere of the brain as 
seen on axial slices, to help visualise the relative spatial locations 

Table 1 lists white matter structures that showed asymmetries and that could be 

unambiguously identified based on comparison to the white matter atlas, (Cho et al., 2015), 

as well as by the complementing information of the trajectories obtained from the white 
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matter bundles isolated from the whole-brain tractogram based on significant fixels (see 

Section 6.2.4 Visualization). Note: as this atlas did not explicitly label the arcuate fasciculus 

(AF), and to facilitate comparison with prior literature (given AF labelling has been widely 

adopted in the diffusion MRI field), we consider here that AF overlaps with parts of SLF II and 

SLF IV (Makris et al., 2005).  Similar to FBA experiment, in the VBA experiment asymmetry 

results areas were labelled based on the white matter atlas (Cho et al., 2015). Labelled 

significant results are listed in the last column of Table 1. 

Reconstructions of complete bundle trajectories for some of the major white matter 

structures exhibiting asymmetry are shown in Figure 8. These visualizations were generated 

only for a subset of the structures identified in Table 1, based on the degree of certainty with 

which the subset of streamlines traversed the relevant statistically significant fixels, and 

whose trajectories corresponded to a known white matter bundle. 

 

Figure 8:- Visualization of streamlines traversing significant fixels corresponding to example known anatomical 

pathways. Top row: left cingulum bundle; middle row: right Inferior Fronto-Occipital Fasciculus; last row: left  Superior 

Longitudinal Fasciculus (note: this bundle also includes part of the arcuate fasciculus, as the latter overlaps with SLF II and 

SLF IV) . Streamlines are coloured according to their local orientation (left-right: red; anterior-posterior: green; superior-

inferior: blue). Left: axial view; middle: coronal view; right: sagittal view. Each bundle is shown in the hemisphere in which 

FDC is greater. 

Table 1:- Summary of findings reported from this study and from prior DTI based asymmetry studies, , as well as from the 
voxel-based FA analysis from the Supplementary Material.  Note that the references from prior literature are not meant to 
represent a comprehensive list; examples listed here are included as a general summary of the overall status of the field. For 
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the prior results reported here, we also considered the arcuate fasciculus to overlap with part of SLF II and SLF IV (Makris et 
al., 2005). *no overlap in the left and right asymmetry locations.   

 

Figure 9 illustrates the relative contribution of micro-structural (i.e., FD metric) vs. macro-

structural (i.e., FC metric) fixel-wise measures to the observed FDC asymmetry effects in white 
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matter regions as listed in Table 1. Table 1 additionally provides the mean of this value within 

those statistically significant fixels corresponding to each of the identified white matter 

structures. Values of α for statistically significant pathways were all between 0.0 and 1.0, 

meaning that none of these pathways demonstrated opposing directionality of asymmetry 

between the FD and FC metrics. 

 

Figure 9:- Relative contribution of FD and FC in the white matter bundles showing significant asymmetry. Parameter 𝛼 

indicates the relative contribution of FD and FC to the observed effect in FDC for each white matter bundle (see Statistical 

Analysis section 6.2.3). Values less than 0.5 suggest significant results in FDC are primarily driven by hemisphere difference in 

FC; values greater than 0.5 suggest results are primarily driven by hemispheric differences in FD. ILF: Inferior Longitudinal 

Fasciculus; SLF: Superior Longitudinal Fasciculus; IFOF: Inferior Fronto-Occipital Fasciculus; SFO: Superior Fronto-Occipital 

Fasciculus. 

Figure 10 shows an example axial slice of significant FDC results overlaid on an TDI map and 

matched with the corresponding axial slice in the white matter atlas. In figure 10 cingulum 

bundle is detected. 
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Figure 10:- Significant FDC results overlaid on an axial slice of TDI map and matched with the corresponding slice from white 
matter atlas. The atlas image is used with permission from (Cho et al., 2015) 

6.4 Discussion  

The goal of this study was to characterise white matter asymmetries in healthy humans using 

state-of-the-art diffusion MRI data, a fibre-specific diffusion model metric, and a statistical 

method that is robust to the presence of complex macroscopic architecture encountered 

throughout the human brain white matter. We demonstrated the presence of both left-

dominated and right-dominated asymmetries in the FDC metric in a large number of white 

matter structures (as shown in Table 1) using the FBA framework. The findings reported in 

this study are broadly consistent with those reported by previous DTI and structural studies 

(Büchel et al., 2004; Park et al., 2004; Powell et al., 2006; Thiebaut de Schotten et al., 2011); 

see “Comparison to prior related literature” section (6.4.2) below for further discussion. Our 

study was entirely data-driven: we did not require a prior hypothesis to restrict our analysis 

to specific white matter regions, instead we tested our hypotheses throughout the entire 

brain white matter.  

This work was based on the FBA framework, it benefits from a number of important strengths 

of this method in the context of the study of brain asymmetry. These include: 

• Fibre specificity: Figure 11 illustrates the most extreme case of the benefits of intra-

voxel fibre specificity: voxels may contain fixels for which the direction of the 

observed effect is reversed (i.e., FDCL>FDCR in one fixel and FDCR>FDCL in another 

fixel) within the same voxel. Such opposing effects in the fibre bundles within a voxel 

would potentially be missed by a voxel-based analysis approach, as these 
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contributions could have cancelled out in a voxel-aggregate measure. One such region 

is shown in figure 11 : FDC is capable of detecting asymmetries (even with R>L and 

L>R in the same voxel); however, FA is interpreted as representing only R>L 

asymmetry (voxels in red) in some of these voxels. Moreover, the reduced specificity 

with voxel-based approaches make interpretation of any detectable effect much 

more complex . A significant result observed with FBA within a template fixel is always 

specific to that fixel, even in regions containing multiple fibres. 

• Robust template construction: As mentioned in chapter 4, previous tensor-based 

asymmetry studies typically used tensor metrics (Park et al., 2004) (e.g. fractional 

anisotropy maps) to build a symmetric template. We used FOD-based registration, 

which is superior to FA-based registration for white matter template construction, as 

it allows for a better correspondence of white matter anatomical structures across 

subjects (Raffelt et al., 2012, 2011), in addition to between hemispheres in this case. 

• Fibre tract-specific smoothing and statistical enhancement: In FBA, fixel-fixel 

connectivity information is used to perform smoothing and statistical enhancement 

in a manner faithful to the fibrous nature of the underlying white matter anatomy 

(see chapter 4); this is preferable to voxel-based techniques, which use only spatial 

proximity during smoothing, potentially blurring information between adjacent yet 

unrelated tracts.  

 

Figure 11:- Example of detected asymmetries (with R>L and L>R in the same voxel). Blue fixels denote R>L asymmetry and 

red fixels denote L>R asymmetry. Yellow voxels indicate overlapping fixels of right/left asymmetry. This demonstrates a 

strength of FBA, which can characterize asymmetries even in voxels where crossing fibre bundles have opposing asymmetry 

effects. 
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6.4.1 Utilization of the FDC metric for analysis 

While the FBA framework can be applied to assess any number of quantitative diffusion 

metrics - and all three of the FD, FC and FDC metrics are all tested almost ubiquitously - in this 

study, we focussed primarily on FDC, for a number of reasons. Firstly, FDC encapsulates both 

microstructural and morphological changes, and therefore provides an appropriate singular 

summary measure of the white matter’s ability to transfer information—and thus any 

hemispheric dominance of such in our work—simplifying the interpretation of experimental 

outcomes. Secondly, using FDC as a choice of metric reduces our vulnerability to false 

positives when testing multiple hypotheses under weak FWE control. Finally, it avoids the 

potential issue of independent statistical testing of FD and FC despite their potential 

covariance (Raffelt et al., 2017).  

We interrogated the relative contributions of microstructural and morphological parameters 

(Figure 7) to the statistically significant white matter bundle asymmetries by instead 

estimating the relative contributions of these parameters toward the observed FDC effect; 

this we purport provides comparable information to testing all three conventional FBA 

metrics, but without necessitating performing explicit statistical inference on each measure 

individually. 

6.4.2 Comparison to prior related literature 

The most commonly used diffusion metrics to measure asymmetry have been FA and tract 

volume. FA is typically considered to be sensitive to “microstructure” in some way, whereas 

tract volume is considered to provide an insight into bundle morphology. These physical 

attributes are comparably interrogated by the FBA metrics FD and FC respectively. However, 

it is essential to highlight that FBA offers substantial advantages in the fibre bundle specificity 

of both the quantitative metrics themselves, and the attribution of statistical significance.  

Despite these fundamental differences, our fixel-wise results are nevertheless broadly in 

agreement with previous studies and our own voxel-based FA analysis (e.g., see Table 1); 

these are discussed in more detail below.  

Superior Longitudinal Fasciculus (SLF): We have reported leftward dominant asymmetry in 

SLF I and SLF II, for both of which the effect is principally driven by FD (Table 1). SLF I findings 

are in accordance with a previous diffusion-based study based on streamline count following 
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spherical deconvolution-based tractography  (Budisavljevic et al., 2017). SLF II findings are in 

agreement with a DTI-based study (Makris et al., 2005) and another study based on Diffusion 

Spectrum Imaging (DSI) analysis and fibre tracking on HCP data, reported leftward asymmetry 

using streamline count as the metric (Wang et al., 2016); however, other findings reported in 

(Park et al., 2004; Thiebaut de Schotten et al., 2011) contradict this specific result in our study. 

In another study (Budisavljevic et al., 2017), as well as with our own VBA results. SLF II was 

reported to be symmetrically distributed between the left and right hemispheres. Other DTI-

based studies did not find any significant asymmetry in SLF I and II components (Kamali et al., 

2014). We have reported rightward dominant asymmetry in SLF IV, with the majority of 

asymmetry contributed by FD (Table 1. This finding is consistent with previous diffusion based 

studies (Park et al., 2004; Thiebaut de Schotten et al., 2011) and inconsistent with (Fernández-

Miranda et al., 2015; Makris et al., 2005; Vernooij et al., 2007).  Such inconsistent findings 

highlight a lack of consensus regarding the asymmetry of SLF. It should be also noted that 

there can be some differences in the way the AF is considered in terms of the SLF. In some 

studies (Catani and Thiebaut de Schotten, 2008; Madhavan et al., 2014; Martino et al., 2013) 

the AF is considered as part of the SLF network, with the AF referred to as the ‘perisylvian-

SLF’ or ‘SLF IV’. In other studies, the horizontal component of the AF cannot be distinguished 

from the SLF II, because the two fibre tracts run horizontally and adjacent to each other 

(Makris et al., 2005). In our study, and for comparison with prior literature, we used the 

convention that AF overlaps with parts of SLF II and SLF IV (Makris et al., 2005). 

Cingulum bundle: We have reported the supracallosal portion of the cingulum bundle to 

exhibit leftward asymmetry, with the majority of this asymmetry being contributed by FD 

(Table 1). This is entirely consistent with previous diffusion MRI studies (Gong et al., 2005; 

Kubicki et al., 2003; Thiebaut de Schotten et al., 2011), and with our own VBA.   

Inferior Fronto-Occipital Fasciculus (IFOF): We have reported IFOF to have rightward 

asymmetry, with the majority of this asymmetry contributed by FD (Table 1). This finding is 

consistent with one previous study based on streamline count (Thiebaut de Schotten et al., 

2011) and with our own VBA; however, another study based on measurements of mean tract 

termination densities reported some components of the IFOF to be leftward dominant (Hau 

et al., 2016).  
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Uncinate fasciculus (UF): We have found the uncinate fasciculus to have rightward 

asymmetry, predominantly contributed by FC (i.e., tract cross-sectional area) (Table 1). This 

finding is consistent with previous post-mortem dissection (Highley et al., 2002), DTI-based 

tract volume (Hau et al., 2016) and FA (Thomas et al., 2015). In contrast, our own VBA and 

other studies have reported left > right asymmetry in the uncinate using FA as the metric of 

interest (Hasan et al., 2009; Kubicki et al., 2002). Another study did not find any significant 

asymmetry in the uncinate (Thiebaut de Schotten et al., 2011). While these latter results 

contradict our own, this may be due to the limitations of the DTI model and tracking 

procedures adopted to measure asymmetry. Both IFOF and uncinate fasciculi are crucial for 

intra-hemispheric transfer of information between the frontal cortex and the occipital, 

temporal and parietal cortices, and knowing their asymmetries is fundamental for 

understanding their role in mediating language semantics (Duffau, 2015; Turken and 

Dronkers, 2011), so resolution of these discrepancies is warranted.  

Inferior Longitudinal Fasciculus (ILF): We have reported left>right asymmetry in the ILF, 

contributed mainly by FD (Table 1). Some previous studies based on FA (Thiebaut de Schotten 

et al., 2011) and tract volume (Panesar et al., 2018) have reported leftward dominant 

asymmetry, which was also consistent with VBA; conversely, other FA (Park et al., 2004) and 

tract volume (Latini et al., 2017) studies have reported rightward asymmetry. Another study 

using FA metric did not find any significant asymmetry in the ILF (Thomas et al., 2015). These 

highly conflicted findings mean that there is no current consensus regarding the asymmetry 

of the ILF in the literature.  

Optic Radiation: We have reported leftward asymmetry for the optic radiations, mainly 

contributed by the FD metric. Investigations into the asymmetry of this structure using FA are 

conflicted, with both rightward dominance (Thiebaut de Schotten et al., 2011) and leftward 

dominance (Dayan et al., 2015; Kang et al., 2011; Park et al., 2004) previously reported. 

Conflicting reports in FA-based studies may be due to the difference in DTI metrics used to 

report asymmetry findings. Leftward lateralization has been reported with respect to volume 

(Kammen et al., 2016)   and shape (larger anterior extent, i.e., smaller optical radiation 

temporal pole distance (Chamberland et al., 2018; Dreessen de Gervai et al., 2014; James et 

al., 2015; Lilja et al., 2014; Yogarajah et al., 2009)). Histological studies have reported leftward 
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asymmetry in optic radiation (Bürgel et al., 1999), concordant with the findings reported in 

our study. Our own VBA also showed leftward FA asymmetry. 

Internal Capsule: For the internal capsule, we found leftward asymmetry (dominated by the 

contribution of FC) in the posterior aspect and rightward asymmetry (dominated by the 

contribution of FD) in the anterior part. A previous study based on FA metric reported 

rightward asymmetry effects for the posterior part of the internal capsule (Park et al., 2004); 

our own VBA supplementary analysis found leftward asymmetry in both anterior and 

posterior aspects.  This conflict may be due to the presence of crossing fibres at the medial 

regions where the SLF and fibres from the posterior limb of the internal capsule cross, where 

DTI-based metrics may yield misleading findings (Tournier et al., 2011). 

Additionally to the above findings, but to the best of our knowledge not reported in any prior 

diffusion-based asymmetry studies, we found rightward asymmetry in the stria terminalis and 

SFOF, and leftward asymmetry the in forceps major and corona radiata superior. For 

comparison, our VBA supplementary analysis showed leftward FA asymmetry in stria 

terminalis, SFOF, forceps major and corona radiata superior; the conflicting results could 

again originate in limitations of the tensor model.   

We did not find any association of sex, age or handedness with asymmetry in our analysis. 

This may be, in part, due to the limited age range of our data set (22-35 years) and to the 

large proportion of right-handed subjects (86%). Literature on the effect of sex, age, and 

handedness in hemispheric differences is not conclusive. One study with a very large sample 

size (n=857) reported small regions showing significant effects of age and sex on white matter 

asymmetry (Takao et al., 2011). In another study investigating the UF with a wide participant 

age range (6-68), a left > right asymmetry was reported in childhood but conversely a right > 

left asymmetry in adulthood (Hasan et al., 2010); they did not, however, find significant 

differences in asymmetry of this bundle between males and females. Similarly, no sex-related 

differences were reported by a study investigating asymmetry in IFOF (Wu et al., 2016). 

Another study reported a significant effect of handedness on asymmetry in the frontal lobe 

using the FA metric (Büchel et al., 2004); however, consistent with our own findings, previous 

VBM (Good et al., 2001) and DTI (Hervé et al., 2006; Westerhausen et al., 2007) studies failed 



6.4 Discussion | Arush Honnedevasthana Arun 
 

 
 

132 

to demonstrate any asymmetry related to participant handedness. Further research would 

be necessary to resolve these conflicts in characterisation of the influences of sex, age, and 

handedness on white matter asymmetry. 

In general, it should be noted that findings from asymmetry studies involving DTI (Büchel et 

al., 2004; Hau et al., 2016; Park et al., 2004; Thiebaut de Schotten et al., 2011; Vernooij et al., 

2007) - which is the most widely used strategy - can be challenging to interpret. Not only are 

such metrics quantified at the voxel level, and therefore cannot be easily attributed to specific 

fibre bundles, their sensitivity to differential effects within individual crossing fibre bundles is 

complex and difficult to predict; indeed, in some cases, genuine effects within multiple 

crossing fibre bundles in a voxel may result in no net observable change in these metrics. The 

limitations of the tensor model do not only affect voxel-wise quantitative measures, but also 

the outcomes of tractography, where the inability to properly model the complexity of the 

underlying fibrous structure can lead to erroneous quantification of features such as tract 

volume (Farquharson et al., 2013). 

6.4.3 Practical issues and Limitations 

This study has a number of limitations, which we summarise here: 

• The anatomical labelling of the structures identified as having significant results were 

restricted to only those white matter structures that could be confidently identified 

based on the TDI human brain atlas (Cho et al., 2015). The set of fixels exhibiting 

statistical significance is greater than the list of structures in Table 2; the complete 

uncurated results are shown in Figures 3A and B. 

• Figure 8 shows only a few white matter bundles that could be unambiguously 

delineated from the whole-brain tractogram based on a cluster of significant fixels. 

Other white matter bundles identified as statistically significant could not be 

reconstructed in this manner without considerable manual editing of the tractogram 

to isolate only those streamlines deemed to correspond to the expected anatomical 

pathways, which may have subjectively influenced the interpretation of such results. 

It should be noted, however, that this limitation only influences the labelling / 

visualisation / reporting aspects of the study, not the statistical inference itself.  
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• As discussed in the previous section (6.4.2), there were several structures from this 

study that disagreed with those from some published data. This is not novel in this 

context, as there are also inconsistencies between the asymmetry trends reported 

among prior studies (e.g. see Table 2). The differences between this study and others 

are likely due to known limitations of the DTI model and analysis methods utilized in 

previous studies. The current study does not assert that the FBA results reflect 

biological truth and that any disagreement with such must be erroneous, as FBA itself 

is prone to its own unique set of limitations and artifacts. However, there are 

demonstrable technical advantages afforded by utilization of the FBA framework 

which gives greater confidence to the asymmetry results observed using such.  

• Asymmetry was observed in a small number of interhemispheric white matter 

connections. (Figure 12). This was an unexpected finding, as one would intuitively 

expect that the white matter properties reflected by the FDC metric should not vary 

on either side of the inter-hemispheric plane. It has not yet been ascertained whether 

this effect is due to asymmetry of the gradient non-linearities of the Connectom Skyra 

hardware or inter-hemispheric differences in tissue magnetization properties such as 

T2 (neither of which can currently be handled appropriately within the spherical 

deconvolution model used), some other aspect of our processing pipeline, or a 

genuine biological difference.  

 

Figure 12:- Fixels(A) and Voxels (B)  present (marked in yellow circle) in the inter-hemispheric white matter connections. (A) 
Significant FDC fixel results overlaid on an FOD template. (B) Significant FA results overlaid on an FA template 6.5 Potential 

future improvements  



6.6 Conclusion | Arush Honnedevasthana Arun 
 

 
 

134 

There were a number of white matter structures from this study that disagreed with those 

from some published data (DTI-based studies) (table 1). This might be due to the limitation of 

DTI technique or the methodology used to perform asymmetry analysis. As mentioned in the 

previous section (6.4.2), there were significant asymmetry results observed in inter-

hemispheric white matter structures, which may be due to the presence of T2 effects or 

gradient nonlinearity effects in the diffusion data. One of the possible extensions to the 

current study is to perform experiments to understand these findings and investigate them 

further. 

6.6 Conclusion 

In this work, robust characterisation of white matter asymmetry in the healthy population 

was observed by using a fibre-specific diffusion metric, analysis framework and high-quality 

diffusion MRI data. Widespread significant asymmetries were reported, with both left>right 

and right>left dominances in different pathways. We additionally reported on the relative 

contributions of microstructural (i.e. Fibre Density) and morphological (i.e. Fibre Cross-

section)  white matter properties toward these observations. These findings should provide 

important information to future studies focussing on how these asymmetries are affected by 

the disease, how asymmetry changes during development/aging, or how such asymmetries 

are correlated to functional studies or cognitive measures.  
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Synopsis 
The diffusion tensor model has been used extensively to study asymmetry in various regions of the human brain white matter. However, given the limitations of the 

tensor model, the nature of any underlying asymmetries remain uncertain, particularly in crossing fibre regions. Here, we applied fixel-based analysis (FBA) to state-of-

the-art diffusion MRI data to assess white matter asymmetry of the healthy brain, demonstrating significant left/right asymmetries in various regions. The major 

advantage of this study is that FBA performs fibre-tract-specific modeling, and thus provides a method to assess the white matter asymmetry in a physically interpretable 

way. 

 

Introduction 
While the human brain is broadly a symmetric organ, asymmetries have been reported in terms of structure, function and behavior.1,2 Neuroimaging methods, 

such as fMRI, have demonstrated hemispheric specificity for a range of language, motor, and spatial tasks.3 Structural MRI studies have revealed a number of 

asymmetries in cortical thickness or gray matter volumes.4 Diffusion tensor imaging (DTI) studies have demonstrated asymmetries of white matter tracts, such 

as cingulum bundles5,6 and arcuate fasciculus;7,8 however DTI-based metrics, such as fractional anisotropy (FA) or streamline count / tract volumes based on 

DTI fibre-tracking, are inappropriate for rigorous analysis and interpretation, due to the inability to account for crossing fibre geometry in modeling /  

tractography / statistical inference.9 In this context, the term “fixel” was previously introduced to denote a specific fibre population within a single voxel, and 

fixel-based analysis (FBA) proposed as a statistical framework for fibre-specific analysis.10 Here, we provide a more robust characterization of human brain 

white matter asymmetries based on fibre-specific diffusion metrics and a whole-brain data-driven approach using the FBA framework, using state-of-the-art 

diffusion MRI data. 

 

Methods 
Dataset: The study used minimally pre-processed diffusion MRI dataset (b-values=0, 1000, 2000, 3000 s/mm2; 90 directions per shell, 1.25 mm isotropic) 

acquired on a 3T Connectom Siemens Skyra11 composed of 100 subjects (46/54 males/females; age: 22-35 years), obtained from the S1200 release of the 

Human Connectome Project (https://www.humanconnectome.org). 

 

Asymmetry analysis (FBA steps are illustrated in Figure 1): Fibre Orientation Distributions (FODs) were calculated using multi-shell multi-tissue constrained 

spherical deconvolution (MSMT-CSD)12, with a maximum spherical harmonic degree of 8. For each subject, a duplicate FOD image was reflected along the left- 

right axis to create a ‘flipped’ dataset; both the original and ‘flipped’ datasets for each subject were subjected to standard FBA processing pipeline steps13 

(denoted in grey colored boxes in Figure 1), as provided in MRtrix3 (http://www.mrtrix.org). For simplicity, only the “Fibre Density and Cross-section (FDC)” 

metric, which incorporates both microstructural and morphological differences13, is reported here. All 200 images were used in the construction of an unbiased 

symmetrical FOD template image. The Connectivity-based Fixel Enhancement (CFE) method was used for statistical inference10; only one hemisphere of the 

template image was processed, with the streamlines for connectivity-based smoothing and statistical enhancement cropped accordingly. Two asymmetry 

hypotheses were tested using the General Linear Model (GLM): FDCR (right) > FDCL (left) and FDCL > FDCR (one-sample t-tests), with age, gender and 

handedness included as covariates. Family-wise error (FWE) corrected p-values were assigned to each fixel with 10,000 permutations with statistical 

significance determined at p<0.05. The analysis also included non-stationary correction to account for differences in statistical power across the template14. To 

further explore those white matter bundles where asymmetry was detected, the whole brain tractogram was edited to isolate those streamlines traversing 

significant fixels corresponding to known anatomical pathways. 

 

Results 
Figure 2A & 2B shows example slices of the template having statistically significant FDCR > FDCL and FDCL > FDCR asymmetry respectively. All significant fixel 

results from the entire volume are overlaid on the template. Figure 3 shows a table of some of the major fascicles identified in this study. In particular, the 

arcuate fasciculus and inferior longitudinal fasciculus showed asymmetry dominance in left hemisphere (i.e. FDCL>FDCR, p<0.05), consistent with results 

reported in DTI-based asymmetry studies.15,16 Post-hoc analyses for influence of gender, age and handedness on asymmetry did not reveal any significance. 

Figure 4 provides further visualization of a subset of these results by presenting those streamlines that traverse significant fixels corresponding to two known 

anatomical pathways. Figure 5 illustrates the power of FBA as a tool to investigate fibre-specific measures: voxels may contain fixels with opposite asymmetry 

(i.e. FDCL>FDCR in one fixel and FDCR>FDCL in another fixel within the same voxel are shown), demonstrating the specificity of the FBA framework. 
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Discussion 
In this study we report whole-brain data-driven analysis of white matter asymmetries in the human brain using fibre-specific measurements based on diffusion 

MRI, accounting for both microscopic and macroscopic changes in the white matter. The reported asymmetries using FBA are generally in agreement with 

previous findings from post-mortem dissections1,17, DTI-tractography15,16, and voxel-based T1 studies.18 Future studies will involve investigating how these 

asymmetries are modified with brain development/aging and disease. 
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Figures 
 

Figure 1:Flow-chart summarising the key steps of the fixel-based analysis framework for brain asymmetry characterization. Boxes colored in grey correspond to standard FBA 

pipeline; orange correspond to novel steps taken to perform fixel-based asymmetry analysis 

 

 

Figure 2: A) Significant fixels displayed for Left>Right asymmetry (FWE corrected, p<0.05) in Fibre Density and Cross-section (FDC). B) Significant fixels displayed for Right > Left 

asymmetry (FWE corrected, p<0.05) in FDC. Fixels are displayed in the right hemisphere of the brain as seen on coronal, axial and sagittal slices. Fixels coloured according to 

their fibre orientation (left-right: red; anterior-posterior: green; superior-inferior: blue) 
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Figure 3: Example white matter structures with statistically significant results and their reported asymmetries based on FBA. 

 

 
Figure 4: Visualization of streamlines traversing significant fixels corresponding to known anatomical pathways. Streamlines coloured according to their local orientation (left-

right: red; anterior-posterior: green; superior-inferior: blue). (A) Arcuate Fasciculus (FDCL>FDCR); (B) Inferior fronto-occipital fasciculus (FDCR>FDCL). 

 

 
Figure 5: Example of detected asymmetries (with R>L and L>R in the same voxel). Blue fixels denote R>L asymmetry and red fixels denote L>R asymmetry. Orange voxels 

indicate overlapping fixels of right/left asymmetry. This demonstrates a strength of FBA, which can characterize asymmetries even in voxels where crossing fibre bundles 

have opposing asymmetry effects. 
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