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Chapter 1
Introduction

Understanding the structural organization of the human brain is a fundamental
goal in neuroscience. White matter forms the communication architecture of
the brain, connecting gray matter areas through a complex wiring of axonal
fibers. Mapping these pathways in vivo provides essential insight into how
information is integrated and transferred across brain regions, as well as how
these processes are altered in neurological disorders. Among non-invasive
imaging techniques, Diffusion Magnetic Resonance Imaging has become the
most powerful tool for investigating brain microstructure and connectivity.
This particular magnetic resonance signal reflects the random motion of water
molecules, providing information about the underlying tissue geometry and
allowing the inference of fiber orientations, as well as the reconstruction of

large-scale anatomical connections through tractography.

Tractography algorithms estimate the trajectories, called streamlines, of
white matter fiber bundles by following the dominant diffusion directions
derived from the local signal. Over the past two decades, tractography has
revolutionized neuroimaging research, enabling the in vivo exploration of
brain connectivity and the investigation of its relationship with function,
cognition, and disease. However, despite these advances, tractography re-
mains an indirect and model-dependent technique, as it infers pathways from
estimated orientations rather than directly visualizing axons. As a result, it

is sensitive to noise, algorithmic choices, and acquisition parameters. Several
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methodological limitations still constrain the anatomical and quantitative
reliability of tractography. Among these, there is a lack of biological specificity
because streamlines represent simplified geometric entities that do not exactly
correspond to real axonal bundles in the brain. Moreover, to ensure the
recovery of true positive trajectories, tractography pipelines typically generate
tractograms with millions of streamlines, introducing substantial redundancy
that creates computational problems and increases storage requirements, be-
sides making it difficult to interpret the results. This is further complicated
by high algorithmic variability, meaning that distinct tracking methods and
parameter choices often yield unreliable reconstructions. Indeed, even starting
with the same data, they provide very different estimates. Finally, there is the
issue of quantification, as the number of streamlines connecting two regions
does not directly reflect the strength or density of the underlying anatomical
connections.

To move toward a more quantitative interpretation of the reconstructions,
recent research has focused on integrating tractography with microstructural
models of the diffusion signal. This has led to the emergence of microstructure
informed tractography, in which each streamline is associated with a quantita-
tive weight reflecting its contribution to the measured signal. One of the most
representative and flexible frameworks in this family is the Convex Optimiza-
tion Modeling for Microstructure Informed Tractography (COMMIT), which
formulates the tractography quantification problem as a global optimization.
By estimating the combination of streamline contributions that best explains
the acquired diffusion data, COMMIT provides a biophysically grounded
estimation of structural connectivity. Although these approaches represent a
significant step forward in the quantification of tractography reconstructions,
they also face important computational and conceptual challenges. The total
number of streamlines produced by whole-brain tractography results in large
and redundant linear systems that are difficult to manage efficiently. More-
over, streamlines are still treated as one-dimensional entities with constant
properties along their path, overlooking the spatial uncertainty of real white
matter bundles. These limitations, together with the high algorithm- and

parameter dependency, motivate the development of new techniques capable
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of linking the geometry of tractography with the acquired diffusion signal in
a compact and robust manner.

The central objective of this thesis is to introduce and exploit a new
way of representing tractography reconstructions: the blurred streamlines
representation. When many millions of pathways are generated to avoid
false negatives, the resulting high level of redundancy among streamlines
translates into collinearity in the linear systems used by microstructure
informed tractography formulations, potentially biasing the estimation of
microstructural properties. To address this issue, clustering is employed
to identify and remove streamlines that are highly similar to one another.
Then, instead of treating the remaining centroids as simple polylines in
three-dimensional space, the proposed approach reformulates the notion of a
streamline by assigning it a spatial extent through a blurring function. This
effectively transforms the streamline from an infinitesimally thin trajectory
into a spatially extended structure that captures the collective contributions
of neighboring fibers. This concept provides a unified and computationally
efficient foundation for developing new tractography methods that are more
robust, anatomically consistent, and quantitatively meaningful. The first part
of the thesis (Chapter 3) presents the theoretical formulation and validation
of the blurred streamlines representation on both synthetic and in vivo data,
demonstrating its ability to drastically reduce redundancy while preserving
anatomical detail and improving numerical stability.

Building on this foundation, the second part of the thesis (Chapter 4)
introduces a novel approach that leverages the blurred streamlines represen-
tation to combine tractograms generated by different tracking algorithms
and let them work in synergy with the aim of reducing the considerable
variability present in reconstructions obtained from the same data. By in-
corporating the strengths of individual methods and compensating for their
specific biases, this method yields a unified tractogram that more accurately
reflects the underlying anatomy, thereby enhancing the robustness of struc-
tural connectivity estimates. The final part of the thesis (Chapter 5) explores
how the computational efficiency and flexibility of the blurred streamlines

representation enable more advanced developments, including an adaptive
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global tractography method and new extensions of COMMIT for modeling
pathological conditions such as diffuse axonal degeneration.

Overall, this thesis aims to address key limitations of current tractography
by bridging the gap between local diffusion signal modeling and global white
matter architecture. Through the introduction of the blurred streamlines
representation and its derived applications, the work contributes to the devel-
opment of a more quantitative, biologically grounded, and computationally

efficient framework for studying brain connectivity in both health and disease.



Chapter 2

Background

2.1 Overview of the human brain

The brain is one of the most complex and efficient structures in biology
and regulates virtually all functions of the human body (Hofman, 2014).
Together with the spinal cord, it forms the Central Nervous System (CNS),
which is capable of transforming external stimuli into sensations, generating
movement, and supporting higher cognitive functions such as memory, rea-
soning, and communication (Colom et al., 2010; Wickens, 2014). The CNS is
complemented by the Peripheral Nervous System (PNS), which connects the
brain and spinal cord to the rest of the body through nerves and receptors,
mediating both sensory input and motor output (Purves et al., 2004). De-
spite major advances in neuroscience, much about its organization remains
unclear, although rapid progress continues thanks to new technologies and
methods (Fan, 2021).

The nervous system contains a wider variety of cell types than any other
organ system (Purves et al., 2004). Its primary units are neurons, specialized
for the transmission of electrical signals over long distances through action
potentials. A typical neuron consists of a cell body (soma), dendrites, and
an axon, as illustrated in Figure 2.1 (Rockland, 2002). The soma contains
the nucleus and most cell’s organelles. Dendrites arise from it, forming

an elaborate branching structure that receives input from other neurons.
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Figure 2.1: Schematic representation of a typical neuron. Dendrites receive
inputs, the soma integrates them, and the axon transmits the signal. Myelin
sheaths, formed by glial cells, speed up conduction and are interrupted at the

nodes of Ranvier.

Communication occurs at synapses, where, without actual physical contact,
neurotransmitters released by one cell bind to receptors on the postsynaptic
cell (Purves et al., 2004). The azon is a single extension responsible for
signal conduction. It can reach distant target cells, sometimes elongating
up to tens of centimeters. Many axons are wrapped by a myelin sheath,
formed by oligodendrocytes in the CNS and Schwann cells in the PNS. Myelin,
being an insulating material, greatly increases conduction speed by enabling
saltatory propagation between the nodes of Ranvier, where myelination is
interrupted, and action potentials are regenerated (Fields, 2010). Alongside
neurons, the brain contains abundant glial cells. Glia do not generate action
potentials but support and modulate neuronal activity. They help maintain
the ionic environment, regulate neurotransmitter uptake, support recovery
after injury, and contribute to immune defense. The main types are astrocytes,

oligodendrocytes, and microglia, which together outnumber neurons in the
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human brain (Purves et al., 2004).

At the tissue level, brain regions are broadly classified as Gray Matter
(GM) and White Matter (WM), as shown in Figure 2.2. GM is composed of
neuronal cell bodies, dendrites, unmyelinated axons, glia, and capillaries, and
is responsible for information processing and integration. It is found in the
cerebral and cerebellar cortices as well as in deep subcortical nuclei (Purves et
al., 2004). In contrast, WM consists mainly of myelinated axons, which give it
its characteristic pale color and form the communication infrastructure linking

distant GM regions (Fields, 2010). When axons follow common trajectories,

Cortical
gray matter
White matter
Ventricles
Subcortical h 5

gray matter

Figure 2.2: Coronal section of the brain showing Gray Matter (GM, darker),
White Matter (WM, lighter), and ventricles filled with Cerebrospinal Fluid
(CSF). GM (both cortical and subcortical) contains neuronal cell bodies and
dendrites, while WM consists mainly of myelinated axon tracts connecting

distant regions.

they form WM fiber bundles or tracts. As illustrated in Figure 2.3, these tracts
can be classified as association fibers, which connect cortical regions within
the same hemisphere (e.g., the Arcuate Fasciculus); commissural fibers, which
link homologous regions across hemispheres (e.g., the Corpus Callosum); and
projection fibers, which connect the cortex to deeper GM structures and the

spinal cord (e.g., the Corticospinal Tract) (Catani and Thiebaut de Schotten,
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2012; Wycoco et al., 2013).

Corpus callosum (body)
Fornix (body)

Cingulum (dorsal)

U-shaped fibres (hand)

Superior longitudinal
. fasciculus

Arcuate fasciculus

Middle longitudinal
fasciculus

Temporal longitudinal
tract

Inferior fronto-occipital
fasciculus

\‘5\\ Inferior longitudinal

S
AR fasciculus
Uncinate fasciculus

— Anterior commissure

——— Commissural fibres Cingulum (ventral)

———  Projection fibres Fornix (ventral)

————  Association fibres Internal capsule

Figure 2.3: Classification of WM fibers and major tracts. Association fibers
connect regions within the same hemisphere, commissural fibers link homolo-
gous regions across hemispheres, and projection fibers connect the cortex to

deeper GM structures and the spinal cord. From (Catani, 2025)

The CNS is anatomically subdivided into the cerebral hemispheres, dien-
cephalon, cerebellum, brainstem (midbrain, pons, and medulla), and spinal
cord (Purves et al., 2004). The cerebrum is the largest component and is
organized into two hemispheres. Each hemisphere is folded into gyri and sulci
that increase the cortical surface area. The cerebral cortex is traditionally di-
vided into four main lobes: frontal, parietal, temporal, and occipital, shown in
Figure 2.4. These subdivisions are associated with distinct but interconnected
sensory, motor, and cognitive functions (Gray and Lewis, 1918). The CNS is
further protected by three meningeal layers: dura mater, arachnoid mater,
and pia mater. The subarachnoid space between the latter two contains
Cerebrospinal Fluid (CSF), which cushions the brain and circulates through
the ventricular system (Purves et al., 2004).

The interaction between local GM processing and long-range WM con-



18 Chapter 2. Background
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Figure 2.4: Anatomical organization of the cerebral cortex into lobes. Two
sagittal views (lateral and medial) of the cerebrum showing the four main
lobes: frontal, parietal, temporal, and occipital. Adapted from (Purves et al.,
2004).

nectivity gives rise to the brain’s remarkable functional repertoire, enabling
thought, learning, memory, and coordinated behavior (Bassett and Gazzaniga,
2011). This structural organization has long been a central focus of neuro-
science: early studies relied on dissections, whereas modern approaches employ
non-invasive imaging techniques, such as Magnetic Resonance Imaging, which

now allow the study of brain wiring in vivo (Jones, 2010b).

2.2 Magnetic resonance imaging

Magnetic Resonance Imaging (MRI) is one of the most powerful non-invasive
methods to study brain structure and function in vivo. Its unique strength
lies in the fact that the image contrast does not arise from X-ray attenuation
or from direct electrical activity, but from the intrinsic physical properties of
atomic nuclei, particularly hydrogen protons in water. Because the brain is
largely composed of water, MRI provides a highly sensitive tool to explore its
architecture and physiology (Berger, 2002; Roberts, 1959).

The foundation of MRI is Nuclear Magnetic Resonance (NMR), a physical
phenomenon that occurs when certain elements interact with a magnetic
field (Lauterbur, 1973; Mansfield, 1977; Rabi et al., 1938). Specifically, most
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of the time MRI is employed to detect the resonance of the hydrogen nuclei
(protons), which are the most abundant element in human tissues, due to their
presence in water and fat. NMR relies on two intrinsic nuclear properties:
magnetism and spin angular momentum. Magnetism arises from the fact that
protons carry charge and generate a tiny magnetic field. In the absence of
an external magnetic field, these magnetic moments are randomly oriented.
When a strong static magnetic field By is applied, however, they partially align
with it, revealing the second property: spin angular momentum, analogous to
angular momentum in classical mechanics but applying to nuclei with an odd
number of protons and neutrons. As shown in Figure 2.5, when placed in By
protons precess around By’s direction at a characteristic frequency, known as

the Larmor frequency:

Wo = ’YBO ) (21)

where v is the gyromagnetic ratio, a nucleus-specific constant.

Figure 2.5: Spin alignment and precession under an external magnetic field
(Bo). In the absence of By, proton magnetic moments are randomly oriented,;
when the field is applied, they align preferentially parallel to By, generating a
small net magnetization (My). From (Shaffer et al., 2020).

In equilibrium, more spins align parallel (low-energy state) than antipar-
allel (high-energy state) to By, resulting in a small net magnetization vector

M. This vector is collinear with By and therefore cannot be directly detected.
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To measure it, an additional perturbation is required to rotate M away from
the longitudinal axis, making it detectable by Radio Frequency (RF) coils. A
short RF pulse at the Larmor frequency wy creates a secondary magnetic field
By perpendicular to By. This temporarily disturbs the equilibrium and flips
the net magnetization vector M by 90° into the transverse plane. When the
RF pulse is switched off, the system relaxes back to equilibrium, generating a
time-varying signal that can be detected by receiver coils. The relaxation of

M occurs through two main mechanisms at the same time ¢:

M,(t) =M (1 —e /M), (2.2)
My (1) = My, (0)e~"/™2, (2.3)

The first, known as longitudinal or spin-lattice relaxation, describes the
recovery of the longitudinal magnetization (M,) along By with a time constant
Ti. The second, called transverse or spin-spin relaxation, describes the loss of
phase coherence among spins in the transverse plane (transverse magnetization
M,,), leading to signal decay with a time constant 75 (Grover et al., 2015).
These relaxation properties vary across tissues, producing contrast between
GM, WM, and CSF (Bitar et al., 2006).

All MRI images contain contributions from both longitudinal (7)) and
transverse (7») relaxation, but the differences can be enhanced or minimized by
adjusting the acquisition parameters, particularly the Echo Time (TE), which
defines when the signal is sampled, and the Repetition Time (TR), which
defines how frequently the RF excitation is applied. By manipulating TE
and TR, it is possible to obtain images with different contrasts. For instance,
Ti-weighted images (short TE and short TR) highlight fat-rich tissues and
provide excellent anatomical detail, To-weighted images (long TE and long
TR) emphasize fluid-filled regions, and proton-density (PD)-weighted images
(short TE and long TR) are mainly sensitive to the density of hydrogen
nuclei and are less commonly used in brain imaging. As shown in Figure 2.6,
in the brain, 77 contrast results in WM appearing brighter than GM, with
CSF dark, whereas in T contrast the opposite holds: CSF is bright, GM
has higher intensity than WM, and WM appears darkest. A further variant
is Fluid-Attenuated Inversion Recovery (FLAIR), in which an additional
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inversion pulse suppresses the CSF signal, thereby improving the visibility of
periventricular lesions such as those found in multiple sclerosis (Bitar et al.,
2006).

T1-weighted MRI T2-weighted MRI

CSF Dark Bright
WM Light Dark gray
GM Gray Light gray
Fat Bright Light

Figure 2.6: Comparison of Ti-weighted and T,-weighted images. These two
MRI contrasts probe different tissue properties. Variations in relaxation times
cause differences in signal intensity, allowing tissues such as gray matter,
white matter, and cerebrospinal fluid to appear with distinct brightness levels

in each image. Data from the FMRIB software library.

In practice, the magnetic field By is never perfectly homogeneous. As a
result, adjacent spins precess at slightly different frequencies, leading to a
progressive loss of phase coherence in the transverse plane and a faster signal
decay. To compensate for this effect, Hahn (1950) introduced the spin echo
sequence. After the initial RF excitation, a 180° RF pulse is applied midway
between excitation and TE. This inverts the spin phases and effectively
rephases them, producing a measurable echo at TE (Figure 2.7). The spin
echo concept was later extended in diffusion imaging with the Pulsed-Gradient
Spin Echo (PGSE) sequence by Stejskal and Tanner (1965) (see Figure 2.9

and Section 2.2.1 for more details).


https://www.fmrib.ox.ac.uk/primers/intro_primer/ExBox17/IntroBox17.html
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Figure 2.7: Spin echo sequence and spin rephasing. Initially (A-B), spins

are tipped into the transverse plane and gradually dephase due to magnetic
field inhomogeneities (C). After a 180° refocusing pulse (D), the phases
invert, and the spins rephase (E), generating an echo at time TE (F), which
restores coherence and recovers the signal. Image by Gavin W Morley,
from Wikimedia Commons (https://commons.wikimedia.org/wiki/File:
SpinEcho_GWM_stills.jpg), licensed under CC BY-SA 3.0.

Finally, to reconstruct the final image, three types of gradients are typically
employed: the slice-selection gradient, which allows the excitation of a specific
tissue slice; the frequency-encoding (readout) gradient, which maps position
along one axis into distinct frequencies; and the phase-encoding gradient,
which assigns positional information along the orthogonal axis by introducing
controlled phase shifts. During acquisition, data are collected in Fourier space,
or k-space, where one axis corresponds to frequency encoding and the other
to phase encoding. Each point in k-space does not represent a single spatial
location, but rather encodes spatial frequency information about the entire
object. A two-dimensional inverse Fourier transform reconstructs each slice,
and stacking multiple slices provides a three-dimensional (3D) representation
of the brain (Mansfield, 1977).


https://commons.wikimedia.org/wiki/File:SpinEcho_GWM_stills.jpg
https://commons.wikimedia.org/wiki/File:SpinEcho_GWM_stills.jpg
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2.2.1 Diffusion-weighted magnetic resonance imaging

Diffusion-weighted Magnetic Resonance Imaging (dMRI) is a specialized MRI
technique sensitive to the microscopic random motion of water molecules
in biological tissues (Basser et al., 1994b; Le Bihan et al., 1986). This
motion, known as diffusion, is strongly influenced by the microstructural
environment, including cell membranes, myelin, and extracellular space, as
shown in Figure 2.8. As a result, dMRI provides indirect information about
tissue organization that cannot be obtained from conventional T}- or Ts-
weighted images (Jones, 2010b).

In a free, unrestricted medium, molecular diffusion is isotropic, meaning
that water molecules move with equal probability in all directions. The
displacement of molecules follows a Gaussian distribution, and the mean

squared displacement (r?) is proportional to the diffusion coefficient D:
(r¥y =2Dt (in 1D), (r?) =6Dt (in 3D). (2.4)

In biological tissues, however, diffusion is hindered or restricted by microstruc-
tural barriers (Figure 2.8). This leads to anisotropy, where diffusion is easier
along some directions than others (Basser et al., 1994a; Bihan et al., 1993).
Specifically, in CSF, water diffuses almost freely and appears isotropic. In-
stead, GM, diffusion is moderately hindered, and in WM, axonal membranes
and myelin sheaths constrain water displacement, making diffusion strongly
anisotropic (i.e., restricted). This property underlies the sensitivity of dMRI
to the architecture of brain tissues.

Diffusion weighting was introduced through the Pulsed-Gradient Spin Echo
(PGSE) sequence (Stejskal and Tanner, 1965), illustreted in Figure 2.9. Two
equal and opposite gradient pulses are applied around a spin-echo refocusing
pulse. Spins that remain stationary are fully rephased, while those that diffuse
accumulate phase shifts that cannot be completely refocused, leading to signal

attenuation. This attenuation follows the Stejskal-Tanner equation:
S = SQG_bD, (25)

where S is the signal without diffusion weighting, D is the diffusion coefficient,

and b is the diffusion weighting factor. The b-value depends on the gradient
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Figure 2.8: (a—c) Schematic illustration of water diffusion in different mi-
crostructural environments. Inside cells, diffusion is restricted by the cell
membrane, whereas in the extracellular space, it is hindered by surround-
ing barriers and other cellular components. (d—e) Plots of the probability
distribution (G:,) of molecular displacements along one direction (z) in
the two environments. At short diffusion times (¢), they are approximately
Gaussian, but at longer times, restricted diffusion becomes non-Gaussian
and stabilizes, reflecting the finite geometry of the compartment. (f) The
mean squared displacement (r?) increases linearly with time for free diffusion
(green), more slowly for hindered diffusion (blue), and reaches a plateau at
long t for restricted diffusion (orange), as molecules encounter barriers that

limit displacement. From (Novikov et al., 2025).
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Figure 2.9: Pulsed-Gradient Spin Echo (PGSE) sequence. Two gradient pulses

are applied around a spin-echo, causing signal attenuation for diffusing spins
while stationary spins are fully rephased. The timing of the pulses (A and
d) controls sensitivity to water motion, enabling diffusion-weighted imaging.
From (Basser and Ozarslan, 2009).

strength (G), duration (§), and separation (A):
b=~>G** (A —§/3). (2.6)

The b-value plays a critical role in determining diffusion contrast. At low
b-values, the signal resembles conventional T-weighted images. As shown
in Figure 2.10, increasing the b-value enhances sensitivity to water motion:
tissues with restricted diffusion remain bright (relatively hyperintense), while
regions with free diffusion attenuate more rapidly. However, at the same
time, higher b-values reduce the Signal-to-Noise Ratio (SNR) (Grebenkov,
2007). For this reason, diffusion MRI studies typically acquire data at
multiple b-values and along multiple gradient directions. The diffusion-
sensitizing gradient defines the direction along which the diffusion is encoded,
enabling the characterization of tissue anisotropy. This property is especially
prominent in WM, where diffusion is less hindered along the axonal direction
than perpendicular to it. The effects of diffusion anisotropy can be seen in

Figure 2.10. For example, the Corpus Callosum region exhibits marked signal
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attenuation when the diffusion gradient is applied along the left-right direction.
This occurs because the axonal fibers within this tract are predominantly
oriented in the same direction, connecting the two cerebral hemispheres.
Moreover, since the diffusion coefficient measured by dMRI is not that of free
water, Apparent Diffusion Coefficient (ADC) maps can be computed from

such data, providing voxel-wise quantitative measures of diffusivity.

b=1000 b=2000 b=3000

left-right
(X-axis)

posterior-anterior

(Y-axis)

inferior-superior
(Z-axis)

Figure 2.10: Example of diffusion-weighted MRI of the human brain (coro-
nal slice). Increasing the diffusion weighting (b-values = 1000, 2000, and
3000 s/mm?) accentuates differences in water mobility, while different struc-
tures can be appreciated by measuring the diffusion in different directions.
Data from subject ID 103818 of the Human Connectome Project test-retest
dataset (Van Essen et al., 2013a).

In summary, dMRI complements conventional MRI by examining the
physical hindrance of water motion rather than relaxation properties. This

unique sensitivity has made dMRI indispensable in both clinical practice — for
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example, in the early detection of ischemic stroke and tumor characterization
— and research, where it provides insights into neurodevelopment, plasticity,

and connectivity (Fan, 2021).

2.3 Using dMRI to study brain connectivity

2.3.1 From diffusion signal to local models

While the diffusion-weighted signal encodes information about water mobility
(Section 2.2.1), the link between the measured signal and the underlying
tissue microstructure is not direct. Each voxel in a diffusion-weighted im-
age contains contributions from millions of water molecules moving within
a complex ensemble of intra- and extracellular compartments. Therefore,
models are needed to interpret signal attenuation in terms of physical tissue
properties (Basser et al., 1994b; Novikov et al., 2019).

In general, the g-space is a 3D space where the position of each diffusion

value is defined by the vector q:
q="70G/2m, (2.7)

which has a direction defined by the gradient vector G (Callaghan, 1996;
Hagmann, 2005). Consequently, for a fixed diffusion time ¢t = A — §/3, it is
related to the b-value by b ~ 2. Then, the observed dMRI signal attenuation

E(q) measured in the position q can be expressed as:

E(aq) = S(a)/S, (2.8)

where Sy is the baseline signal measured without diffusion weighting, i.e.,
b = 0. This quantity is indirectly related to the ensemble average propagator
P(r), which represents the probability that a water molecule is displaced by r
during the diffusion time ¢. This propagator is also called diffusion Probability
Density Function (dPDF), and the signal attenuation can be expressed as its

Fourier transform:

E(q) = /R P(r) e . (2.9)
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This relation assumes that the diffusion gradient is infinitely short (i.e., Dirac
pulse) and the full g-space is sampled (Callaghan et al., 1988). In practice,
neither condition can be met: diffusion gradients have finite duration and
strength, only a limited number of directions and b-values can be acquired, and
SNR constraints prevent dense sampling of ¢-space (Basser et al., 1994b; Mori
and Tournier, 2014). As a consequence, it is not possible to reconstruct the
true ensemble average propagator directly, and simplified models of diffusion

are employed to interpret the signal.

2.3.1.1 Diffusion tensor imaging

Under the assumption of Gaussian diffusion, water motion can be characterized
by a single scalar parameter known as the ADC, which quantifies the average
diffusivity of water molecules in all directions (Le Bihan et al., 1986; Le Bihan,
1991). While this model provides valuable information about the overall
ability of water to move, particularly useful for detecting pathological changes
such as ischemic stroke, it cannot capture directional dependence in tissues
where diffusion is anisotropic, such as the WM. To overcome this limitation,
the scalar diffusion coefficient can be generalized to a second-order symmetric
tensor that accounts for the anisotropy of molecular motion within each
voxel. This formulation establishes the basis of Diffusion Tensor Imaging
(DTI), introduced by Basser and colleagues in the mid-1990s (Basser et al.,
1994b; Pierpaoli et al., 1996), which remains one of the most widely used
dMRI models thanks to its simplicity, interpretability, and compatibility with
clinical acquisition protocols.

DTI models diffusion in biological tissues as a positive-definite 3 x 3 matrix,
the diffusion tensor D:

D:m: ny Dzz
D= Dym Dyy Dyz ) (210)
sz Dzy Dzz

which, due to its symmetry (D;; = D;;), is fully described by six independent

components corresponding to the covariance of molecular displacements. In
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the corresponding g-space, the diffusion-weighted signal attenuation takes the

form:

B(q) = el~4"P9), (2.11)

showing that it depends on the orientation of the applied gradient q relative
to the principal diffusion directions within the voxel (Basser et al., 1994b;
Jones, 2010b; Novikov et al., 2019).

In practical dMRI acquisitions, diffusion weighting is achieved using a
set of gradient directions G; and corresponding b-values. The measured
signal along each direction 7 can be expressed through the Stejskal-Tanner

formulation:

where S is the non-diffusion-weighted signal, and b reflects the strength and
timing of the diffusion gradients. To estimate the six components of D, at least
six non-collinear diffusion-weighted measurements are needed, in addition to
a non-diffusion-weighted (b = 0 s/mm?) reference image. In practice, many
more measurements are typically acquired to improve robustness and reduce
noise sensitivity (Giannelli et al., 2010).

As illustrated in Figure 2.11, once estimated, the diffusion tensor can
be diagonalized to obtain its three eigenvalues A, Ay, and A3, and the
corresponding eigenvectors vy, v, and vz, which represent the principal
directions and magnitudes of diffusion along the three orthogonal axes. This
decomposition provides an intuitive geometric interpretation of diffusion as
an ellipsoid, whose shape and orientation reflect the degree and directionality
of molecular motion (Figure 2.11). These quantities enable the derivation of
scalar indices summarizing key aspects of tissue microstructure, as shown in
Figure 2.12 (Basser and Pierpaoli, 1996; Pierpaoli et al., 1996).

The Mean Diffusivity (MD), defined as the average of the eigenvalues,

N At g

MD :
3

(2.13)

reflects the overall magnitude of water diffusion within the voxel. The Axial

Diffusivity (AD), AD = A;, characterizes diffusion along the principal axis
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Figure 2.11: Diffusion tensor representations. (A) The diffusion tensor can be
expressed as a 3 X 3 symmetric matrix or visualized as a diffusion ellipsoid,
whose principal axes correspond to the eigenvectors vy, 15, and v3, and whose
lengths reflect the eigenvalues A;, Ao, and 3. (B) Examples of tensor shapes
with the corresponding comparison between the three eigenvalues: elongated
ellipsoids indicate axial anisotropy with predominant diffusion along one
direction, flattened ellipsoids indicate planar anisotropy, and spherical tensors

correspond to isotropic diffusion. From (Dell’Acqua et al., 2025).

and is often associated with axonal integrity, whereas the Radial Diffusivity

(RD),
Az + Az

2 ?
describes diffusion perpendicular to the main fiber axis and has been linked

RD = (2.14)

to myelin microstructure. Finally, the Fractional Anisotropy (FA) quantifies

the degree of diffusion anisotropy and is defined as:

oA \/g v A1 = MD)2 4+ (A\y — MD)2 + (A3 — MD)?2 | (2.15)

VAT A+ A

FA values close to 1 indicate highly directional diffusion, as found in coherent
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WM fiber bundles, whereas values near 0 correspond to isotropic diffusion,
typical of GM or CSF.

Figure 2.12: Coronal slices illustrating standard scalar metrics derived from
diffusion tensor imaging: Mean Diffusivity (MD), Fractional Anisotropy (FA),
Radial Diffusivity (RD), and Axial Diffusivity (AD). Data from subject ID
103818 of the Human Connectome Project test-retest dataset (Van Essen
et al., 2013a).

Maps of FA, MD, AD, and RD have become standard tools for character-
izing tissue microstructure and WM integrity in both clinical and research
contexts. Variations in these parameters have been associated with devel-
opmental processes, aging, and a wide range of neurological and psychiatric
disorders (Alexander et al., 2007; Jones et al., 2013). The principal eigenvector
e; is commonly interpreted as the predominant fiber orientation within the
voxel and serves as the basis for tractography algorithms aimed at recon-
structing WM pathways (see Section 2.3.2 for more details) (Basser et al.,
2000; Mori et al., 1999).

Despite its widespread use, the single-tensor representation in DTT pro-
vides only a simplified view of the underlying microstructure. It inherently
assumes Gaussian diffusion and a single dominant orientation per voxel, which
limits its ability to represent the complex organization of WM, as illustrated
in Figure 2.13. In many brain regions, diffusion arises from multiple fiber
populations exhibiting crossings, branchings, or fanning patterns — configura-
tions that cannot be resolved by the DTI model (Jeurissen et al., 2013; Jones,
2010b). These shortcomings have motivated the development of more ad-

vanced frameworks capable of capturing non-Gaussian diffusion and resolving
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multiple orientations within a voxel, such as High-Angular-Resolution Diffu-
sion Imaging (HARDI) and multi-compartment modeling approaches (Jelescu
et al., 2016; Tournier et al., 2011; Tuch, 2004).

Fiber Configuration p DT Principal Direction fODF Signal (A)
Parallel ’ . ! T
Fanning & . : o
Bending % ‘ z o™
Crossing ¥ -
(acute) i
il + Q@ ° + @

Figure 2.13: Simple configurations of axon fibers and corresponding diffusion
representations. The first column depicts typical fiber geometries encountered
in brain voxels; subsequent columns illustrate (from left to right) the expected
diffusion scatter pattern (probability distribution on the water displacement),
the best-fit diffusion tensor, its principal direction, the fiber orientation
distribution function, and the directional variation of the diffusion-weighted
signal. In regions with crossing or planar fiber configurations, the single-
tensor model cannot accurately represent the underlying diffusion process,
leading to ambiguous or undefined principal orientations. From (Seunarine
and Alexander, 2014).

2.3.1.2 High Angular Resolution Diffusion Imaging

High-Angular-Resolution Diffusion Imaging (HARDI) extends dMRI beyond

the tensor model by increasing the angular sampling of diffusion-encoding



2.3. Using dMRI to study brain connectivity 33

directions to better characterize the underlying directional structure of water
diffusion (Hagmann, 2005; Tuch et al., 2002). Rather than assuming Gaussian
diffusion, HARDI enables the representation of more complex, non-Gaussian
displacement profiles, allowing the detection of multiple fiber orientations
within a single voxel (Tournier et al., 2011; Tuch, 2004). By acquiring
data along tens to hundreds of uniformly distributed gradient directions,
HARDI provides sufficient angular resolution to reconstruct the angular
dependence of the diffusion signal and infer more accurately the underlying
fiber architecture (Descoteaux, 2008; Jones, 2010b).

In this framework, diffusion information is sampled over a dense set of
gradient directions (typically more than 60) distributed across a single or
multiple spherical shells in g-space, allowing for a detailed characterization of
the diffusion signal as a function of orientation. HARDI techniques aim to
reconstruct the Orientation Distribution Function (ODF), which describes the
probability of water diffusion along each spatial direction (Hagmann, 2005;
Tuch et al., 2002). The ODF is closely related to the diffusion propagator
but integrates out its radial component, focusing solely on directional infor-
mation (Tuch, 2004). This formulation enables the visualization of multiple
dominant diffusion directions within a voxel, revealing complex fiber configu-
rations, such as crossings or branchings, that cannot be represented by the
DTI model, which is limited to ellipsoidal shapes.

Several approaches have been proposed to estimate the ODF from HARDI
data. Among the earliest and most influential is Q-ball Imaging (QBI), intro-
duced by Tuch (2004). It reconstructs the ODF by performing a spherical
inversion of the diffusion signal based on the Funk-Radon transform, which
links measurements on g-space sphere to the underlying diffusion orientation
distribution (Figure 2.14). This non-parametric method allows the estimation
of the angular structure of diffusion without assuming any specific microstruc-
tural model or compartment configuration. While QBI represented a major
step forward in visualizing complex WM architectures, it provides only a
qualitative ODF and remains sensitive to noise and limited angular sampling.

To improve robustness and interpretability, later approaches employed a

mathematical framework based on Spherical Harmonics (SH), which repre-
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Figure 2.14: Main steps of the Q-ball Imaging algorithm. Diffusion-weighted
signal (A) is sampled on a spherical shell in g-space and interpolated. Then,
the orientation distribution function (dODF) is estimated using the Funk-
Radon transform (FRT). Repeating this process across orientations yields a
full set of ODF samples, which can then be interpolated to reconstruct the
continuous diffusion ODF. From (Dell’Acqua et al., 2025).

sent functions defined on the sphere as weighted sums of orthogonal basis
functions (Descoteaux, 2008; Tournier et al., 2007). SH are characterized
by two parameters: the degree [, corresponding to the spatial frequency of
the function over the sphere, and the order m, defining its phase component.
Higher harmonic degrees capture finer angular details of the diffusion signal,
while lower degrees describe its coarse features. This frequency-based represen-
tation enables efficient modeling and smoothing of the diffusion signal across
orientations, thereby reducing sensitivity to noise and facilitating analytical
operations such as angular differentiation and deconvolution. Each voxel’s
diffusion profile can thus be compactly represented by a vector of SH coeffi-
cients, whose number depends on the chosen maximum harmonic order [,
and the angular resolution of the acquisition. Figure 2.15 illustrates examples
of real SH basis functions, showing their increasing angular complexity with

higher harmonic degrees.

Building upon this representation, Spherical Deconvolution (SD) methods
were introduced to estimate the Fiber Orientation Distribution (FOD), or
fiber Orientation Distribution Function (fODF), which quantifies the relative
contribution of different fiber populations within a voxel (Tournier et al.,
2004). The central assumption is that the measured diffusion signal S can

be modeled as the spherical convolution of a single-fiber response function
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Figure 2.15: Examples of real Spherical Harmonics (SH) basis functions on
the unit sphere for increasing harmonic degree [. Lower orders represent
slowly varying components of the diffusion signal, while higher orders capture
fine angular detail. The combination of these basis functions allows efficient
reconstruction of complex diffusion profiles on the sphere. From (Grenier
et al., 2025).

with the unknown FOD (Figure 2.16). Expressed in the spherical harmonic
domain, the convolution simplifies to a multiplication: S = R F', where R are
the SH coefficients of the response function, and F' are those of the FOD. The
FOD can then be recovered by solving an inverse problem, i.e., by dividing the
observed coeflicients by R, providing an analytical solution. This approach
effectively separates multiple fiber orientations and reveals crossing or fanning

patterns within voxels that appear homogeneous in DTT.

Although standard SD can resolve multiple orientations, it is sensitive to
noise, and the ill-posed nature of the deconvolution may lead to oscillations
or spurious peaks in the estimated FOD. To overcome these limitations, Con-
strained Spherical Deconvolution (CSD) introduces additional regularization
by enforcing non-negativity on the FOD, ensuring that the estimated fiber ori-
entations correspond to physically plausible diffusion directions and reducing

artifacts in regions of low anisotropy (Tournier et al., 2007). The introduction
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D

Figure 2.16: Schematic illustration of Spherical Deconvolution. The measured

fODF

diffusion signal (left) is modeled as the convolution of a single-fiber response
function (center) with the underlying fiber orientation distribution (FOD,
right). Deconvolution in the spherical harmonic domain enables the estimation
of distinct fiber orientations within a voxel. From (Seunarine and Alexander,
2014).

of sparsity priors further suppresses noise-related fluctuations and improves
the discrimination of closely oriented fiber populations (Tournier et al., 2007).
As illustrated in Figure 2.17, the basic form of SD is highly sensitive to
noise, often producing spurious peaks in the estimated FOD. Regularized
implementations, such as those proposed by Tournier et al. (2007, 2004),
mitigate this issue by suppressing high-frequency components or imposing
non-negativity and smoothness constraints, thereby improving the stability

and interpretability of the results.

The angular resolution achievable with HARDI methods also strongly
depends on the diffusion weighting, expressed by the b-value. While b ~
1000 s/mm? has become a standard choice for DTI acquisitions in human
studies, such moderate diffusion weighting limits sensitivity to multiple fiber
orientations. Higher b-values increase the angular contrast of the diffusion
signal, improving the ability to distinguish fiber populations separated by small
crossing angles (Tournier et al., 2013). As illustrated in Figure 2.18, higher b-
values yield sharper and more distinct peaks in the estimated FODs, enhancing
the discrimination of complex fiber configurations. However, increasing
b-values also reduces the SNR, necessitating a balance between angular

resolution, spatial resolution, and overall image quality. For typical in vivo
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unfiltered low-pass filtered super-resolved CSD

Figure 2.17: Example of fiber orientation distributions (FODs) estimated with
standard spherical deconvolution (a) from noisy data, containing multiple
spurious peaks. Low-pass filtering reduces noise sensitivity but at the cost
of angular resolution (b). Constrained Spherical Deconvolution (CSD) using
regularization removes negative lobes and spurious peaks while preserving

fine angular detail (c). From (Seunarine and Alexander, 2014).

human acquisitions, b-values in the range of 2000-3000 s/mm? combined with
60-90 uniformly distributed gradient directions have been shown to provide
an effective compromise between angular precision and SNR (Jones, 2010b;
Tournier et al., 2013).

The development of HARDI and its SH- and deconvolution-based im-
plementations has profoundly influenced modern dMRI, bridging the gap
between simple Gaussian tensor models and more detailed multi-compartment
frameworks. By providing richer angular information, HARDI-based methods
more accurately capture the complex organization of WM, improving both
tractography and microstructural analyses (Jones, 2010b; Tournier et al.,
2011). As shown in Figure 2.19, compared to the single-orientation repre-
sentation of DT, CSD resolves multiple distinct fiber populations within a
voxel.Although these methods require higher angular sampling, longer acquisi-
tion times, and greater computational effort than DTI, they yield a richer and
more realistic characterization of WM architecture. Consequently, HARDI
has become a cornerstone of advanced dMRI, enabling detailed exploration

of brain structure and its alterations across development, aging, and disease.



38 Chapter 2. Background

b=500 s/mm? b=1000 s/mm? b=1500 s/mm? b=2000 s/mm? b=3000 s/mm?
6=90° + + +
6=75° % JV AV AV AV
6=60° % AV AV AV Av
6=45° \ " A( * AT
0=30° \‘ “ “ “ )(

Figure 2.18: Effect of different b-values on the angular resolution of the Fiber
Orientation Distribution (FOD). From left to right, increasing the b-value
enhances the ability to resolve smaller angular separations between fiber pop-
ulations, producing sharper and more distinct FOD peaks. From (Dell’Acqua
and Tournier, 2019).

2.3.1.3 Microstructure models

Although techniques such as DTI and CSD provide essential information to
estimate the fibers’ direction, they do not explicitly account for the underly-
ing microstructural properties of the tissue. To achieve a more biologically
meaningful characterization of WM, a range of multi-compartment mod-
els has been developed to describe the diffusion signal in terms of distinct
micro-environmental contributions. These microstructure models aim to infer
quantitative indices that reflect specific tissue features such as neurite density,
orientation dispersion, and intra-/extra-axonal diffusivities (Alexander et al.,
2019; Jelescu et al., 2016; Novikov et al., 2019; Panagiotaki et al., 2012).

As explained in Section 2.2.1, the dMRI signal measured in vivo arises
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Figure 2.19: Comparison between Diffusion Tensor Imaging (DTT) and Con-
strained Spherical Deconvolution (CSD). Looking at the corona radiata region
(from a coronal section, middle), DTI evidently represents diffusion as a
single ellipsoid per voxel (left), whereas CSD reveals multiple distinct fiber
orientations (right), providing a more accurate description of complex crossing
and fanning configurations of white matter. Data from subject ID 103818 of

the Human Connectome Project test-retest dataset (Van Essen et al., 2013a).

from water molecules moving within different tissue compartments: inside
and outside axons, within soma, dendrites, and glial cells. Because these
environments impose distinct degrees of hindrance or restriction to diffusion,
the observed signal can be modeled as the weighted sum of multiple compart-
mental contributions, each describing a specific diffusion regime (Assaf and
Basser, 2005; Jelescu et al., 2016).

Early microstructural approaches extended the diffusion tensor frame-
work to represent multiple fiber populations within a voxel by combining
several Gaussian compartments, leading to the so-called multi-Gaussian mod-
els (Parker and Alexander, 2003; Tuch et al., 2002). Similarly, the ball-and-
stick model (Behrens et al., 2007, 2003) represents isotropic and anisotropic
diffusion components, assuming independent compartments for free water and
fibers with coherent orientation. Later developments, such as the Composite
Hindered and Restricted Model of Diffusion (CHARMED) (Assaf and Basser,
2005) and AzCaliber (Assaf et al., 2008), generalized this framework by ex-
plicitly modeling axons as impermeable cylinders, enabling the estimation of
axonal diameter distributions. These formulations paved the way for more

biologically grounded models applicable to clinical acquisitions, including
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NODDI and SMT.

The Neurite Orientation Dispersion and Density Imaging (NODDI) model
(Zhang et al., 2012) provides a simplified yet biophysically interpretable
representation of the microstructural complexity of neurites (dendrites and
axons). It describes the diffusion signal as the mixture of three compartments:

intracellular, extracellular, and isotropic (CSF), according to:
A= (1 - Visa)(ViCAic + (]- - Vic)Aec) + VisaAiso~ (216)

Here, v;. and A;. denote the intracellular volume fraction (ICVF) and nor-
malized signal; A.. and A;,, correspond to the extracellular and isotropic
signal components, respectively. The intracellular space represents diffusion
within dendrites and axons, characterized by strong restriction perpendicular
to their orientation, whereas the extracellular compartment models hindered
diffusion in the surrounding medium (Zhang et al., 2012). From this model,
quantitative indices such as the ICVF (v;.), the orientation dispersion index
(OD), and the isotropic volume fraction (v;5,) can be derived, providing bio-
logically interpretable measures of neurite density, angular dispersion, and
extracellular free-water content.

The Spherical Mean Technique (SMT) (Kaden et al., 2016) represents
another major advancement in microstructural modeling. It aims to estimate
tissue-specific microscopic parameters independently of fiber orientation by
exploiting the spherical mean of the diffusion signal. For a given diffusion

weighting b, the mean signal can be expressed as:

&y = Vint €3 4+ (1 — vy ) €5 (2.17)

t t

where v;,; is the intra-neurite volume fraction, and €™ and ey™ are the
spherical means of the intra- and extra-neurite compartments, respectively.
By averaging the diffusion signal over all gradient directions, SMT effec-
tively removes the confounding effects of fiber crossings and orientation
dispersion, isolating intrinsic diffusivities that characterize the microscopic
environment (Kaden et al., 2016). The resulting maps — such as intra-neurite

volume fraction, intrinsic diffusivity, and extra-neurite transverse diffusivity —
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provide orientation-independent biomarkers of WM microstructure that can
complement tractography analyses.

Together, models such as NODDI and SMT bridge the gap between
macroscopic diffusion anisotropy and microscopic tissue composition. Their
integration with tractography enables microstructure informed analyses (Sec-
tion 2.4.1) that quantify not only the geometry of WM pathways but also
their underlying biophysical properties, improving the interpretability and
diagnostic value of AMRI.

2.3.2 From local fiber orientations to tractography

Tractography, or fiber tracking, refers to the group of techniques designed to
infer the trajectories of neuronal fibers in the WM from dMRI data (Basser
et al., 2000; Dell’Acqua et al., 2025; Mori et al., 1999). By modeling the
directionality of water diffusion, tractography enables the in vivo reconstruc-
tion of the brain’” WM architecture. Before the development of diffusion
imaging, this task was only achievable through invasive or post-mortem trac-
ing studies; tractography has therefore profoundly transformed neuroscience
by providing non-invasive insights into both healthy and pathological brain
connectivity (Catani, 2025).

As illustrated in Figure 2.20, the output of tractography is a tractogram,
a collection of 3D trajectories known as streamlines. These polylines approx-
imate the pathways of axonal populations by following the local diffusion
orientations estimated in each voxel (Jeurissen et al., 2019). In its simplest
implementation, each streamline is generated by integrating direction vectors
derived from a diffusion model, starting from a predefined position in the
data, known as a seed point, and propagating until a termination criterion is
reached (Leemans et al., 2025). Each voxel in a dMRI acquisition typically
contains thousands of axons with different orientations (Jeurissen et al., 2013),
and the measured signal reflects their collective properties rather than any
individual fiber, operating at the mesoscopic scale (Novikov et al., 2025). A
streamline should therefore be interpreted not as a single axon, but as the

estimated trajectory of a coherent fiber population. Despite this abstraction,
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tractography remains the only non-invasive method capable of mapping the
geometry and connectivity of WM pathways throughout the entire human

brain.

Scanner

Streamlines

Crossing bundles

Figure 2.20: The tractography process starts from the acquired brain MRI,
which captures the flow of water molecules within the tissues. Using the local
orientations estimated in each voxel, it is possible to reconstruct a whole-brain
tractogram characterizing the white matter architecture. It consists of a set
of streamlines, where a streamline is a polyline in the 3D space representing

the trajectory of a set of coherent fibers.

Tractography has become a fundamental tool in both research and clinical
contexts. In neuroscience, it enables the mapping of structural connectivity
and the reconstruction of large-scale networks, forming the basis for connec-
tomic analyses (Hagmann et al., 2008; Sporns et al., 2005) (Section 2.3.3).
Clinically, it plays a key role in the study of neurodevelopmental and neu-
rodegenerative disorders and in pre-surgical planning, where it supports the
identification and preservation of critical WM tracts during neurosurgical
interventions (Rheault et al., 2025a).
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2.3.2.1 Principles of tractography

Tractography exploits the directional information contained in dMRI data
to infer the most probable trajectories of WM fibers. The fundamental as-
sumption is that water diffusion within brain tissue is hindered by cellular
structures such as axonal membranes and myelin sheaths (Section 2.2.1),
resulting in anisotropic diffusion that is greatest along the predominant fiber
orientation (Basser et al., 1994b; Jones, 2010b). By estimating this local
diffusion direction in each voxel (Section 2.3.1) and linking them across neigh-
boring voxels, tractography reconstructs continuous pathways that reflect
the structural organization of WM (Basser et al., 2000; Mori et al., 1999;
Poupon et al., 2000). Nowadays, many strategies exist to perform tractogra-
phy (Jeurissen et al., 2019), but most pipelines can be conceptually divided
into three main components: (i) the estimation of local diffusion orientations,
(7i) the generation and propagation of trajectories, and (i) the definition of

stopping and acceptance criteria.

The first stage, local diffusion modeling, depends on the type of data
acquired and the diffusion model adopted. Simple models such as DTI allow
the estimation of a single dominant orientation per voxel, while more advanced
models like CSD enable the reconstruction of multiple orientations, better
capturing complex fiber configurations (Descoteaux, 2008; Tournier et al.,
2004), as shown in Figure 2.21. The resulting orientation field provides the

local directional information used during tracking.

Different approaches have been developed to generate trajectories, leading
to various classification schemes. The most common distinction is between
local or line propagation methods, which integrate orientation information
step by step, and global techniques, which reconstruct entire pathways by
optimizing a global cost function (Jeurissen et al., 2019). Local methods can
be further subdivided into deterministic algorithms, which follow the main di-
rection at each step, and probabilistic ones, which sample from an orientation
distribution to account for uncertainty in local fiber estimates (Dell’Acqua
et al., 2025; Jones, 2010b). Global, or energy-minimization, approaches in-

stead aim to estimate the most plausible overall configuration of fibers in the
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Diffusion Tensor Tractography Spherical Deconvolution Tractography

Figure 2.21: Tensor-based tractography (left) models a single dominant fibre
orientation per voxel, so it fails to resolve crossing fibres, as shown for the
lateral projections of the corpus callosum (yellow) that are interrupted by the
denser corticospinal tract (red). Instead, multi-fibre spherical deconvolution
(right) enables streamlines to traverse crossing regions, recovering a more
complete representation of both pathways. From (Dell’Acqua and Tournier,
2019).

brain (Mangin et al., 2013). More recent developments also include tractogra-
phy methods based on machine learning, graph theory, or explicit anatomical
priors, further enhancing biological plausibility and reproducibility (Neher
et al., 2025; Poulin et al., 2019).

Finally, tractography requires defining stopping and acceptance criteria,
which determine whether a reconstructed streamline is considered valid.
Stopping rules are typically based on physical or anatomical conditions such
as low anisotropy, excessive curvature between successive steps, or entry
into non-WM regions (Basser et al., 2000; Mori et al., 1999). Acceptance
criteria, on the other hand, define when a streamline is retained as part of
a tract of interest, often requiring that it connects specific regions or passes
through target masks. These constraints are essential to ensure anatomical
consistency and to reduce the inclusion of implausible trajectories, which is

crucial for the interpretation of tractography results in both research and
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clinical applications.

2.3.2.2 Local tractography methods

Local tractography methods constitute the most widely adopted class of algo-
rithms for reconstructing WM pathways from dMRI data. These techniques
operate by incrementally propagating streamlines through the voxel-wise diffu-
sion orientation field, integrating local directional information to reconstruct
macroscopic fiber trajectories (Basser et al., 2000; Mori et al., 1999; Tournier
et al., 2012). Due to their conceptual simplicity and computational efficiency,
local approaches form the foundation of most tractography pipelines.

The techniques belonging to this class can be divided into determinis-
tic and probabilistic; the distinction lies in how local fiber orientations are
sampled during streamline propagation (Figure 2.22). In deterministic ap-
proaches, the streamline follows a single principal direction at each step,
typically corresponding to the main eigenvector of the diffusion tensor or to
the dominant peak of the FOD estimated by SD (Leemans et al., 2025). This
strategy yields highly reproducible trajectories and sharp delineation of major
bundles, and it is implemented in classical methods such as FACT (Mori
et al., 1999) or the spherical deconvolution—based SD_STREAM (Tournier
et al., 2012). However, deterministic tracking is inherently sensitive to noise
and partial volume effects and often fails in regions with crossing, fanning, or
kissing fibers.

Probabilistic methods, in contrast, explicitly model uncertainty in local
fiber orientation by sampling directions from a probability distribution de-
rived from the diffusion model (Girard et al., 2025). At each propagation
step, a new orientation is randomly drawn from this distribution, typically
weighted by the amplitude of the local FOD. If no orientation satisfies the
angular or amplitude constraints (e.g., minimum FOD value, maximum curva-
ture), propagation is stopped (Descoteaux et al., 2009; Tournier et al., 2012).
Probabilistic algorithms enable exploration of multiple plausible trajectories
and provide a richer representation of uncertainty in regions with complex

microstructure, although they produce a broader, less specific set of stream-
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deterministic probabilistic

Figure 2.22: (a) Deterministic tracking follows the principal diffusion direction
in each voxel, whereas probabilistic methods sample from a distribution of
possible fibre orientations. (b) From a seed voxel (green), deterministic
algorithms produce a single trajectory, while probabilistic ones generate
multiple streamlines by sampling different orientations at each step. (c)
A tract probability map is built by considering how many probabilistic

streamlines pass through each voxel. From (Caan, 2016).
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lines. Consequently, probabilistic tractograms are often dense; however, they
can be refined or filtered using anatomical or quantitative criteria later. A
widely used algorithm is the second-order integration over FODs (iFOD2)
algorithm, which introduced a more sophisticated propagation model than the
first implementations (Tournier et al., 2010). iFOD2 approach accounts for
rapid angular variations, thereby improving the reconstruction of trajectories
in regions of high curvature or fiber crossings, and yielding more stable and
anatomically faithful results.

Building upon these principles, the Parallel Transport Tractography (PTT)
algorithm (Aydogan and Shi, 2021), also known as Trekker, further refines the
probabilistic framework by introducing a geometric formalism that ensures
more coherent trajectories. As shown in Figure 2.23, PTT generalizes the
iFOD2 concept by using probes, i.e., small cylindrical segments composed
of multiple parallel lines, that sample FOD amplitudes along their extent.
At each step, the most likely probe orientation is selected, and its reference
frame is continuously updated along the trajectory using parallel transport.
This allows the generation of geometrically smooth streamlines that better
preserve the topographic organization of WM bundles and improve robustness
in regions with high curvature or complex crossings.

Streamlines’ generation also requires defining a seeding strategy and a
set of tracking parameters that strongly influence the resulting tractogram.
Seeding can be performed throughout the WM (whole-brain tractography),
within specific regions of interest (ROI-based), or along surfaces such as the
WM-GM interface, as illustrated in Figure 2.24. Dynamic seeding strategies
adaptively distribute seeds to achieve uniform streamline density (Smith
et al., 2015a). Key tracking parameters include the integration step size,
curvature threshold, and minimum FOD amplitude required for propagation.
Streamlines are typically terminated when these criteria are violated, when
entering non-WM regions, or when reaching the user-defined maximum or
minimum lengths. Together, these parameters control the anatomical coverage,
density, and smoothness of the reconstructed pathways.

To enhance biological plausibility, anatomical priors are increasingly in-

corporated into local tractography frameworks. Anatomically Constrained
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Figure 2.23: Comparison of three probabilistic tractography algorithms (local
fODF, iFOD2, and PTT) starting from a red seed point. Three candidate
directions (green, orange, blue) are evaluated at each propagation step, and
representative probabilities for following the colored trajectories are displayed
for each method. The first method uses only current FOD amplitudes; iFOD2
incorporates FODs along arcs, and PTT considers FODs within cylindrical
probes (only the blue probe candidates are shown). Candidates below a
threshold are rejected, while those above may be accepted depending on their
probability. From (Girard et al., 2025).

Tractography (ACT) (Smith et al., 2012) uses tissue-segmented maps derived
from structural MRI (usually 7;-weighted images) to ensure that stream-
lines originate and terminate in GM, while traversing WM, and to prevent
propagation through CSF or non-brain regions. Surface-Enhanced Tractogra-
phy (SET) (St-Onge et al., 2018) further improves cortical correspondence
of tract endpoints by constraining seeding and termination directly on the
reconstructed cortical surface.

Local tractography thus provides an efficient and flexible framework for
reconstructing WM pathways, though it remains sensitive to noise, partial
volume effects, and local modeling errors. These limitations motivated the de-
velopment of semi-global and global optimization-based approaches, discussed

in the following sections.
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White matter seeding White matter / gray matter interface seeding

Figure 2.24: Whole-brain tractography can be performed by seeding either
within the whole WM (left) or at the WM-GM boundary (right), the latter
corresponding to the regions where fibers originate. From (Jeurissen et al.,
2019).

2.3.2.3 Semi-global tractography methods

Semi-global tractography methods aim to overcome some intrinsic limitations
of purely local tracking by incorporating contextual information over larger
spatial scales. While local algorithms propagate streamlines based only on
the current voxel’s diffusion orientation, semi-global approaches integrate
information from neighboring regions or optimize trajectories according to a
global criterion defined over the diffusion field (Florack et al., 2025; Hagmann
et al., 2003; Poupon et al., 2000). They thus offer a compromise between the

efficiency of local methods and the robustness of fully global approaches.

A prominent class of semi-global techniques is geodesic tractography, which
formulates fiber tracking as the problem of finding minimal paths on a
Riemannian manifold derived from diffusion data (Florack et al., 2025; Sengers
et al., 2021). WM tracts are interpreted as the shortest paths between two
points with respect to a cost function reflecting local anisotropy and orientation
coherence. The metric is typically defined from the diffusion tensor or FOD,

so that propagation along well-aligned, anisotropic directions accumulates
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lower cost. By penalizing abrupt angular deviations, geodesic tractography
yields smoother and more anatomically consistent reconstructions than purely
local methods.

Several numerical strategies exist to estimate these optimal trajectories.
Front-propagation algorithms (Jbabdi et al., 2008; Parker et al., 2002) simulate
the evolution of a propagating interface from a seed region, where local
diffusion properties determine propagation speed (Figure 2.25). The resulting
arrival-time map encodes the minimal-cost field, from which optimal paths are
recovered by gradient descent. Alternatively, graph-based methods (Zalesky,
2008) represent the diffusion field as a weighted graph, with voxels as vertices
and edges encoding inter-voxel transition costs based on local coherence
or anisotropy. Shortest paths are then computed using algorithms such as

Dijkstra’s, providing an intuitive and efficient formulation.

Grey Matter

/

4

Figure 2.25: TIllustration of vectors used in computing the speed function
of front-propagation tractography algorithms. In WM tracts, the principal
diffusion eigenvector (arrow) shows strong directional coherence, whereas in

GM this directional organization is largely absent. From (Parker et al., 2002).

In summary, semi-global techniques extend the streamline framework
by enforcing path optimality over spatially extended neighborhoods. They

offer greater continuity and robustness in complex regions while remaining
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computationally manageable. Nonetheless, their accuracy is still limited by
the ill-posed nature of the diffusion inverse problem, as modeling errors, noise,
and limited resolution can distort the cost space, leading to anatomically

implausible trajectories.

2.3.2.4 Global tractography methods

As discussed in the previous sections, local and semi-global tractography
methods reconstruct streamlines by stepwise propagation following voxel-wise
fiber orientations. While computationally efficient and widely adopted, these
techniques are inherently limited by their local nature: each propagation step
depends only on the immediately surrounding diffusion information, making
them susceptible to noise, modeling inaccuracies, and local ambiguities in
regions where fibers cross or fan out. Global tractography methods address
these limitations by formulating tractography as a global optimization problem
in which the entire set of streamlines is estimated at the same time to best
explain the observed diffusion signal (Daducci et al., 2025; Mangin et al.,
2013; Reisert et al., 2011). In this context, the term global refers to three
key aspects that distinguish these methods from local ones: the use of all
diffusion data simultaneously during estimation, the joint optimization of all
trajectories rather than their independent propagation, and the requirement
that the resulting tractogram collectively explains the measured signal.
Global tractography optimizes a configuration of trajectories whose cumu-
lative contribution best explains the measured data. This estimation relies on
two key components: a forward model, which predicts the diffusion-weighted
signal generated by a given tractogram, and a cost function, which quantifies
the mismatch between the predicted and observed data. Formally, the optimal

tractogram T* is given by:
T* = argmin £(D, M(T)), (2.18)
T

where D denotes the acquired dMRI data, M(-) the forward model, and &(-, -)
the energy function evaluating their similarity (Daducci et al., 2025). The

forward model often employs spherical convolution to predict each streamline’s
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Figure 2.26: Illustration of the distinction between local and global tractogra-
phy strategies. Local tractography reconstructs each streamline independently
using only nearby diffusion information, and the complete tractogram is
formed by combining all streamlines. Global tractography, on the other hand,
simultaneously estimates all streamlines by fitting the entire tractogram to
the full AMRI dataset, optimizing trajectories to best match the observed
signal. From (Daducci et al., 2025).

contribution based on its position and orientation, potentially including
additional compartments such as extra-axonal or isotropic components. Some
variants adopt an inverse formulation, where voxel-wise diffusion models
are first estimated and then compared with streamline-derived orientations.
Given the noise and degeneracy of AMRI, multiple tractogram configurations
may fit the data equally well, making the problem ill-posed. To constrain
the solution space, global methods include reqularization terms that enforce
desirable properties such as smoothness, sparsity, or anatomical plausibility,

balancing data fidelity with biological realism.



2.3. Using dMRI to study brain connectivity 23

As illustrated in Figure 2.27, global tractography algorithms can be broadly
divided into two complementary categories according to how they optimize
the global objective function: generative and discriminative approaches (Da-
ducci et al., 2025). Both rely on the same underlying principle — estimating
the configuration of trajectories that best explains the measured diffusion
signal — but differ in whether they construct the tractogram directly from the
diffusion data or refine an existing set of candidate streamlines. Generative
methods adopt a bottom-up strategy, reconstructing WM pathways from their
elementary building blocks. They begin with a large collection of short fiber
segments, each representing a local portion of a tract and associated with
a predicted signal contribution derived from the forward model. Through
iterative optimization, these fragments are progressively displaced, reoriented,
and linked to form continuous, smooth trajectories whose cumulative signal
best reproduces the measured data. In this framework, both the geometry
and the number of streamlines are inferred directly from the diffusion signal
itself, allowing the model to synthesize a tractogram that naturally emerges
from the data without requiring a predefined set of trajectories. In contrast,
discriminative (or top-down) methods start from a precomputed whole-brain
tractogram, typically obtained through local tracking, and aim to globally
adjust its fit to the diffusion data (see also Section 2.4.1). Rather than
generating streamlines, they treat each candidate trajectory as a potential
contributor to the measured signal. The forward model is used to estimate the
signal each streamline would produce, assuming a constant contribution along
its length. The optimization then assigns a weight to each streamline, modu-
lating its contribution so that the aggregate prediction across all streamlines
best matches the empirical data. This approach reframes global tractography
as a data-driven filtering or reweighting problem, where the optimal solution
emphasizes anatomically and physically plausible trajectories while discarding
implausible ones.

As said before, generative global tractography reconstructs WM pathways
by directly inferring the configuration of streamlines that best explains the
measured dMRI signal through a forward model. Rather than propagating

trajectories from predefined seeds, these methods start from an initial random
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Figure 2.27: Illustration of generative versus discriminative approaches in
global tractography. Generative (or "bottom-up“) methods construct optimal
streamline configurations by starting from random short segments, which
are guided to form smooth, continuous trajectories that best account for
the measured dMRI signal. Discriminative (or "top-down‘) methods begin
with an initial tractogram obtained from local tractography and adjust the
contribution of each streamline to maximize agreement with the observed
diffusion data. From (Daducci et al., 2025).

distribution of short fiber segments and iteratively adjust their position and
orientation to form smooth, data-consistent trajectories. Due to the problem’s
large dimensionality and nonlinearity, stochastic optimization techniques are
typically employed. A first example is the spin glass model (Mangin et al.,
2002), where the tractogram is represented as a dense set of short, oriented
segments, analogous to magnetic spins, that interact both with the local
diffusion field and with neighboring segments. The global energy minimized
during optimization combines an external term, encouraging alignment with
principal diffusion directions, and an internal term, enforcing smoothness
between adjacent segments. Later developments enabled multiple, freely
positioned spins per voxel, allowing for the representation of crossings and
complex geometries (Fillard et al., 2009; Kreher et al., 2008; Reisert et al.,

2011). While highly expressive, this model involves a huge parameter space
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and poses a challenging optimization problem. The Gibbs tracking frame-
work (Kreher et al., 2008; Reisert et al., 2011) refined this idea by introducing
simulated annealing to drive the system toward an optimal low-energy config-
uration (Figure 2.28). Random modifications, such as adding, removing, or
perturbing individual segments, are proposed and accepted with a probability
dependent on their energy change and a gradually decreasing temperature. At
high temperature, the model explores diverse configurations, whereas cooling
progressively stabilizes the system around a globally consistent tractogram.
This probabilistic formulation improves convergence and robustness, making

generative global tractography computationally feasible and anatomically

more coherent.
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Figure 2.28: Illustration of the Gibbs tracking method. (a) At very high tem-
peratures, cylinder configurations are largely random and unstructured. (b)
At intermediate temperatures, configurations in regions of higher probability
are favoured, while maintaining some variability. (c) At temperatures near
zero, only configurations near local optima are sampled, producing highly

structured cylinders with minimal variation. From (Kreher et al., 2008).

2.3.2.5 Limitations of tractography

Tractography allows non-invasive reconstruction of WM pathways, yet its
accuracy is limited at every stage of the processing pipeline due to the indirect

and ill-posed nature of inferring axonal trajectories from diffusion signals.
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These signals reflect only the average displacement of water molecules within
each voxel rather than imaging axons directly, so all subsequent modeling
and tracking steps rely on assumptions that can lead to multiple, non-unique
solutions (Hubbard and Parker, 2014; Jones et al., 2013; Mangin et al.,
2013; Rheault et al., 2025b). The finite spatial resolution of dMRI voxels,
which is several orders of magnitude larger than individual axons, introduces
partial volume effects that are particularly problematic in regions of crossing,
fanning, or converging fibers (Hubbard and Parker, 2014; Jeurissen et al.,
2013). Even high-quality acquisitions cannot fully resolve small or short-range
connections, and measured signals are further degraded by noise, motion, and
other imaging artifacts. Consequently, tractography remains a model-based
inference rather than a direct measurement of axonal connectivity.

A fundamental unresolved limitation of tractography is the absence of
ground truth in vivo (Hubbard and Parker, 2014; Jones, 2010a; Rheault
et al., 2025b). Streamline reconstructions cannot be directly verified against
true anatomical connections in living brains. Ex vivo techniques, such as
axonal tracing and postmortem dissection, allow micro- or macro-scale valida-
tion (Jeurissen et al., 2019), but these methods are invasive, limited to specific
pathways, and cannot be applied to live subjects. Physical and software
phantoms provide controlled environments with known ground truth (Hub-
bard and Parker, 2014; Schilling et al., 2019b), yet they only approximate
biological tissue and cannot fully reproduce the structural complexity of the
human brain.

Tractography is fundamentally an ill-posed inverse problem, meaning that
multiple distinct solutions can equally explain the measured diffusion signal,
and even minor perturbations in the input data, such as noise, may lead
to substantially different results. Indeed, multiple fiber configurations can
produce virtually identical diffusion signals at the voxel level, allowing errors
to propagate during the streamline reconstruction process. Regions with
complex fiber organization are particularly prone to misestimation, resulting
in both false positives and false negatives (Hubbard and Parker, 2014; Rheault
et al., 2020).

Algorithmic choices also shape reconstruction outcomes. As seen in Sec-
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tion 2.3.1.2, advanced local modeling techniques, such as CSD, improve the
estimation of fiber orientations but remain limited by voxel-level ambiguities
and angular resolution constraints (Rheault et al., 2025b). Moreover, the
chosen tractography approach highly influences the results: deterministic
methods tend to produce sparse, incomplete tractograms that miss valid
connections, whereas probabilistic algorithms generate denser reconstructions,
but at the cost of increased false positives (Zalesky et al., 2016). Conse-
quently, streamline counts are strongly influenced by tracking parameters,
local modeling assumptions, and algorithm design, and are therefore unreli-
able as quantitative indicators of structural connectivity (Girard et al., 2014;
Jeurissen et al., 2013) (see also Section 2.4).

Comparative studies and community challenges have shown that most
algorithms recover a majority of true fiber bundles but also generate substan-
tial numbers of spurious connections, sometimes exceeding true positives by
several fold (Maier-Hein et al., 2017; Schilling et al., 2019b). Achieving high
sensitivity without inflating false positives remains a major challenge. To
address this, post-processing methods, along with the integration of anatomi-
cal priors or multimodal data, can improve specificity and reduce spurious
streamlines (Daducci et al., 2016). Nevertheless, their effectiveness is ulti-
mately constrained by the inherent ambiguities of the inverse problem and by
limitations of the initial tractogram (see Sections 2.4.1 and 2.4.2).

In addition to these challenges, tractography outcomes are influenced
by several systematic algorithmic biases, some of which are illustrated in
Figure 2.29 (Zhang et al., 2022). A curvature overshoot bias occurs when
numerical integration fails to follow sharp bends, causing streamlines to over-
shoot or smooth out curved trajectories and deviate from the true anatomical
course. The termination bias reflects the tendency of streamlines to stop
prematurely or to extend into non-neuronal tissue when local diffusion infor-
mation is weak or ambiguous; ACT (Smith et al., 2012) can alleviate but not
fully remove this problem. The connection-density bias arises because the
number of reconstructed streamlines is not proportional to the true number
of axons: factors such as seeding density, FOD amplitude, and tracking

thresholds can artificially inflate or suppress specific pathways (Zhang et al.,
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Figure 2.29: Representative examples illustrate errors and biases typical
of fiber reconstruction compared to the ground truth. (1) Streamlines can
overshoot the true pathway because low-order integration can underestimate
curvature. (2) Reconstructed streamlines may terminate in implausible lo-
cations due to inappropriate anatomical constraints. (3) Streamline counts
within a bundle do not necessarily reflect the underlying axonal density. (4)
Due to the limited spatial resolution of dMRI, many streamlines may ter-
minate at gyral crowns rather than being uniformly distributed across the
cortex. (5) In regions of bundle intersection, streamlines may erroneously
combine segments from different pathways, generating false-positive connec-
tions. Adapted from (Zhang et al., 2022).

2022). Finally, preferential termination at gyral crowns, referred to as gyral
bias, underrepresents sulcal connections (Jeurissen et al., 2019; Schilling et al.,
2018), while distance-dependent decay systematically reduces the detection of
long-range pathways and exaggerates local shortcuts. These biases, together
with voxel-level ambiguities, further limit the quantitative interpretability of
tractography-derived connectivity measures (see also Section 2.4).
Voxel-level ambiguities interact with anatomical and geometric constraints,
further complicating the reconstruction process. Many voxels contain multiple

anatomically distinct bundles, particularly where fibers converge or branch,
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such as in the internal capsule or corona radiata. In these regions, the diffusion
signal represents a mixture of orientations, making it difficult for algorithms
to assign streamlines correctly, which can lead to premature terminations,
misrouted trajectories, or artificial merging of distinct bundles (Jbabdi and
Johansen-Berg, 2011; Jeurissen et al., 2019; Rheault et al., 2020). Bottle-
neck regions, where multiple distinct bundles converge within a few voxels
(Figure 2.30), magnify these ambiguities by making it nearly impossible to
disentangle individual pathways and consequently lead to the introduction

of more invalid connections (Schilling et al., 2022b). Instead, wall effects,
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Figure 2.30: Tllustration of the bottleneck effect. Three distinct bundles with

separate endpoints converge in an overlapping WM region (A), where all fibres

run locally parallel, creating directional ambiguity upon exit. With three
possible origins and three destinations, nine configurations are feasible in
principle (B-D), even though only three reflect the true underlying anatomy.
From (Rheault et al., 2020).

where streamlines are forced to travel along the boundaries of a voxel or tract
(Figure 2.31), can artificially constrain or redirect trajectories away from their
true anatomical course (Jeurissen et al., 2019; Rheault et al., 2020).
Recognizing these challenges is essential not only for avoiding misinter-
pretation but also for understanding tractography’s strengths, as doing so
provides a constructive foundation for its continued improvement (Rheault
et al., 2020, 2025b). Despite these limitations, tractography remains a crucial
tool for mapping WM architecture, and ongoing methodological and acquisi-

tion advances promise to enhance its accuracy and reliability in both basic
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Figure 2.31: Illustration of the wall effect using simulations. (A) Ground truth
showing two bundles that briefly converge (“kissing”), with the true vector
fields displayed in (Al). In (A2), the FODs reconstructed from the same area
using CSD are shown. The white boxes indicate the wall effect, i.e., regions
where multiple orientations should appear but only one is detected, while
the dotted boxes highlight locations where a single orientation is correctly
expected. (B) Pink streamlines generated by probabilistic tractography show
reduced volume compared to the blue ground truth, with the lower arc segment
missing due to the wall effect. From (Rheault et al., 2020).

and clinical neuroscience.

2.3.3 From tractograms to structural brain networks

Once the fiber pathways have been reconstructed through tractography, they
can be used to build the structural connectome, a network representation
of WM connectivity linking distinct GM regions (Sotiropoulos and Zalesky,
2019; Sporns, 2014; Yeh et al., 2021; Zalesky et al., 2025). As illustrated in
Figure 2.32, in this framework, the brain is modeled mathematically as a

graph, where nodes correspond to cortical and subcortical Region of inter-
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est (ROI), and edges represent WM pathways inferred from the streamlines
connecting pairs of regions (Bullmore and Bassett, 2011; Hagmann, 2005;
Sporns et al., 2005). Unlike single-tract analyses, the connectome provides a
system-level description of brain wiring, enabling studies of network organiza-
tion, inter-individual variability, and the impact of development, aging, or

pathology (Sotiropoulos and Zalesky, 2019).

nodes

connectome

parcellation

edges

tractogram

Figure 2.32: Cortical and subcortical GM regions are first parcellated into
distinct nodes using an anatomical atlas (top left). Whole-brain tractography
is then used to infer WM pathways between node pairs (bottom left), where
each reconstructed streamline contributes to a specific connection (edge). The
resulting symmetric adjacency matrix (as tractography cannot resolve fiber

directionality) is a macroscale representation of the structural connectome
(right).

To define the graph nodes, the GM is parcellated into anatomical or data-
driven ROIs, according to an atlas, like those shown in Figure 2.33 (Cammoun
et al., 2012; Desikan et al., 2006; Destrieux et al., 2010; Hagmann et al.,
2007). In the most common approach, an anatomical atlas is registered to the
subject’s Ti-weighted MRI, and voxels are assigned to region labels appro-

priately (Sotiropoulos and Zalesky, 2019). Atlas choice is nontrivial: coarse
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parcellations lead to sparser macroscale networks, whereas high-resolution or
data-driven schemes can increase network richness at the expense of repro-
ducibility. Furthermore, parcellations derived from functional or structural
criteria may segment the brain along different organizational principles, re-
sulting in connectomes that are qualitatively distinct even when built from
the same diffusion data (Messaritaki et al., 2019).

Commonly-used atlases

Desikan-Killiany atlas (Desikan et al., 2006) Destrieux atlas (Destrieux et al., 2010) Glasser atlas (Glasser et al., 2016)

68 ROIs, structural parcellation 148 ROIs, structural parcellation 360 ROIs, multiple modalities

&

2

Gordon atlas (Gordon et al., 2014) Schaefer atlas (Schaefer et al., 2017) Yeo atlas (Gordon et al., 2014)
333 ROIs, functional parcellation 500 ROIs, functional parcellation 17 networks, functional parcellation

& AR

Figure 2.33: Surface-based representations of cortical parcellations are used

to define network nodes according to different atlases. Shown are exam-
ples of coarse (e.g. Desikan—Killiany) and higher-resolution (e.g. Destrieux)
anatomically defined parcellations, and functionally derived atlases (e.g. Yeo).
Adapted from (Firtjes et al., 2023).

Once the ROIs are defined, streamlines from the tractogram are assigned
to pairs of nodes to determine the graph edges. The simplest approach
considers only the endpoints of each streamline to specify its corresponding
ROI pair, although streamlines may terminate just short of a region boundary
due to partial-volume effects (Yeh et al., 2021). Heuristic strategies, therefore,
assign each streamline to the nearest ROI within a search radius, ensuring
each streamline contributes to exactly one connection (Smith et al., 2015b).
Alternative strategies also consider whether streamlines traverse an ROI’s

volume, which can capture long-range connections more inclusively, but, in
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this way, a single tract will contribute to multiple edges, increasing the number
of connections unrealistically (Yeh et al., 2019). These methodological choices
shown in Figure 2.34 influence the resulting connectome even before edge
weights are assigned; strategies for weighting edges are discussed in detail in
Section 2.4.

(a) All voxels (b) End voxels (c) Local search

E1 Eq :.'E1 L "

‘ D Node 1 D Node 2 D Node 3 D Node 4 DAssigned node

Figure 2.34: Different node (colored voxels) assignment strategies used to
determine how tractography streamlines (black curves) are mapped to network
edges (endpoints denoted E1 and E2). (a) All-voxels: any ROI intersected
along the streamline trajectory is counted. (b) Endpoint-only: a streamlines
contributes to connectivity only if both endpoints lie within labeled ROIs.
(c) Local-search: endpoints are assigned to the nearest ROI within a defined
neighborhood radius. From (Yeh et al., 2019).

The resulting adjacency matrix constitutes the structural connectome,
which can be analyzed with graph theory to characterize the network’s or-
ganization (Bullmore and Sporns, 2009; Fornito et al., 2016). It can be
considered as an undirected binary graph, reflecting only the presence or
absence of connections, or as a weighted graph, where edges encode a mea-
sure of connection strength (Yeh et al., 2021). Weighted graphs allow richer
analyses but are more sensitive to modeling assumptions. Metrics such as

global efficiency, clustering coefficient, modularity, and connection strength
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quantify aspects of large-scale communication capability, local specialization,
and network organization (Zalesky et al., 2025). These measures are employed
for comparisons between subjects or groups, allowing investigations into how
structural wiring supports cognition or is altered in disease. In this way,
tractography-based connectomics provides a bridge between microscopic WM
architecture and macroscopic systems-level brain function, while remaining
model- and parameter-dependent and subject to the methodological limita-
tions discussed in Section 2.3.2.5 (Jones et al., 2013; Mangin et al., 2013;
Rheault et al., 2020).

In all cases, the resulting network is a model rather than a direct observa-
tion of biology. Its structure reflects algorithmic choices, parcellation scheme,
and tractography parameters. Validation therefore remains a major challenge:
while group-level patterns of connectivity have shown reasonable consistency
across studies, direct subject-level ground truth is unavailable in vivo (For-
nito et al., 2016; Sotiropoulos and Zalesky, 2019). Reproducibility is highly
dependent on the chosen pipeline, including preprocessing, parcellation, and
tractography methods. Current approaches to improve robustness include the
use of standardized pipelines, cross-validation across datasets, and multimodal
integration (e.g., combining dMRI with functional or anatomical data), but
even these strategies cannot fully overcome the inherent ambiguities in stream-
line reconstruction or node definition. Consequently, structural connectomes
should be interpreted as probabilistic representations of connectivity rather
than definitive maps of anatomical connections (Sotiropoulos and Zalesky,
2019).

Finally, while the presence or absence of connections defines the network
structure, quantifying the strength of edges remains an open methodological
challenge. Choices about how to assign weights can significantly affect the

interpretation of the network and downstream analyses based on graph theory.
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2.4 The quantification problem in tractography

As discussed in Section 2.3.2, tractography algorithms reconstruct continuous
trajectories through dMRI data by combining local fiber orientation estimates.
However, it is important to emphasize that these methods do not reconstruct
individual nerve fibers or bundles; instead, they generate pathways along
which many axons are presumed to run in parallel (Jones et al., 2013; Zhang
et al., 2022). These streamlines are used qualitatively to visualize major WM
tracts and quantitatively to define regions of interest or estimate the degree of
connectivity between brain regions (Conturo et al., 1999; Kaden et al., 2007).
Nevertheless, orientation information alone is insufficient for accurate quan-
tification of WM connections. It requires microstructural information beyond
orientation, including axon density, diameter, and myelin content, which can
be partially estimated with advanced dMRI techniques or complementary
modalities such as quantitative magnetization transfer and multi-component
relaxometry (Jones et al., 2013).

A central challenge in tractography-based connectomics is quantifying
connection strength. Traditionally, the most common approach has been
to define edge weights as the number of streamlines (NOS) reconstructed
between pairs of GM regions (Jones et al., 2013). Yet, even when the
underlying number of axons is constant along a pathway, the number of
reconstructed streamlines can vary substantially depending on tract length,
curvature, branching, or local SNR (Jones, 2010a). This means that the
NOS is not a biologically faithful proxy for actual axon count. Two bundles
with identical information-carrying capacity (e.g., straight vs. curved) are
therefore not expected to differ, yet tractography would typically report
different streamline counts. For this reason, interpreting streamline count as
“fiber count” (i.e., true axon number) is misleading and should be avoided.
Likewise, the number of streamlines passing through a voxel should not be
interpreted as “fiber density,” as it is similarly modulated by non-biological
factors (Yeh et al., 2021; Zhang et al., 2022).

Several technical factors contribute to this discrepancy. First, the intrinsic

limitations of dMRI and tractography introduce biases in streamline recon-
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struction. As mentioned in Section 2.3.2.5, algorithmic parameters, including
step size, curvature thresholds, seeding density and strategy, and the choice of
local fiber orientation model, substantially influence both the number and tra-
jectory of reconstructed streamlines (Smith et al., 2022). In particular, longer
fibers are subject to underestimation due to the accumulated propagation
errors, while uniform seeding strategies may lead to overestimation (Maier-
Hein et al., 2017). Additional biases arise during the estimation of FODs;
for example, the sharpness of the FOD, the quality and gradient amplitudes,
and the presence of complex fiber configurations all affect which streamlines
propagate and which terminate prematurely (Jones et al., 2013).

These technical limitations have direct implications for downstream anal-
yses. Because connectivity matrices are typically populated by streamline
counts, edge weights derived from uncorrected tractograms can misrepresent
the true WM architecture (Yeh et al., 2021). This misrepresentation can
propagate into graph-theory metrics, such as global efficiency, modularity,
and hub identification, potentially leading to erroneous interpretations of
network organization or group differences (Fornito et al., 2016). Moreover,
the reproducibility of structural connectomes is highly sensitive to the trac-
tography algorithm, seeding strategy, and post-processing choices, making
cross-study comparisons challenging (Smith et al., 2022; Yeh et al., 2021).

To mitigate these limitations, tractography can be combined with quan-
titative microstructural information, an approach commonly referred to as
tractometry (Bells et al., 2011; Sotiropoulos and Zalesky, 2019). In tractome-
try, microstructural metrics such as Fractional Anisotropy, Mean Diffusivity,
or neurite density indices are sampled along the trajectory of each streamline
and then aggregated across the bundle, yielding a more biologically informative
estimate of connection strength than raw streamline counts. A complementary
strategy is to analyze the distribution of microstructural values along the
trajectory rather than collapsing it into a single scalar. This approach requires
appropriate sampling or parameterization (Bells et al., 2011; Colby et al.,
2012; Yeatman et al., 2012) and enables along-tract profiling, characterizing
spatial variations either along the fiber axis or across its cross-section.

More advanced microstructure informed tractography methods, explicitly
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reweight or optimize streamline contributions to better reflect the underlying
tissue properties and measured diffusion signal, partially correcting for the
biases inherent in conventional streamline counts (Daducci et al., 2015; Pestilli
et al., 2014; Smith et al., 2013).

2.4.1 Microstructure informed tractography

Microstructure informed tractography refers to a class of methods that exploit
biophysical tissue models to infer not only the geometry of WM tracts
but also the quantitative contribution of each streamline to the acquired
dMRI (Daducci et al., 2016). Standard tractography techniques consider the
reconstructed streamlines as simple lines, ignoring the rich microstructural
information present in the dMRI data. In contrast, to provide a more
biologically accurate estimation of brain connectivity, microstructure informed
tractography approaches interpret the acquired diffusion signal as a function
of the microstructure represented by the set of streamlines, and fit the
tractogram to the data via global optimization (Figure 2.35). For this reason,
microstructure informed tractography belongs to the discriminative class
of global methods (see Section 2.3.2.4 for more details): these top-down
techniques operate on an existing tractogram and estimate the contribution
of each streamline to explaining the diffusion signal, pruning or reweighting

the tractogram accordingly (Daducci et al., 2016).

2.4.1.1 SIFT

The Spherical-deconvolution Informed Filtering of Tractograms (SIFT)method
does not directly model the complete dMRI signal, but it assumes that the
amplitude of each lobe of the FOD, estimated by CSD, is proportional to
the true intra-axonal volume oriented along that direction (Smith et al.,
2013). To preserve this proportionality, the diffusion signal must not be
normalized to the b=0 image, FOD amplitudes must retain their absolute
scale. Moreover, SIF'T assumes that each streamline represents a portion
of axonal cross-section and contributes uniformly to tissue volume per unit

length (Smith et al., 2013). Under these premises, an unbiased tractogram
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Figure 2.35: Diagram illustrating the top-down approach of microstructure
informed tractography methods. The final, refined tractogram is obtained by
combining, via a global optimization procedure, the streamlines generated by
a standard algorithm with local tissue properties and the acquired diffusion
MRI signal. From (Daducci et al., 2015).

should exhibit a streamline density in each voxel and direction that matches
the corresponding FOD lobe integral, as illustreted in Figure 2.36.

SIFT introduces a proportionality coefficient

> (PMy ), FODy, )
N, (PMy Y, TDy, ()

which reascales the raw track density 7Dy ; (sum of streamline segments per

(2.19)

lobe [ in voxel V, restricted to the processing mask PM) to the same units as
the FOD integral FODy, ;. The ideal condition enforced by the algorithm is

V{VIPMv>O, l} IU'TDV’[:FODV’I (220)

and deviations from this equality indicate inaccuracy in the fit, allowing the

definition of the cost function

=Y <PMV > (- TDy,, — FODy, 1)2) : (2.21)
\% l
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P

Figure 2.36: Schematic illustration of Spherical-deconvolution Informed Fil-
tering of Tractograms (SIFT) principles. (a) A voxel contains two crossing
fiber populations, with the volume of the inferior-superior bundle (blue) twice
that of the left-right bundle (red). (b) The FOD amplitude is expected to
reflect this ratio. (c) By assigning a volume per unit length to each streamline,
an unbiased reconstruction should produce twice as many streamlines along
the dominant fiber orientation as along the minor population. From (Smith
et al., 2013).

This cost function can therefore be used to quantify how well the recon-
struction of a streamline aligns with the underlying data (see Figure 2.37).
Streamlines whose presence causes an excess of tract density with respect to
the FOD (i.e. u TDy ; > FODy, ;) are therefore considered to violate the
biophysical plausibility constraint and are iteratively removed. The removal
process follows a greedy gradient-descent strategy: at each step, the stream-
line whose elimination is expected to produce the largest reduction in global
cost is discarded (Smith et al., 2013). The algorithm does not recompute
the full cost function after each removal, which would be computationally
prohibitive. Instead, it uses efficient local updates to approximate each
streamline’s contribution to the mismatch, enabling millions of streamlines
to be evaluated and pruned. In this way, the resulting filtered tractogram
better matches the relative amplitudes of the underlying FODs. However,
explicit removal reduces tractogram density, which may be undesirable in

downstream applications.

To overcome this limitation, STFT2 (Smith et al., 2015a) keeps all stream-
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Figure 2.37: Illustration of the estimated change to the cost function from the
removal of individual streamlines. For selected voxels (yellow squares), the
FOD lobes are shown with colored bidirectional arrows, and the corresponding
streamline contributions (densities normalised by p) are shown as white arrows.
For streamline 1 (red), densities exceed FOD lobe integrals, so its removal
reduces the cost function. Instead, for streamline 2 (cyan), FOD integrals
exceed densities, leading to an increase in the cost function if removed.
From (Smith et al., 2013).

lines but estimates a weighting coefficient for each one, allowing tractography
to remain dense while still enforcing quantitative consistency with the FOD.

The track density in each lobe is redefined as

TD = > (Isi]-e™) . (2.22)
s:|s;|>0

where |s;| denotes the length of streamline s assigned to lobe [, Fy is the
weighting coefficient and ef* is the weighting factor. SIFT2 aims at optimize
the coefficients F; such that the weighted tractogram best matches the
FOD amplitude in each direction, under the same proportionality factor
. The estimation includes a regularization term that penalizes extreme
weight deviations, enforcing smoothness and biological plausibility across

neighboring streamlines. Unlike SIF'T, which discards entire streamlines,
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SIFT2 preserves the full tractogram and instead allows the construction of
a weighted connectome, where the weight of each individual streamline is
interpretable as a proxy for its contribution to cross-sectional fiber area (Smith
et al., 2015a).

2.4.1.2 LiFE

Linear Fascicle Evaluation (LiFE), rather than enforcing consistency with the
FOD field, directly evaluates how well each streamline explains the measured
dMRI signal (Pestilli et al., 2014). Specifically, it models the diffusion signal
as a linear combination of the signal predicted by all streamlines and directly
fits that model to the data.

For a diffusion gradient with direction § and strength b, the signal attenu-

ation from a single streamline segment f is modeled as
S(6,b) = Sye A1), (2.23)
where S is the non—diffusion-weighted signal, and the ADC is
A(0) = 07Q0, (2.24)

with @ a positive-definite diffusion tensor locally aligned to the orientation of
the fascicle segment. Because a typical voxel v contains multiple fascicles and
possibly isotropic tissue, LiF'E expresses the measured signal as a weighted
sum of contributions:
Su(0,0) = woSoe ™Y+ " wy Sye ) (2.25)
fev
where Ay and wy model the isotropic compartment (e.g. CSF), and each wy is
the unknown, non-negative contribution of fascicle f. This can be rearranged
into an isotropic baseline I, plus orientation-dependent components O¢(6):
Su(0,0) =1, + > w;O4(0), (2.26)
fev

LiFE then solves a global Non-Negative Least Squares (NNLS) problem:

argmin Z Z <Sv(0, b) — I, — wa Of(H)) . (2.27)

wy20 fev
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The solution provides biophysically interpretable weights for each streamline,
reflecting its quantitative contribution to explaining the measured diffusion
signal. Streamlines that do not improve the prediction receive weights ap-
proaching zero, effectively reducing the impact of implausible trajectories
without deleting them from the tractogram (Pestilli et al., 2014).

2.4.1.3 COMMIT

Convexr Optimization Modeling for Microstructure Informed Tractography
(COMMIT) (Daducci et al., 2013, 2015) is a flexible framework that enables
the combination of tractography with virtually any additive microstructural
signal model to enhance the quality of the reconstructions. Like the other
microstructure informed tractography methods, it starts from a superset of
candidate streamlines generated using classical tractography algorithms. This
is assumed to be a valid superset of anatomically plausible connections, since
this class of techniques cannot create new streamlines but only remove those
that are invalid. Each streamline is then assigned a weight reflecting its con-
tribution to the measured signal, estimated by solving a convex optimization
problem (Daducci et al., 2013, 2015).

The signal within each voxel is modeled as a linear combination of con-
tributions from multiple compartments, depending on the forward model
applied. In the original COMMIT formulation, it included a restricted intra-
axonal compartment, a hindered extra-axonal compartment, and an isotropic
compartment representing CSF (Panagiotaki et al., 2012). Therefore, the

predicted diffusion signal S(q) in a voxel is expressed as:

S(q)=>_ HRIq)+ > fFORIq) + f°RO(q),  (2.28)
s$;i €T $;i €T

where RI¢, RFY and RI9© are the signal profiles for the restricted, hindered,
and isotropic compartments, and f{¢, fF¢ and fI59 are their respective
volume fractions. Each R® and RFC is rotated to align with the local
orientation of streamline s; belonging to the input tractogram 7 and scaled

by the actual length of the s; segment crossing the voxel. The contributions
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of all streamlines within a voxel are summed to account for both restricted
and hindered compartments.

COMMIT assumes that the measured dMRI image I € Ry Xn=Xnd
composed of ng g-space measurements acquired across n, = n;n,n, voxels,
can be modeled as I = A(T) +n, where A : T — 1 is the linear operator
describing the contribution of each streamline in 7 to the signal, and n
accounts for noise and modeling errors. Given an input image I, the aim is to
find the set of fibers 7 that best describes the data. As shown in Figure 2.38,
this formulation can be represented in matrix form as a system of linear
equations:

y =Ax+n, (2.29)

where y € R"" contains the concatenated diffusion measurements across all
voxels, A € R™"4*" encodes the multi-compartment forward model for all
streamlines and other tissue contributions, x € R’} represents the unknown
non-negative weights of each streamline (Daducci et al., 2015). The weights

are estimated by solving a NNLS problem:

argmin ||Ax — y||3. (2.30)
x>0

The matrix A is typically large and sparse, as each streamline intersects
only a subset of voxels, and can be structured as a block matrix for multi-

compartment models:
A = [ATO| AEC | ATSO) (2.31)

where each block encodes the restricted, hindered, and isotropic contributions,
respectively. The streamlines are assigned global weights, providing a quanti-
tative measure of their contribution to the diffusion signal (Daducci et al.,
2015). Streamlines with weights equal to zero are considered non-contributing
and are removed, producing a refined, biologically plausible tractogram.
Figure 2.39 shows an illustrative synthetic toy example of the COMMIT
forward model. In panel (A), the simulated diffusion data are modeled in each

voxel with the represented FODs, from which three candidate streamlines
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Figure 2.38: Conceptual overview of the COMMIT framework. The input
streamlines (weighted by coefficients x) are mapped to the measured dMRI
signal y via the linear operator A. In each voxel, the signal is expressed as the
sum of restricted intra-axonal contributions from all intersecting streamlines,
optionally complemented by local extra-axonal and/or isotropic compartments.
From (Daducci et al., 2015).

are reconstructed. These streamlines form the input tractogram on which
COMMIT operates. The chosen forward model consists of a “stick” com-
partment to capture the anisotropic intra-axonal signal associated with each
streamline segment and a complementary “ball” compartment to account for
potential isotropic signal. Panel (B) then details the construction of the linear
system of Eq. 2.29. The vector y is formed by concatenating the simulated
diffusion measurements from all voxels, while the matrix A is assembled by
considering how each streamline intersects the voxel grid. In this case, fiber
1 passes through voxels 1 and 2, fiber 2 through voxels 1 and 3, and fiber 3
through voxels 2, 3, and 4. One column is created for each streamline, and in
the rows corresponding to traversed voxels COMMIT inserts the anisotropic
stick response oriented according to the local direction of the fiber; all other
rows remain zero. To model isotropic contributions, four additional columns
are appended, one per voxel, each containing a ball response exclusively in

the row of its corresponding voxel. In this formulation, each column of A is
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controlled by a separate entry of x, and the predicted signal is simply Ax.
According to matrix-vector multiplication, we can notice that in voxel 1, only
the first two streamline contributions may be nonzero, while the CSF term
must be zero; in voxel 2, the only compatible contribution is that of fiber
3; and similarly, fiber-specific weights are inferred in voxels 3 and 4. In this
example, x is uniquely determined, and because the coefficient associated
with fiber 3 is estimated as zero, that streamline is identified as a false positive

and discarded from the tractogram.

s

o
g
*g

Voxel 2

/
Stick Ball
(for streamlines) (for CSF)
"‘J
O E )

n
Fiber 1 Fiber 2 Fiber 3 voxel 1 voxel 2 voxel 3

@ Simulated data Tractogram Forward model

s

§
3 ;

Fib

Voxel 3 Voxel 2 Voxel 1

Voxel 3 Voxel 2 Voxel 1

“N (NN
@

Figure 2.39: Synthetic toy example of COMMIT model. The acquired
image (“Simulated data”) is vectorized in y, while the potential tractogram
contribution is stored in the matrix A according to the selected forward
model. Finally, the vector x contains the coefficients estimated by COMMIT
(for simplicity, here the entries are only Os, i.e., non-compatible, and 1s, i.e.,
compatible). From (Schiavi et al., 2020).



76 Chapter 2. Background

2.4.1.4 Extentions of COMMIT

The original COMMIT framework was designed to assign physically inter-
pretable microstructural weights to streamlines based solely on diffusion MRI.
However, its formulation is flexible by design, and several extensions have
been introduced to enhance anatomical accuracy or enrich the biophysical
meaning of the resulting connectivity estimates. These developments can be
broadly categorized into methods that (i) integrate multimodal or microstruc-
tural information beyond diffusion, and (ii) introduce anatomical priors to
counteract known tractography limitations such as false positives (Daducci
et al., 2025).

Standard tractography algorithms, including global methods, are known to
produce a huge number of false positive streamlines (Maier-Hein et al., 2017),
as illustrated in Figure 2.40. A key reason is that they are typically purely data-
driven, relying exclusively on the dMRI signal without enforcing anatomical
knowledge (Daducci et al., 2025). Building on the original formulation,
COMMIT?2 (Schiavi et al., 2020) introduces anatomical priors reflecting the
natural organisation of WM axons into macroscopic tracts connecting GM
regions. Instead of treating streamlines as fully independent, they are grouped
in bundles g, and their corresponding columns in the matrix A are regularized

jointly using a group-lasso penalty:

A/
argmin [|Ax —yl|; + Z)\(g) B ,» With A9 = Avigl (2.32)
x>0

g€g Hxl(\?lZILS H2

where G is a partition of the streamlines into groups (each connecting a
pair of GM regions), |g| is the group size, and A controls the trade-off
between data fitting and sparsity. This promotes solutions that explain
the observed diffusion signal using the smallest number of anatomically
meaningful bundles rather than an arbitrary collection of individually weighted
streamlines (Schiavi et al., 2020). This formulation substantially increases
specificity by suppressing false-positive bundles that are not required to
fit the signal, thereby enhancing the anatomical plausibility of the final

tractogram and aligning with the metabolic efficiency principle that prefers
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solutions with low energetic cost rather than the existence of all possible

connections. (Bullmore and Sporns, 2012).

tissue microstructure anatomical priors

0 false positives 441 false positives 393 false positives 20 false positives

Figure 2.40: Standard tractography is prone to a high rate of false-positive
connections, as shown on the synthetic simulation in panel A. Relying solely
on microstructural information provides only limited improvement (B, left),
whereas the integration of additional knowledge about WM organization
substantially suppresses spurious pathways (B, right). From (Daducci et al.,
2025).

This concept was further generalized into a hierarchical formulation, called
COMMIT2 (Ocampo-Pineda et al., 2021), in which streamlines are not
grouped in a single partition but instead organized into a multilevel tree
reflecting the branched structure of WM architecture. At the highest level,
entire bundles are represented; at lower levels, sub-bundles and finer trajec-
tory variants are progressively modelled. This variation allows discarding
unplausible pathways belonging to real anatomical WM tracts; indeed, in
COMMIT?2 all streamlines belonging to the same group are promoted with
non-zero weights. The regularization is accordingly defined over this new
hierarchy, enabling the optimization to remove entire implausible bundles
when sufficient evidence is lacking, while still allowing finer subdivisions
to be retained when required to explain the data. This hierarchical prior

further improves the balance between sensitivity and specificity, providing
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anatomically consistent tractograms that preserve valid projections into cor-
tical regions while eliminating global false-positive structures that persist
even after aggressive streamline-level filtering. In doing so, COMMIT2;;ec
demonstrates that anatomical priors can be embedded at different levels of
granularity while preserving the convexity, interpretability, and quantitative
nature of the original COMMIT formulation.

> COMMIT: “Streamlines are independent” 1

argmin||Ax — y|[3
x20 -
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argmin||[Ax — y|} + A ” + } ]
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Figure 2.41: In the original COMMIT framework, streamlines are treated
as independent elements. COMMIT?2 introduces a regularization strategy
that accounts for their natural grouping into bundles. COMMIT2y,. further
extends this idea by modeling a hierarchical organization, in which bundles
can be subdivided into multiple levels of sub-bundles that are selectively
promoted or penalized during optimization. From (Ocampo-Pineda et al.,
2021).

Schiavi et al. (2022) proposed Myelin Streamline Decomposition (MySD),
an extension of COMMIT that replaces the diffusion signal with quantitative
myelin-sensitive MRI maps, such as the Myelin Volume Fraction (MVF) from
Magnetization Transfer Saturation (MTsat) or the Myelin Water Fraction
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(MWF). In this formulation, the target vector y contains the voxelwise myelin
content, and the forward operator A simply stores the length of each streamline
segment inside each voxel. The estimated weights, therefore, correspond to
myelin volume or water contribution per unit length of each streamline. These
streamline-level myelin weights can then be aggregated at the bundle level by
summing the total myelin volume attributed to the associated streamlines and
normalizing by the total macroscopic bundle volume, yielding a bundle-specific
myelin fraction (Schiavi et al., 2022). In vivo experiments on healthy controls
confirmed that MySD can characterize both macroscopic bundles and cortical
projections more precisely than traditional tractometry, which averages signal
along the trajectory rather than attributing it to each streamline individually,
as shown in Figure 2.42 (Daducci et al., 2025).

Tractometry MySD
average along bundles decomposition on bundles

Figure 2.42: Whole-brain results and selected bundles of the left motor network
are shown to compare myelin water fraction estimates using tractometry
and MySD. MySD provides higher contrast between different bundles than
tractometry. It also reveals higher myelination in bundles connecting the
precentral gyri and in those linking the precentral gyrus to the medulla,
compared to pathways connecting to subcortical nuclei, agreeing with previous
findings. Adapted from (Schiavi et al., 2022).

A further extension of the framework incorporates microstructural hetero-
geneity by explicitly estimating the azonal diameter distribution within each
streamline. This model, known as COMMIT sysize (Barakovic et al., 2021a),
replaces the single “stick” model with a dictionary of restricted diffusion ker-
nels corresponding to multiple candidate axon calibres, each associated with

a distinct intra-axonal signal response. In this formulation, each streamline
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can express its contribution not through a single coefficient but through a
mixture of size-specific components, allowing the optimization to infer both
the presence and the most plausible axon-diameter profile of every trajectory.
This enables COMMIT to move beyond purely geometrical filtering and
into quantitative microstructural characterization of long-range connections,
providing estimates of bundle-specific axon calibre distributions directly from
tractography (Daducci et al., 2025). In contrast to voxelwise axon-diameter
mapping approaches, COMMIT ssie performs this estimation along anatomi-
cally coherent pathways, thus resolving the contributions of intersecting fibre
populations while respecting the continuity of individual tracts. As a result,
this extension opens the possibility of combining tractography with biologi-
cally interpretable morphometric biomarkers, while preserving the convexity
and interpretability of the original optimization framework (Barakovic et al.,
2021a).

Microstructural properties of distinct fiber populations, such as Ty relaz-
ation time, cannot be inferred from dMRI alone. COMMIT-T, (Barakovic
et al., 2021b) extends the COMMIT framework to incorporate multi-echo
diffusion-relaxometry data into the optimization. In contrast to voxelwise
relaxometry methods, it assumes that 75 is constant along individual stream-
lines, but may vary between different streamlines within the same voxel.
Analogous to how COMMIT s,sie models axon caliber, multiple columns
per streamline are defined in the forward model, each corresponding to a
different candidate T5 value. After solving the global optimization problem,
each streamline is associated with a distribution of T3 coefficients, repre-
senting the relative contribution of each candidate relaxation component.
Proof-of-concept experiments showed that this formulation successfully re-
covers tract-specific relaxation profiles, even in challenging areas such as the
three-way crossing between the corpus callosum, arcuate fasciculus, and corti-
cospinal tract, a configuration frequently considered problematic for classical
methods (Daducci et al., 2025). This demonstrates that tractography can
serve not only as a geometric estimator of connectivity, but also as a spatial
regularizer for multimodal microstructural inference.

Overall, these COMMIT extensions enhance the original framework, illus-
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trating its versatility in combining tractography reconstructions with diverse
sources of quantitative tissue information, while retaining the advantages of
convex optimization for global signal fitting and biologically interpretable

streamline weighting.

2.4.2 Limitations of microstructure informed tractogra-
phy

While microstructure informed tractography methods provide powerful tools
for obtaining more biologically meaningful estimates of structural connectivity,
several methodological limitations must be acknowledged (Daducci et al., 2016;
Daducci and Schiavi, 2025).

A fundamental challenge lies in the quality and completeness of the input
tractogram. Since microstructure informed methods cannot generate missing
fibers, any absent or underrepresented pathway in the input may lead to
the misattribution of signal, potentially assigning contributions to spurious
connections or underestimating specific tracts (Daducci et al., 2016). Ensuring
high sensitivity in the initial tractogram is therefore critical, even at the cost
of including false positives (Zalesky et al., 2016).

Anatomical accuracy remains a significant concern. Even state-of-the-
art tractography algorithms, including those informed by microstructural
priors, face an intrinsic trade-off between sensitivity and specificity. As
explained in Section 2.3.2.5, these methods often introduce numerous false
positives, particularly in regions where distinct bundles intersect, creating
“bottlenecks” that cannot be fully resolved by local information alone (Girard
et al., 2020; Maffei et al., 2022; Maier-Hein et al., 2017; Schilling et al., 2019b;
Thomas et al., 2014). COMMIT extensions reduce but do not eliminate
such errors (Schiavi et al., 2020). Inaccuracies in trajectory or spatial extent
can distort both local and global measures of connectivity, especially in
geometrically complex regions such as crossing or fanning fibers. Moreover,
excessive or redundant streamlines can lead to ill-posed estimation problems
in global fitting frameworks, amplifying instability and inducing potential

biases in the quantitative estimations (Daducci et al., 2016; Daducci and



82 Chapter 2. Background

Schiavi, 2025; Daducci et al., 2025).

In addition, microstructure informed tractography is intrinsically con-
strained by the assumptions made in the forward model that links streamlines
to the diffusion signal (Daducci et al., 2016). Most formulations assume
that each reconstructed streamline represents a physically continuous fiber
population extending along its entire length. However, tractograms often
contain partial fibers, truncated pathways, or streamlines that only cover a
subset of the true anatomical trajectory. These incomplete representations
may still contribute to the signal in a voxel-wise manner, but their limited
spatial support can introduce inconsistencies in the global fitting process. As
a result, the optimization may attribute signal to anatomically implausible
or fragmented pathways, leading to biased weight estimates and reduced
biological interpretability. This effect is particularly problematic in regions
characterized by complex branching patterns or where streamlines prema-
turely terminate due to local modeling errors or stopping criteria (Daducci
et al., 2016).

Another key limitation is the common assumption of constant microstruc-
tural properties along individual streamlines (Daducci et al., 2016). Parameters
such as intra-axonal signal fraction, relaxation times, or myelin content are
often treated as uniform along the trajectory of a given fiber, despite evidence
of spatial heterogeneity in both healthy and pathological tissue (Jones, 2010a;
Jones et al., 2013; Smith et al., 2022; Zalesky et al., 2020). Localized lesions
or demyelinating processes can violate this assumption, introducing biases
in the estimated contributions and potentially propagating errors across the
connectome due to the global nature of the fitting algorithms (Dell’Acqua
et al., 2025; Yeh et al., 2021; Zhang et al., 2022). Indeed, even a mismatch
confined to a single region can trigger compensatory adjustments elsewhere in
the tractogram, indirectly altering the estimated weights of connections that
are anatomically unaffected. This phenomenon, often described as a “butterfly
effect”, implies that errors are not spatially contained but can cascade globally,
biasing the entire WM wiring (Daducci and Schiavi, 2025) (Figure 2.43).

Furthermore, the diffusion-weighted signal itself is affected by spatial in-

homogeneities that are not directly related to the underlying WM microstruc-
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Figure 2.43: Conceptual representation of the “butterfly effect” in
microstructure-informed tractography. Local perturbations, such as focal
lesions, missing or spurious bundles, or inaccurate streamline geometry, can
propagate through the global optimization, leading to a misestimation of mi-
crostructural properties across the entire connectome and biased connectivity

measures. From (Daducci et al., 2025).

ture (Belaroussi et al., 2006). Variations in coil sensitivity, susceptibility-
induced distortions, partial volume effects, and residual motion artifacts can
generate spatially structured intensity fluctuations that violate the assump-
tions of uniform tissue properties. Since microstructure informed tractography
minimizes a global fitting error, such inhomogeneities may be erroneously
interpreted as microstructural variations, altering the estimated contribu-
tion of nearby streamlines (Daducci et al., 2016). In addition, the length of
individual fibers can introduce systematic bias: longer streamlines traverse
more voxels and may therefore be over-penalized in regularized frameworks,

or conversely favored if regularization is insufficient (Daducci et al., 2016).

Finally, despite substantial progress in optimization strategies and sparse
solvers, the computational demands of microstructure informed tractography
remain considerable. Global fitting approaches, especially when applied to
high-resolution multimodal datasets or very large tractograms, continue to

require substantial memory and processing resources (Daducci et al., 2015;
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Schiavi et al., 2020). Careful planning is therefore required to balance
tractogram density, spatial resolution, and computational feasibility.

In summary, while microstructure informed tractography provides a pow-
erful framework for deriving biologically meaningful and quantitatively inter-
pretable reconstructions of brain connectivity, its reliability is constrained
by the quality of the input tractogram, persistent anatomical ambiguities,
assumptions of microstructural uniformity along fibers, the potential for glob-
ally propagating estimation errors, and computational burden. Awareness of
these limitations is essential for responsible interpretation of results and for

future methodological advancements.



Chapter 3

Blurred streamlines representation

3.1 Motivation

As detailed in Section 2.3.2.5, despite the unique potential, tractography
suffers of some known limitation that lead to biases in the reconstructed
tractograms (Girard et al., 2014; Rheault et al., 2020; Zhang et al., 2022). In
particular, a fundamental decision that any user, from beginners to experts,
always has to face is how many streamlines to generate for a given data
set. Figure 3.1 illustrates the issue: if one reconstructs a small number of
streamlines, there will be a high risk of missing some anatomical connections,
i.e. False Negative (FN), whereas by generating a larger number there will
be increasing chances to obtain spurious trajectories that do not reflect the
underlying fiber structure, i.e. False Positive (FP)s, as well as to introduce
unnecessary redundancy. Even though it might appear a minor detail at
first glance, this is actually a very important choice that can have serious
consequences on the accuracy and the interpretation of the results (Rheault
et al., 2020). Yet, this issue has not received proper consideration in the past
and it has been addressed either marginally or using empirical approaches;

thus, to date, it remains an open question in the community.

Some studies investigated this problem from a saturation point of view:
tractography is seen as a sampling process which retrieves a subset of stream-

lines in a bundle, and the consequences of increasing their number are studied

85
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Figure 3.1: How many streamlines should be generated? If one reconstructs a
tractogram with a low number of streamlines, no redundancy is expected in the
tractogram but there will be a high risk of missing parts of brain’s anatomy, i.e.
false-negative connections. Conversely, as the number of streamlines increases,
this possibility is more and more unlikely but there will be increasing chances
of introducing redundancy in the tractogram as well as reconstructing false-
positive connections. How to choose the optimal number of streamlines is

still an open question in the community.

by looking at the volume (Gauvin, 2016) or the information content (Moyer
et al., 2019) of the bundle. Reid et al. (2020) adopted a more practical
perspective: they designed two methods for predicting the number of stream-
lines that should be generated to obtain a reliable tractogram, considering
the reproducibility of microstructural metrics and thresholded track-density
images. They discovered that many factors strongly influence the required
streamline count, like the acquisition protocol, the processing steps and the
anatomical tract considered. Other studies analyzed the impact of the num-
ber of streamlines on the connectome, showing that reconstructing more
streamlines improves the reproducibility of network metrics extracted from
the resulting connectomes (Roine et al., 2019) but also leads to more false-
positive connections (Sinke et al., 2018). Therefore, the anatomical reliability
of tractography is weakened by this lack of specificity, which is crucial to
study brain connectivity (Drakesmith et al., 2015; Zalesky et al., 2016).

To tackle the dilemma on the optimal cardinality of the tractograms,
it has become common practice to generate several millions of streamlines
and rely on microstructure informed tractography algorithms to eliminate

the many false positives that are inevitably reconstructed (Daducci et al.,
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2016; Maier-Hein et al., 2017). However, redundancy among streamlines
induces subtle side effects in methods based on linear formulations, like the
SIFT, LiFE, and COMMIT (Daducci et al., 2015; Pestilli et al., 2014; Smith
et al., 2013), which have been largely overlooked until now (as mentioned
in Section 2.4.2). In fact, besides specific differences in implementation and
modeling choices, all these methods attempt to solve a linear system like that
in Eq. 2.29, where the potential signal contributions of the streamlines to each
voxel are encoded as separate columns of the linear operator A (Figure 3.2,
top). It is important to notice that when two (or more) streamlines follow
similar trajectories, besides being clearly redundant to explain the signal in
the voxels they traverse, the corresponding columns tend to become linearly
dependent (Figure 3.2, bottom). This phenomenon, occurring especially when
a high number of streamlines is generated, is called collinearity (Belsley et al.,
1980) and makes it difficult to interpret the coefficients estimated with a given

model, i.e., actual streamline contributions in this context.
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Figure 3.2: The problem in linear formulations for microstructure informed
tractography. When streamlines follow similar trajectories, the corresponding
columns of the linear operator, i.e. A, tend to become linearly dependent,

posing serious problems for the interpretation of the estimated coefficients.
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We propose a novel streamline representation, called “blurred streamlines”,
specifically designed to prevent the onset of collinearity. Our solution ex-
plicitly models redundant streamlines in a tractogram using a combination
of clustering of the trajectories and spatial blur of the corresponding signal
contributions. We evaluated its effectiveness both on synthetic and real data,
and our results demonstrate that by using this approach we can reduce the
redundancy among streamlines while simultaneously improve the anatomical

accuracy of the tractograms.

- ‘L— =
> <t—|- Ep
= \
| this voxel
is not covered
one column per streamline one column per centroid one column per blurred streamline
(redundancy and collinearity problems) (no collinearity, but presence of holes) (no collinearity, no holes)

Figure 3.3: The proposed approach. Given a tractogram (left), we first cluster
its streamlines (middle) to remove the redundancy between them and to
mitigate possible collinearity problems. Then, we blur spatially the dMRI
signal contributions of the resulting centroids (right) to guarantee coverage of

all imaging voxels.

3.2 Materials and methods

The proposed solution is illustrated in Figure 3.3 and consists of two steps.
First, we perform clustering on the input tractogram to eliminate redundancy
between the streamlines (yellow lines in left panel) and to avoid the presence
of collinearity in the corresponding linear operator A. The resulting centroids
(red and blue lines in middle panel) are streamlines representative of the
estimated clusters and, by construction, are sufficiently dissimilar and likely
generate linearly independent columns in A (one per centroid). However, they
may not cover properly all voxels as the original tractogram (arrow in middle
panel). Consequently, if we used directly the simplified tractogram consisting

only of these centroid streamlines, we might not have an optimal support set
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to solve the linear system. To mitigate this problem and guarantee proper
coverage of all voxels, we also introduce a method to blur the dMRI signal
contributions of each centroid (transparent red and blue areas in right panel),
as described in Section 3.2.2. The extent of this blur has no anatomical
interpretation, as the proposed representation aims to remove duplicated
streamlines at a purely geometrical level, thereby avoiding collinearity issues
in the mathematical formulations employed in subsequent processing steps.
Without loss of generality, among all the methods based on linear formula-
tion, we decided to implement the blurred streamlines in the case of COMMIT
mainly because its formulation is very flexible and general. However, we
believe that other tractography techniques may take advantage of our novel
streamline representation, too. To ease the readability, in the remainder of

this paper, we will refer to this implementation as COMMIT},,.

3.2.1 Redundancy reduction

As already mentioned, collinearity in the linear system (2.29) is caused by
redundant streamlines in the input tractogram, since the similarity between
their trajectories introduces linearly-dependent columns in the linear operator
A. Tt follows that, to effectively reduce collinearity in A, one can perform
clustering on the tractogram and remove similar/redundant streamlines. To
this end, in this work we adopted the QuickBundlesX algorithm (Garyfallidis
et al., 2012, 2016) and used the Average of Pointwise Euclidean Metric as
distance with a small threshold ¢, (more details aboute the optimal value can
be found later). To accelerate this step, we first split the input tractogram in
groups, where each group contains only the streamlines that connect a specific
pair of GM regions. Then, we performed clustering in each bundle separately,
as this operation effectively reduces the search space, i.e. redundant /similar
streamlines clearly belong to the same bundle, and, also, can be done in
parallel. The resulting tractogram consists only of the K centroid streamlines
Cy of the corresponding clusters, i.e. {Cx|k = 1,..., K}, while all other
streamlines are discarded. It is important to highlight that the goal here

is not to segment anatomical structures, but rather to (i) identify similar
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streamlines, (ii) keep only one that is representative of each cluster and (iii)
discard redundant ones. We designated as representative of each cluster the
streamline that is closer to the corresponding centroid.

To obtain more accurate and robust clustering results, we pre-filtered the
tractogram to remove the streamlines deemed as outliers, because they could
negatively affect the clustering itself. We considered two types of outliers:
streamlines that are not compatible with the acquired signal and those with
geometrically implausible trajectories. For the former kind, we run plain
COMMIT (i.e. no blurred streamlines) with the aim of removing streamlines
with an estimated contribution equal to zero, meaning that they do not
contribute to the measured dMRI signal. Even though we know that the
results of this step might be sub-optimal due to collinearity, we experimentally
observed that it is usually able of removing some spurious trajectories; in
the worst case, this step has no effect. Then, to discard geometrical outliers,
we run QuickBundlesX as described above but with an higher threshold t,,
i.e. t, > t., and removed from the tractogram the streamlines belonging to
clusters populated by very few streamlines (three or less), which are considered

the results of noise during the reconstruction process.

3.2.2 Spatial blur

In COMMIT, as well as all other methods for microstructure informed trac-
tography, the linear operator A is constructed assuming that every streamline
contributes to the signal only in those voxels it passes through (Figure 3.4A,
top). With the term blurred streamlines we mean that a streamline can
instead contribute also to adjacent voxels (Figure 3.4A, bottom) such that it
captures the redundancy between similar fiber trajectories using a compact
representation. The procedure to achieve this is illustrated in Figure 3.4 and

explained more in details in what follows.

3.2.2.1 Sampling the space around a streamline

For each centroid streamline Cj, we create a set of M replicas {C},...,CM}

such that they form a tubular structure of radius r following the trajectory
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Figure 3.4: Blurred streamlines. A streamline contributes to the signal only
in those voxels it passes through, whereas a blurred streamline can contribute
also to adjacent voxels (panel A). The spatial blur implementation is done
empirically: we create many replicas of the centroid streamline (panel B) by
displacing them in a Cartesian grid (panel C) and scaling their contributions
as function of the distance from the actual centroid (panel D). The symbols

meaning is detailed in section 3.2.2.

of C, as illustrated in Figure 3.4B. Each copy C} is obtained by shifting
all points of Cy by a given offset (p;, 6;), expressed in polar coordinates, in
a plane that is always orthogonal to the direction of Cj. After moving the
first point of C} to position (p;,6;) in the orthogonal plane, we construct
all remaining points of C? by following the local tangent of Cj, along its
trajectory. To guarantee uniform sampling of the space around a centroid,
the displacements (p;, 0;) of the M replicas are organized in a Cartesian grid
of spacing s centered in Cy (Figure 3.4C). The number M of replicas depends

both on the radius r and the grid spacing s, but it is the same for all centroids.

3.2.2.2 Aggregating signal contributions

The total signal contributions associated to a centroid Cj, which form the

kt" column of A, i.e. Ay, are obtained as a weighted combination of all the
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individual contributions of its replicas, as follows:

M

S(Cr) = A =>_w(p:) S(C}) (3.1)

i=1
where S(C}) are the signal contributions of the replica Cj, i.e. the one that
was shifted to position (p;,6;), and are computed as usual considering only
the traversed voxels. However, to ensure that replicas that are closer to
the centroid are being considered more than those far away, we additionally
modulate these contributions as function of their distance from Cj; in this

work, the scaling factor w(p;) is defined as:

1 lf Pi S Te,

s lpon) (3:2)

w(p;) =

exp ( otherwise .

As illustrated in Figure 3.4D, there is a core area of extent r. inside which
the replicas have the same contribution as the original streamline C', followed
by a blur area of extent r,, such that r. +r, = r, where the contributions are

scaled by a Gaussian with standard deviation o.

3.2.3 Data description and processing

We quantitatively evaluated the proposed approach using the synthetic phan-
tom developed for the “2013 HARDI reconstruction challenge” at the Inter-
national Symposium on Biomedical Imaging (ISBI) (Caruyer et al., 2014).
This is shown in Figure 3.5A and it consists of 27 Ground Truth (GT) fiber
bundles between 53 GM regions that resemble real brain configurations with
complex arrangements, like crossing, branching and kissing with different
sizes and curvatures. The corresponding dMRI signal was generated along
64 directions with b = 3000 s/mm? and Rician noise was added with a SNR
of 30. We also qualitatively evaluated it on in vivo data using 10 healthy
subjects (details reported in Table 3.1) from the Human Connectome Project
(HCP) test-retest data set (Van Essen et al., 2013b). We downloaded the
preprocessed diffusion data and the structural 7T}-weighted images with the

corresponding standard Desikan-Killiany (Desikan et al., 2006) parcellation
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in 85 regions performed with FreeSurfer (Fischl et al., 2002), in which we
replaced the brainstem with only the medulla (Iglesias et al., 2015).

Subject ID Gender Age

103818 F 31-35
105923 F 31-35
111312 F 31-35
114823 F 31-35
115320 F 31-35
122317 M 31-35
139839 M 26-30
146129 M 22-25
149337 M 31-35
149741 M 26-30

Table 3.1: Demographic data of each subject that was considered in the

qualitative in vivo evaluation.

For both types of data we computed the FODs in each voxel using CSD
(Tournier et al., 2007), with the multi-shell multi-tissue algorithm (Jeurissen
et al., 2014) only in the case of HCP images. Tractography was performed
with three different algorithms and using default parameters if not otherwise
specified: a deterministic, i.e., SD STREAM (Tournier et al., 2012), and two
probabilistic, i.e., iIFOD2 (Tournier et al., 2010) and Trekker (Aydogan and
Shi, 2021). Each of the three tractograms for the phantom was generated with
1 million of streamlines by seeding in the whole WM mask. For the in vivo
data we used iIFOD2 and SD_STREAM in combination with ACT (Smith
et al., 2012) to reconstruct 3 millions of streamlines of length between 5 mm
and 250 mm (setting the cutoff = 0.06 for iFOD2 and the angle = 70° and
step size = 0.25 mm for SD_STREAM). Instead, for Trekker we seeded in
the WM and generated 1 million of streamlines using default parameters.

For the evaluation with COMMIT (with and without blurred streamlines)
we used as forward model the GT intra-axonal signal fraction map of the

phantom in the case of synthetic data. Instead, for the in vivo data, since the
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Figure 3.5: Efficacy in reducing the redundancy. (A) Synthetic phantom used
to quantitatively evaluate the proposed streamline representation. (B) The
"lineplot" reports the number of streamlines of a representative bundle recon-
structed using deterministic tractography and clustered at various thresholds
(t.), whereas the "barplot" shows the condition number of the resulting linear

operator.

GT is not available, we used the intra-neurite volume fraction map obtained
with multi-compartment SMT (Kaden et al., 2016) (see Section 2.3.1.3); more
details can be found in (Schiavi et al., 2020). Before the fit, we assigned each
endpoint of a streamline to a node if that point fell within 2 mm from one of
the GM regions; then, a streamline was considered as connecting two nodes if
both endpoints were assigned, otherwise it was discarded and excluded from
the analysis. The quantitative connectomes were computed by using as edge
weights the sum of the estimated streamline contributions connecting the

pairs of regions.

3.2.4 Experiments
3.2.4.1 Efficacy in reducing the redundancy

To quantify the redundancy present in the original tractogram and how
much this can be reduced by the proposed streamline representation, we
computed the condition number of the corresponding linear operators, i.e. A

in Eq. (2.29). The condition number of a matrix measures the sensitivity of
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the parameter estimates to small changes in the matrix itself and can be used
to identify collinearity between its columns (Belsley et al., 1980; Strang, 1980);
hence, in this context, redundancy among streamlines. However, due to the
huge size of A for typical tractograms, on the order of 10! elements for 1 mil-
lion streamlines, it is computationally unfeasible to store in memory the whole
matrix and calculate its condition number; we thus approximated its value
by computing it from a representative bundle, as redundancy /collinearity
arises only from similar streamlines which indeed belong to the same bundle.
This computation was performed both on the original set of streamlines and
after clustering it using various thresholds; in the case of SD _STREAM, we
used t, € {0.025,0.05,0.075,0.1,0.2,0.3,0.4,0.5} mm, while for iFOD2 and
Trekker we applied larger thresholds

t, € {0.2,0.4,0.6,0.8,1.0,1.25} mm as, in general, the streamlines recon-

structed with these algorithms are less similar among them.

3.2.4.2 Accuracy of the estimates

We investigated the accuracy of the estimates with COMMITY,,,, for all three
tracking algorithms, as function of the blur parameters by varying both in the
range r.,7, € {0,0.1,...,1.0} mm. We quantitatively compared the estimates
with and without blurred streamlines by means of: number of True Positive
(TP) and FP connections, as well as the L1 distance between the estimated

and the GT connectome, defined as:

N
LI(C,C) = > |Cij — Cijl (3.3)

ij=1
where C' and C are the estimated and GT connectome, respectively, CN’M
and C;; indicate the corresponding edges, and N is the number of nodes
in the connectome. Moreover, to evaluate how well a given configuration is
consistent with the underlying data, we also report the Root Mean Squared
Error (RMSE) of the fit between the estimated S and the GT signal S,
computed for all the WM voxels (V) as following:

RMSE(S,S) = \/ Zfl(%— S:)° (3.4)
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3.2.4.3 Robustness to noise
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Figure 3.6: Robustness to noise. To investigate the benefits of the redundancy
reduction, we added Gaussian noise (SNR=30) to the GT intra-axonal signal
fraction map and used this noisy map to perform the fit both without and with
the blurred streamlines representation. We repeated it for 10 iterations and we
quantified the robustness to the introduced perturbations by computing both

the distances from the reference estimates and the coefficient of variation.

To highlight the advantages of using the proposed representation, we
analyzed the effects of small perturbations in the data on the parameter
estimates. As illustrated in Figure 3.6, we added Gaussian noise with SNR=30
to the input image and, then, this noisy map was used to perform the fitting
with and without the blurred streamlines representation. This test was
repeated for 10 different applications of Gaussian noise and it was performed
for a single clustering threshold (¢, = 0.6 mm for iFOD2 and Trekker and
t, = 0.2mm for SD_STREAM, with ¢, = 2t,.), maintaining fixed the blur

parameters (r. = 0.5 mm for iFOD2, r. = 0.6 mm for Trekker, . = 0.2 mm for
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SD_STREAM and r, = 0.9 mm for all three algorithms). For each of the ten
iterations, we computed the normalized L1 distance between the streamline
weights estimated using the noisy map and the streamline contributions
estimated using the original map, which we consider as reference. We used
the same metric also for the connectomes but without normalizing, because
the distances were measured from the GT connectome. Moreover, to have a
precision measure of the proposed method, we computed the Coefficient of
Variation (CV) of the streamlines contributions and the connections strength

resulting from the fitting with the ten noisy maps.

3.2.4.4 Qualitative evaluation on in vivo data

We also evaluated the effectiveness of the blurred streamlines on real data
and performed a qualitative comparison between the reconstructions obtained
by fitting COMMIT using its original formulation and with the proposed
representation, setting ¢, = 2.0mm, r. = ¢, and r, = 0.9mm. First, we
visually compared the overall intra-cellular compartment signal estimated
from the tractograms reconstructed with the three algorithms to the GT map
that was used for the fitting. Then, for each subject we virtually dissected
two well-known bundles, i.e., Corpus Callosum and Pyramidal Tract, using
the protocol defined by Rheault et al. (2022), and visually inspected the
signal contributions corresponding only to the streamlines belonging to those

connections to obtain better insight on the quality of the reconstructions.

3.3 Results and discussion

3.3.1 Reducing the redundancy of a tractogram

Firstly, to assess the decrease of redundancy in a tractogram achieved using
the proposed representation, we computed the condition number of the cor-
responding linear operator A in Eq. (2.29). Figure 3.5 reports the number
of streamlines of a representative bundle from a tractogram obtained with
deterministic tractography (i.e., SD_STREAM) as function of the cluster-
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ing threshold ¢,, together with the condition number of the corresponding
linear operator that arises when feeding such clustered tractogram to COM-
MIT; results at ¢, = 0.0 correspond to the original tractogram without any
clustering.

As we can see from the plots, the condition number corresponding to the
original tractogram is indeed very large, ~ 5.5 x 10!, and clearly reveals the
very high redundancy that is present in tractography reconstructions. As the
clustering level increases, the tractogram size quickly diminishes (lineplot),
due to the substitution of sets of similar streamlines with single centroids, but
the condition number decreases at a slower rate (barplot). However, increasing
further the clustering level it is possible to drastically reduce the condition
number, e.g. =~ 15 orders of magnitude at ¢, = 0.2 mm, clearly demonstrating
that the removal of streamlines having similar trajectories can effectively
reduce collinearity in the corresponding linear operator. Similar results were
obtained in case of iIFOD2 and Trekker (Figure 3.7; see Section 3.3.5 for more
details on the clustering effects in case of iIFOD?2).

3.3.2 Accuracy evaluation

Knowing that by applying clustering we can dramatically diminish the re-
dundancy, we have to prove that the introduced spatial blur provides results
that are as accurate as the ones resulting using the standard representation.
After determining a threshold that is able to reduce the collinearity, we tested
various values for the two main parameters defining the blur: the core extent
(r.) and the Gauss extent (r,).

Figure 3.8 summarizes the evaluation of the accuracy of the estimates with
COMMIT},, in the case of an input tractogram generared with deterministic
tractography (SD_STREAM). Results correspond to a given clustering config-
uration, i.e. ¢, = 0.2mm and ¢, = 2t,, which proved quite effective in reducing
the condition number (see Figure 3.5). Using COMMITy,,, with . = 0.2mm
and r, = 0.9 mm (highlighted by the green square in the heatmaps reported
in Figure 3.8) the resulting reconstruction contains all the 27 TP and only 65
FP connections (27 TP and 178 FP for standard COMMIT) and its distance
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Figure 3.7: Efficacy in reducing the redundancy in case of iFOD2 (A) and
Trekker (B). For a range of clustering thresholds we show the condition
number (barplot) and the number of streamlines (lineplot) of a connection
reconstructed on the phantom. In A, to explain better the effect of the
clustering, we report a section of the bundle and the displacement of the

streamlines kept using some of the thresholds.
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Figure 3.8: Accuracy of the estimates as function of the blur parameters. The
estimates obtained with COMMITy,,, on an input tractogram reconstructed
with deterministic tractography (SD_STREAM) and clustered with a thresh-
old t, = 0.2mm are reported for various configurations of core extent and
Gauss extent. The assessment is performed in terms of: error in the estimation
of the connectome (top left), fitting error (top right), number of true-positive
(bottom left) and false-positive connections (bottom right). Results are com-
pared to those obtained with the standard formulation of COMMIT), i.e. using
the classical streamline representation, which are reported as “REF” values.

The green square indicates the configuration discussed in the results.



3.3. Results and discussion 101

from the GT is smaller than the one of COMMIT: L1 = 21.20 (for COMMIT:
L1 = 26.50). Moreover, the RMSE inside the WM is equal to 3.1 x 1072
(RMSE = 2.7 x 1072 for COMMIT) and it is important to point out that
these results are obtained using only 0.97% of the original streamlines (5,812
versus the 600,371 used by COMMIT). Similar results were obtained in case
of iIFOD2 and Trekker (Figures 3.9a and 3.9b).

As can be seen in the top right plot of Figures 3.8, 3.9a and 3.9b, the fitting
error of the proposed approach is slightly greater than the one obtained using
the standard formulation (“REF” value). This increase is probably due to the
fact that the new representation prevents overfitting to take place. Indeed, we
introduce additional spatial constraints to the streamlines while the original
COMMIT framework has more freedom in adapting the streamline weights
to reflect the underlying structure with less errors by also fitting the noise in
the data.

Despite this, we proved that the proposed approach is as accurate as the
state-of-the-art method. Indeed, by choosing the optimal combination of blur
parameters, the resulting reconstruction contains all the real connections and
less false positives with respect to COMMIT, independently of the tractogra-
phy algorithm adopted. Moreover, when computing the L1 distance from the
GT connectivity matrices, the connectomes estimated by COMMITy,,, are
more accurate than the ones resulting from COMMIT. Finally, it is important
to remember that thanks to the proposed representation these results are

obtained using always less than 5% of the input streamlines, in particular
~ 1% for SD_STREAM, =~ 4% for iFOD2 and = 2% for Trekker.

3.3.3 Robustness to perturbations in the input

Once we determined the optimal parameters, both for the clustering and the
blur, we performed an additional test to quantify the practical benefits of the
reduced redundancy in the tractograms, besides the clear reduction in storage
requirements. Since the condition number indicates the degree by which the
estimates are sensitive to errors in the input, the decrease of several orders of

magnitude means that with the proposed representation we should obtain
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(a) Results using probabilistic tractography as input (iFOD2).
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(b) Results using particle-filtering tractography as input (Trekker).

Figure 3.9: Results of the accuracy of COMMIT}y,, estimates as function

of the blur parameters, when using iFOD2 (a) and Trekker (b) tractograms

clustered with a threshold ¢, = 0.6 mm. Results are compared to the those of
the standard formulation of COMMIT (reported as “REF” values).
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more robust estimates than the ones obtained using the standard formulation.
So, we introduced Gaussian noise in the input map that was used for the
fit and then we evaluated the robustness to such perturbations of COMMIT

using both streamline representations.

streamline weights connectomes
original blur original  blur
mean dist. 1.20 0.72 55.36  43.05
iFOD2
mean CV 2.40 1.93 0.69 0.46
mean dist. 0.94 0.51 2774 21.95
SD STREAM
- mean CV 1.95 1.55 0.70 0.54
mean dist. 1.59 0.63 33.90 27.51
Trekker
mean CV 2.53 1.78 0.98 0.64

Table 3.2: Precision of blurred streamlines estimates. For all the three
tractography algorithms used we report the mean L1 distances (dist.) and
coefficient of variations (CV) computed both for the streamlines weights
and the connectomes estimated by COMMIT (“original”) and COMMITy,,
(“blur”).

Table 3.2 summarizes the results: for all the three tractography algorithms,
we report the mean of the L1 distances and of the CVs computed over the
ten iterations. We considered both the streamlines weights and the connec-
tomes estimated without and with the employment of the blur streamlines
representation. As can be seen, using COMMIT},, we can obtain estimates
that are on average closer to the reference ones than the ones of COMMIT,
both at the level of estimated streamline weights (e.g., for SD_STREAM: L1
distance = 0.94 and = 0.51 for COMMIT and COMMIT}y,,, respectively) and
at higher resolution considering the connectomes (e.g., for SD STREAM: L1
distance = 27.74 and = 21.95 for COMMIT and COMMITy,,,, respectively).
Moreover, COMMIT enhanced by the proposed representation is on average
more precise than the original formulation: for example, using SD STREAM,
the mean CV of streamline weights equals 1.95 for COMMIT and 1.55 for
COMMIT1r, while the mean CV of the connectomes is 0.70 and 0.54, re-
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spectively. This means that using the blurred streamlines representation we
obtain results that are more robust to perturbations, like errors or noise, in
the input data.

It is worth noting that the mean distances reported in Table 3.2 for the
streamline weights are normalized because, by construction, the contributions
estimated using COMMIT},,, are higher than those returned by COMMIT
without blurred streamlines. This happens because when we use the standard
formulation we have many streamlines, i.e., the redundant ones, that can
explain the signal corresponding to a real fiber trajectory, so the total signal
is subdivided among them, resulting in overall small weights. Instead, if
we remove the redundancy in the input tractogram, COMMIT},,, will have
very few streamlines to explain the same total contribution and therefore
their weights will be higher. This behavior vanishes at the connectome level
because in each cell we consider the signal fraction corresponding to the
bundle connecting the two regions. Consequently, taking into account the
connectomes, we computed the absolute distances and we used as reference
the GT connectome. Likewise, since we are comparing different quantities,
we have decided to use the CV instead of the simple standard deviation. We
can also notice that the CV is higher for the streamline weights than for the
connectomes. This is due to the method used to quantify the connections
of the connectomes, which are obtained by summing the weights of all the
streamlines connecting each pair of regions. Consequently, the amount of

variations is decreased because we move to an higher level.

3.3.4 Qualitative evaluation on in vivo data

In light of the positive results obtained on the synthetic phantom, we tested
the effectiveness of the blurred streamlines representation on in vivo data.
Figure 3.10 shows, for one representative subject, the comparison between
the GT map given in input to perform the fit (top), the maps obtained using
the standard formulation (middle) and those obtained with the proposed
streamline representation (bottom). The maps estimated when using the

two different streamline representations are reported for each of the three
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Figure 3.10: Ewvaluation on in vivo data. Coronal section of the intra-neurite
volume fraction map used as input for the fit (top) as well as the maps
estimated with COMMIT without (middle) and with (bottom) the blurred
streamlines application. In addition to the maps estimated using three
tractography algorithms, we report the number of streamlines (str.) of the

input tractograms.
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algorithms employed to perform tractography. As we can see, by using
the blurred streamlines we are able to obtain similar estimates to the ones
reconstructed with the standard method but using around 5% of the original
streamlines. Moreover, the complete maps estimated by applying the blur
appear more homogeneous, without drastic changes in intensity between
neighboring voxels, which are not biologically realistic. Furthermore, if we
focus on the regions pointed out by the arrows, using the blurred streamlines
we can obtain a streamline density closer to the input one, for example,
avoiding areas with very low values in the corona radiata.

Finally, Figure 3.11 shows the results on two well-known bundles, the
Corpus Callosum (left half) and the Pyramidal Tract (right), reporting the
contribution corresponding only to the streamlines belonging to the tract of
interest. For a representative subject, we report the maps estimated both by
the standard formulation of COMMIT and by the proposed approach giving
in input the three different tractograms, together with the volume covered and
the number of streamlines used to get the results. Thanks to the proposed
representation the estimated bundles density is improved, appearing smoother
while still maintaining the expected pattern along their path. In addition,
looking at the outcome get from the three different tractography algorithms,
the estimated maps appear closer between them when using the blurred
streamlines. Finally, as reported in Figures 3.12 and 3.13, this behavior is
repeated for all the ten subjects that we analyzed. We can also notice that,
after the application of the proposed technique, the estimates are more similar

among various subjects but preserving the anatomical differences.

3.3.5 General observations and future works

The proposed representation proved to be effective in drastically reducing
the redundancy among streamlines, and consequently the collinearity in the
linear operator of filtering methods, by using a combination of clustering
and spatial blur of signal contributions. In the past, a Gaussian process
representation for WM fiber bundles has already been employed for other pur-

poses, e.g., (Wassermann et al., 2010; Wassermann et al., 2011). In particular,
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Figure 3.11: Visual inspection of two well-known bundles. For one representa-

tive subject, we report the coronal section of the intra-cellular compartment

map corresponding only to the streamlines belonging to the Corpus Callo-
sum (left) and to the left Pyramidal Tract (right). For each of the three

tractography algorithms we compare the contribution maps estimated by the

standard formulation and by the proposed blurred streamlines representation.

Moreover, below each map we report the number of streamlines contributing

to it and the volume covered.
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Figure 3.12: Ewvaluation of real brain Corpus Callosum contribution. For each
of the three tractography algorithms we report the coronal section of the intra-
cellular compartment map corresponding only to the streamlines belonging to
the Corpus Callosum. We compare the contribution maps predicted by the
standard formulation and by the proposed blurred streamlines representation.

The results are showed for each of the 10 subjects analyzed.



3.3. Results and discussion 109

iFOD2 SD-STREAM Trekker
without blur with blur without blur with blur without blur with blur

&b & & &b

Subject 1
1 100Igng

z welang

Subject 2

Subject 3
g109lqns

Subject 4
v 100lang

S 109lqng

Subject 5

9109lgng

Subject 6

Subject 7
L109lgns

8100lgng

Subiect 8

6109lqng

Subject 9

Subject 10
01 302lgng

without blur with blur without blur with blur without blur with blur
iFOD2 SD-STREAM Trekker

Figure 3.13: Ewvaluation of real brain left Pyramidal Tract contribution. As
before, we report the coronal section of the intra-cellular compartment map
corresponding only to the left Pyramidal Tract of the 10 subjects. We compare
the contribution maps predicted by the standard formulation and by the

proposed blurred streamlines representation.
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Wassermann et al. (2010) took advantage of this mathematical framework
to develop a hierarchical clustering algorithm. Despite being based on very
similar concepts, i.e., clustering and Gaussian blur, their work significantly
diverges from our blurred streamlines representation. Indeed, their primary
objective is not to tackle the redundancy problem but to facilitate the mathe-
matical operations between streamlines when performing statistical analysis
of fibers bundles. Moreover, the clustering is a possible application of the
framework and not a necessary step like in our new representation.

Other studies have explored the possibility of smoothing the connec-
tome to get more reliable estimations of structural connectivity in test-retest
data (Mansour L et al., 2022; Moyer et al., 2017). Both techniques require the
use of a cortical mesh and apply a smoothing function during the construc-
tion of the connectivity matrix; instead, in this work we introduce a novel
representation of streamlines in order to obtain more accurate estimations
when using microstructure informed tractography. In future studies, it would
be interesting to investigate how these techniques could benefit from the
data-driven blur presented in this paper.

As we showed in the results, by removing redundant streamlines, the
tractogram size substantially decreases, lowering the storage needs. Indeed, a
typical whole-brain deterministic tractogram containing millions of streamlines
has a file size of some gigabytes; for example, the SD _STREAM tractogram
used in Figure 3.10 has about 2 million streamlines and occupies =~ 6.15
GB. This makes it difficult to visualize and process tractograms, especially
in case of clinical studies where hundreds or even thousands of subjects
are usually involved (Mansour L. et al., 2023; Miller et al., 2016; Schilling
et al., 2022a). Since with the blurred streamlines we are able to explain
the acquired signal with the same accuracy as before, if we save both the
clustered tractogram and the blur parameters we do not lose information
and we can employ this representation as a compression technique. As an
example, if we apply COMMIT}y,, to the representative tractogram mentioned
before, 62,881 blurred streamlines are sufficient (=~ 3%) requiring only 130 MB
(~ 2%). Compression was not the main objective for the blurred streamlines

representation but it would be interesting in future to study how it compares
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to existing techniques developed ad hoc for this purpose, e.g., (Haehn et al.,
2020; Presseau et al., 2015).

Thanks to the blurred streamlines representation, we now have a tool which
can allow us to determine precisely how many streamlines are required for a
given data set. At the moment, this number is determined only empirically,
by applying clustering to discard redundant trajectories and then adding the
blur. Indeed, from the experiments shown above, we saw that less than 5%
of all the streamlines are required but if we sample this number randomly
we cannot obtain accurate results. This is due to the fact that by employing
clustering we remove only the trajectories that are present many times while
with a random sampling of the input tractogram we likely lose some of
the necessary paths. It is worth noticing that the proposed representation
is independent of the clustering technique employed, so one could replace
QuickBundlesX (Garyfallidis et al., 2012, 2016) with more sophisticated
algorithms, e.g., (Siless et al., 2018; Vazquez et al., 2020; Zhang et al., 2020).
In future studies we will try to find a systematic way to quantify the optimal
cardinality of the tractogram for an input data set.

Selecting the appropriate clustering threshold for a given tractogram is
not straightforward; for the scope of this work, in our experiments we chose
the first value that enabled us to drastically decrease the redundancy without
affecting the quality of the reconstructions, and we did not further explore more
sophisticated solutions to identify the optimal threshold. Moreover, the naive
method that we employed to filter out outliers from the input tractogram may
have side effects in specific situations. For example, as reported in Figure 3.7 A,
using a small threshold the condition number is already surprisingly low. Since
the streamlines resulting from iFOD?2 reconstructions are very wavy, the mean
distance between streamlines with the same principal trajectory can be high,
in our case greater than t,, resulting in a lot of clusters, each containing
very few streamlines. Therefore, the majority of streamlines are wrongly
considered as geometrical outliers and then filtered out from the tractogram.
In this way, we do not have all the streamlines needed to properly cover the
WM and consequently to explain the acquired signal (as shown in the bundle
sections in Supp. Fig. 3.7 A). This highlights that to identify the best value
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for the clustering threshold it is not sufficient to look at the condition number
alone but we also need to visually check that the blurred signal contributions
of the centroids represent equally well the WM as before. Future research
will evaluate the benefits of using more sophisticated approaches to remove
outliers (like Aydogan, 2022; Coté et al., 2015), which could then allow us to
better estimate the optimal threshold to be used for a given input tractogram.

Importantly, the spatial extent of the blur does not carry a direct anatom-
ical interpretation, as it is introduced as a geometrical regularization mecha-
nism rather than a biophysical model of fiber displacement. Future studies
should assess how the choice of blur parameters interacts with factors such
as bundle size, tract geometry, and image resolution, and whether system-
atic scaling rules can be established across datasets with different spatial
characteristics.

In future investigations we plan to explore the possibility of using the
blurred streamlines representation to combine together tractograms obtained
from different tractography algorithms with the aim of increasing further the
anatomical accuracy of the reconstructions. In fact, on the one hand merging
multiple tractograms might lower the risk of false negatives but, on the other
hand, this operation might as well dramatically increase the total number
of redundant streamlines, thus worsening even more the collinearity effects
described in this work. Thanks to the blurred streamlines representation we
believe that this problem can be properly solved, since we can improve the
quality of the set of candidate streamlines, we could obtain more biologically
relevant tractograms and more accurate quantification estimates.

Finally, it would be very interesting to investigate the improvements that
the blurred streamlines representation could bring when applied to other
microstructure informed tractography methods based on linear formulations,
like SIFT (Smith et al., 2013, 2015a), LiIFE (Pestilli et al., 2014) and the more
advanced versions of COMMIT (Ocampo-Pineda et al., 2021; Schiavi et al.,
2022, 2020). Additionally, future efforts will intent to further investigate the
impact of this novel streamline representation on other in vivo brain data,
both for normal aging and for different diseases, analyzing the effects on

structural connectivity metrics and the possible advantages in adopting it
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for clinical applications. Indeed, by employing the proposed representation,
the number of objects under analysis is drastically reduced, substantially
simplifing tractogram visualization and bundle extraction procedures. In
particular, this dimensionality reduction opens the possibility of adopting
more sophisticated clustering algorithms than those typically used, such as
QuickBundles, which relies on the “Basic Sequential Algorithmic Scheme”
(BSAS). As a result, more accurate and anatomically meaningful bundle

segmentation strategies could become computationally feasible.

3.4 Conclusion

In this work, we called the attention of tractography users to the problematic
presence of redundancy among the reconstructed streamlines and to the rami-
fications this may have when using tractography filtering techniques to boost
the anatomical accuracy of the reconstructions. To mitigate this problem, we
have introduced a novel way to define how a streamline contributes to the
signal in the voxels, called blurred streamlines, and tested it in combination
with COMMIT. Our results look very promising and suggest that our novel
streamline representation represents a viable and effective solution to further
improve the quality of tractography reconstructions and enable more advanced

methodological developments, like those presented in the following Chapters
(4 and 5).



Chapter 4

Synergy of different algorithms for
improved tractography

4.1 Motivation

Despite its advantages, tractography faces some known limitations and chal-
lenges, which arise from its being an ill-posed inverse problem that aims to
map the complex architecture of WM (Daducci et al., 2025; Rheault et al.,
2025a,c; Zhang et al., 2022) (see Section 2.3.2.5 for more details). One of the
main issues is the high variability of the reconstructed fiber trajectories, which
derives from the choices made throughout the preprocessing and tracking
pipeline (Bastiani et al., 2012; Nath et al., 2020; Schilling et al., 2019a, 2021;
Thomas et al., 2014). Currently, numerous tractography algorithms exist,
each with peculiar strengths and weaknesses, and each requiring the setting
of various parameters that influence the tracking process. Some international
challenges have shown that, starting from the same data, the methods and
procedures employed can radically alter the outcomes of connectivity studies,
bundle segmentation, and microstructural feature estimation (Schilling et al.,
2025). As illustrated in Figure 4.1, this variability leads to poor anatomical
reliability, with individual tractography reconstructions typically providing
only a partial or biased view of the actual brain organization. This problem

is further complicated by the lack of a ground truth (GT) to compare the
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results, which limits the ability to validate tractography methods (Rheault
et al., 2025¢). Moreover, there is no agreement on the optimal tractography
pipeline to use in any experimental setting, but the choice of methods and

parameters must be tailored to the specific application (Schilling et al., 2025).

algorithm 1 algorithm 2 algorithm n

Figure 4.1: Issue addressed in this study. In brain tractography, several
algorithms have been developed, each with specific strengths and limitations.
This leads to considerable anatomical variability in the reconstructed path-
ways, with outcomes highly influenced by the method chosen for tractogram
generation. The problem of low anatomical reliability becomes more evident

when extracting a specific bundle from the whole-brain tractogram.

As mentioned before in Sections 2.3.2.5 and 2.4.2, to improve the anatom-
ical accuracy of tractography, it is of paramount importance to reconstruct
all the TP fiber bundles while reducing the FP ones to a minimum (Zalesky
et al., 2016). Effective solutions exist to identify and filter out spurious con-
nections (Ocampo-Pineda et al., 2021; Schiavi et al., 2020), but the TPs are
limited to those recovered by the algorithm chosen to generate the tractogram.
So, our proposed idea to enhance the set of candidate streamlines and reduce
algorithm- and parameter-dependency in tractography is to merge multiple
reconstructions generated using different techniques. This approach draws
inspiration from ensemble methods used in statistics and machine learning
to improve predictive performance compared with that of any individual
algorithm constituting the ensemble (Mienye and Sun, 2022; Sagi and Rokach,
2018). This idea was previously explored in the context of tractography by
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Takemura et al. (2016), where multiple tractograms obtained from varying pa-
rameters of the same algorithm were merged together. However, recent studies
have highlighted two critical challenges associated with this simple merging
strategy that were previously overlooked. In fact, merging several tractograms
naturally tend to increase the number of FP connections (Maier-Hein et al.,
2017), necessitating adequate filtering solutions to remove the trajectories
that are not compatible with brain anatomy. Furthermore, since pathways
that are easier to reconstruct will appear repeatedly across algorithms, this
over-representation leads to a significant increase in redundancy in the final
tractogram and, as demonstrated by recent studies, to a reduced performance
of filtering techniques in removing FPs in the latter (Gabusi et al., 2024;
Persson and Moreno, 2024).

In this study, we propose a novel approach designed to decrease the
high variability present in tractography reconstructions obtained from the
same dMRI data by allowing different methods to work in synergy!. We
begin by detailing the processing pipeline used to generate the so-called
synergy tractogram, including specific measures to handle FPs and reduce
redundancy. By incorporating multiple tractograms, we aim to leverage
algorithmic diversity to achieve synergy, thereby increasing the quality of true
connections and producing more biologically plausible estimates that better
reflect the brain’s actual WM structure. Next, we present a quantitative
evaluation of the proposed method’s performance, comparing it with three
widely used individual algorithms through numerical simulations. Finally, we
apply our method to in vivo data and assess the improvements in the final

reconstructions and the resulting robustness.

4.2 Materials and methods

The proposed approach (Figure 4.2) constructs the synergy tractogram by

merging multiple tractography reconstructions obtained with different algo-

1 Synergy refers to the phenomenon in which the combined action of two or more elements

working together produces an effect greater than the sum of their individual components.
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rithms, and subsequently refining this combined set of streamlines through
microstructure informed filtering to produce a robust, biologically plausible,
and quantitative representation of WM pathways. We first generate various
tractograms using different fiber-tracking algorithms, each exhibiting distinct
strengths and limitations. For example, deterministic methods often yield
streamlines with high anatomical plausibility but are limited in their ability
to recover complex trajectories, which can lead to false negatives. Conversely,
probabilistic techniques explore a wider range of possible pathways, increasing
sensitivity at the cost of introducing more false positives due to reduced
specificity. To mitigate the variability arising from methodological differences,
we merge all generated tractograms into a single combined one. This provides
an expanded set of candidate streamlines, with the more easily reconstructed
pathways represented multiple times. We then refine the combined tractogram
using a multi-step procedure to simultaneously addresses redundancy among
streamlines, discards F'P bundles incompatible with the acquired signal, and

yields accurate quantitative estimates of structural connectivity.

Among the available microstructure informed tractography techniques, in
this work we employ the recent advancements implemented in the COMMIT
framework (Daducci et al., 2013, 2015) because its formulation is powerful
and highly adaptable, allowing the use of various additive multi-compartment
models and multi-modal data (Sections 2.4.1.3 and 2.4.1.4). In our study, we
rely on two extensions of COMMIT — COMMIT?2 (Schiavi et al., 2020) and
the blurred streamlines representation (Gabusi et al., 2024) — to respectively
address the issues of FPs and redundancy. As explained in Section 2.4.1.4,
COMMIT2 incorporates anatomical priors on WM and adds an adaptive group
lasso regularization term to the standard formulation (Eq. 2.32), allowing
the removal of entire bundles when unsupported by the data (Schiavi et al.,
2020). Instead, the blurred streamlines representation mitigates collinearity-
related issues that arise in the linear formulations due to the high redundancy
present in the input tractograms (Gabusi et al., 2024). The details about how
COMMITy,,, operates are carefully delineated in Chapter 3.
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Figure 4.2: Proposed approach. The synergy tractogram is generated by
combining multiple tractograms reconstructed with different algorithms and
parameter settings, each with distinct advantages and limitations. The
combined tractogram is refined using microstructure informed tractography
to reduce redundancy and filter out false positives. The resulting tractogram
achieves higher anatomical accuracy in bundle estimation, enabling a more

reliable quantification of structural connectivity.

4.2.1 Combining reconstructions by different algorithms

The workflow for constructing the synergy tractogram begins with the gener-
ation of multiple tractograms using different tractography algorithms and/or
parameter settings. Then, it is necessary to remove redundancy among
streamlines in two distinct moments of the pipeline. First, before merging the
individual tractograms into a single one, we introduce a preprocessing step
to mitigate potential strong differences in local streamline density between
different tracking approaches, which may negatively impact the accuracy of
later stages.

As illustrated at the top of Figure 4.3, when considering the streamlines
representing a single fiber population within a small WM region (approxi-

mately 2-3 voxels), its coverage can vary substantially between algorithms.
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algorithm i algorithm j

cluster merge and cluster

\ p—

Figure 4.3: Possible strategies for combining the individual reconstructions.
At the top, an example is shown of how streamlines belonging to the same
anatomical tract are distributed, as generated by two different algorithms
within a small WM region (~ 2-3 voxels). As illustrated on the left, simply
combining the two sets and then running clustering directly shifts the centroid
toward the lower area, where the majority of streamlines are located. Instead,
balancing the distributions by removing nearly identical streamlines before
merging yields a better-positioned centroid that represents the original covered

area when blurred (bottom right).

Even when the same number of streamlines is generated, deterministic algo-
rithms tend to produce localized groups of highly similar streamlines, yielding
a narrower spatial distribution than that obtained from probabilistic meth-
ods. If the streamlines from different tractograms were merged directly, the
subsequent clustering would likely produce a centroid that poorly reflects the
actual distribution of the streamlines. Indeed, the centroid is computed as
the point-wise mean of all the streamlines in the considered cluster. As shown
in the bottom left panel of Figure 4.3, its trajectory will be biased toward

the denser area, e.g., over-represented by deterministic streamlines, leaving
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the opposite WM side not covered.

To address this issue, we apply QuickBundles (Garyfallidis et al., 2012)
clustering with a small threshold (¢;) to each tractogram prior to merging
(Figure 4.3, bottom right). For each cluster, we retain only one of the closest
streamline to the corresponding centroid, while discarding the remaining
ones, which can be considered nearly identical. As a result, each individual
tractogram now contains only a subset of the initial streamlines, and their

distribution in the combined tractogram will be more balanced.

4.2.2 Refining the combined tractogram

After removing nearly identical streamlines from the individual tractograms
and merging them into a single one, we apply a microstructure informed
tractography method to obtain the synergy tractogram. To simultaneously
address redundancy and filter out FP connections, we combine the blurred
streamlines representation (Gabusi et al., 2024) with COMMIT2 (Schiavi
et al., 2020).

In this method, the combined tractogram is first processed to remove
geometrical outliers, i.e., streamlines with implausible trajectories, using
purifibre (Aydogan, 2022). This processing step improves the robustness of
the subsequent clustering used to reduce redundancy (Gabusi et al., 2024).
Thanks to the adoption of the strategy detailed in Section 4.2.1, when all the
streamlines derived from the different individual tractograms are clustered
together, the resulting centroids provide a more faithful representation (as
shown in the bottom right panel of Figure 4.3). After clustering the tractogram
using a threshold t5, as representative streamlines for each cluster, we retain
the average centroid but replace its ending points with those of a streamline
in the same cluster that are closest to the computed ones. This adjustment
ensures that the trajectories connect to the appropriate GM regions, and we
apply a subtle smoothing to avoid sharp angles. These centroids are then
spatially blurred to guarantee proper WM coverage while reducing collinearity
in the linear operator A (Eq. 2.29). Fitting is subsequently performed using
COMMIT?2 formulation (Eq. 2.32), where groups are defined according to the



4.2. Materials and methods 121

pair of GM regions connected.

The group lasso regularization, modulated by the A parameter, removes
the majority of FP connections. In particular, because sparsity is promoted
at the group level, streamlines belonging to bundles not compatible with the
acquired signal are assigned zero weights, while the remaining streamlines
have positive values. We therefore apply thresholding at zero to preserve
only relevant groups in the tractogram. However, lasso regularization is
known to shrink non-zero coefficients toward zero, introducing bias in the
retained estimates. To mitigate this effect, we adopt a two-stage process
inspired by relaxed lasso (Meinshausen, 2007): after employing the group lasso
regularization, we perform a second fit using the standard NNLS formulation
(Eq. 2.29). This debiasing step on the reduced problem yields streamline
weights that are less biased toward zero and provide more accurate estimates
of their actual contributions to the acquired signal.

The tractogram obtained through this filtering step constitutes the final
synergy reconstruction, which is then evaluated according to the experiments

detailed in the following sections.

4.2.3 Experiments
4.2.3.1 Dataset and processing

We evaluated the performance of the proposed method using both numerical
simulations and in vivo data. Specifically, we used the ISBI2013 phantom
as a synthetic dataset, while the in vivo experiments included data from
10 healthy subjects sourced from the HCP test-retest dataset. These two
datasets are the same used to evaluate the blurred streamlines representation;
for more details, please refer to Section 3.2.3.

Tractography estimation was performed on FODs computed in each voxel
using Constrained Spherical Deconvolution (Tournier et al., 2007); for the HCP
dataset, we applied its multi-shell multi-tissue variant (Jeurissen et al., 2014).
We employed three different tractography methods, using default parame-
ters unless otherwise specified: one deterministic algorithm, SD STREAM
(Tournier et al., 2012), and two probabilistic, iF#OD2 (Tournier et al., 2010)
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and Trekker (Aydogan and Shi, 2021). For the ISBI2013 dataset, we generated
1 million streamlines per tractogram, seeding within the WM mask. For the
HCP dataset, 3 million streamlines were reconstructed for each tractogram
(1 million for Trekker), limiting their length between 5 mm and 250 mm, and
retaining only streamlines connecting GM regions. For the seeding, we used
the WM mask except for the reconstructions with iFOD2, where we employed
Anatomically-Constrained Tractography to mitigate the number of spurious
trajectories (Smith et al., 2012). The cutoff values were set to 0.06 for iFOD2
and 0.05 for SD__STREAM, with a step size of 0.25 mm for SD _STREAM

and a maximum curvature angle of 70° for both.

4.2.3.2 Quantitative validation on sythetic data

In the quantitative evaluation on synthetic data, we generated the synergy
tractogram following the procedure outlined above, and we compared the
accuracy of its estimates with those of the three individual tractograms used to
construct it. Specifically, we set the initial clustering threshold ¢; to 0.25 mm
and discarded 3% of streamlines from the combined tractogram using purifibre
with a voxel dimension of 1 mm. For the blurred streamlines representation,
we used ¢, = 0.8 mm, r. = 0.8 mm, and r, = 0.5 mm, and group sparsity
was promoted using A = 0.03. The three individual tractograms were also
processed applying COMMIT?2 with the blurred streamlines representation
using the same parameters, except for A = 0.025 and different clustering
thresholds: ¢, = 0.4 mm for SD STREAM and ¢, = 0.8 mm for iFOD2 and
Trekker. QuickBundles (Garyfallidis et al., 2012) is a sequential algorithm
whose results depend on the order of streamlines processing. To mitigate this
bias, we repeated the entire procedure 10 times and computed the following
evaluation metrics for each run.

To assess the accuracy of the reconstructed connectomes, we computed

the L1 distance between the estimated connectome (C') and the ground-truth
one (C), defined as:

, (4.1)
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where N is the number of nodes in the connectome. To evaluate specificity
and sensitivity, we examined the number of TP and FP connections. TP
bundles correspond to the 27 connections present in the ISBI2013 dataset
configuration, whereas FP bundles are those reconstructed by tractography
algorithms that are not anatomically plausible, as their trajectories are not
supported by the ground-truth structure. Finally, the fitting error of the
model was estimated by calculating the Root Mean Squared Error (RMSE)

between the estimated signal (S) and the ground-truth signal (5) across all
WM voxels (V), as follows:

S (5.-8.)

RMSE (S, S) - -

4.2.3.3 Robustness evaluation on in vivo data

As discussed in (Dyrby et al., 2025), since validating tractography methods
in vivo remains an open challenge due to the lack of G'T, their reproducibility
should be inspected. We therefore evaluated the performance of the proposed
method on real brain data by comparing its robustness with that of the three
individual algorithms used to construct it.

First, to assess intra-subject reproducibility, we examined the effect of the
variability introduced by the tracking process. To this end, we focused on a
single subject from the HCP dataset, specifically the baseline scan of subject
103818, for which we reconstructed and processed each tractogram type 10
times (details in Section 4.2.3.1). We generated the synergy tractogram
with the following parameters: ¢; = 1.0 mm, 20% and a voxel size of 2 mm
for purifibre, ¢, = 2.25 mm (¢, = 2.00 mm for individual tractograms),
re = 2.0 mm, and r, = 0.75 mm. Regarding the promotion of group-level
sparsity, we tested different values of the regularization parameter, and we
report here the optimal results obtained using A = 8 x 1075 for the synergy
tractogram and A =6 x 107, A =7 x 107° and A = 10~* for SD_STREAM,
iFOD2, and Trekker, respectively.

To evaluate the results, we first investigated the voxelwise fitting error

(E = S, — S, ) by computing the average and standard deviation maps




124 Chapter 4. Synergy in tractography

across the 10 repetitions. Instead, to analyse the inter-subject robustness,
we considered the Dice coefficient across the 10 repetitions for all bundles
defined by the GM parcellation. Specifically, we extracted the streamlines
connecting each pair of GM regions from each tractogram. Then, we isolated
the contribution map corresponding only to the bundle under consideration
from the overall streamline density estimated by COMMIT. For each bundle,

we finally computed the Dice coefficient between all pairs of runs as:

211C, N ICY|
D (I I = 4.
(ICa, 1) = 731G, (4.3)

where I1C, and ICj, are two maps of the same bundle obtained by different
repetitions.

Finally, we investigate the variability between multiple acquisitions of
different subjects of the HCP dataset. In particular, we processed both
baseline and retest scans of the selected 10 subjects (details in Section 4.2.3.1).
For each of them, the synergy tractogram has been generated using the same
parameter setting employed for the single-subject analysis described above.
Beyond evaluating the fitting error (Eq. 4.2) of each run of the COMMIT
optimization, we focused our robustness analysis on the Corpus Callosum
tract. We followed the Tractostorm 2 guidelines (Rheault et al., 2022) to
virtually dissect it from each of the filtered tractograms. Then, as before, we
extracted the intra-cellular signal contribution of the streamlines belonging
to this bundle, as estimated by COMMIT2 with the blurred streamlines
representation. For each subject, we aligned the estimated retest maps to
the baseline space using FSL linear registration (Jenkinson et al., 2002), and
we computed the Dice coefficient (Eq. 4.3) to quantify the interscan bundle

similarity.

4.3 Results and discussion

4.3.1 Performance assessment on synthetic data

We first validated our approach using the ISBI2013 synthetic data. Specifically,

we examined both the fitting error and the accuracy of the resulting estimates,
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comparing the performance of synergy tractogram against that of the three
individual tractograms used to construct it. As described in Section 4.2.3.2,
we repeated the analysis 10 times by randomly shuffling the streamlines’
order to mitigate its impact on the estimates, due to the sequential nature
of QuickBundles clustering. Results are therefore presented in Figure 4.4
as barplots, showing the average value of each metric together with the

corresponding standard deviation.
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Figure 4.4: Method validation on synthetic dataset. The plots compare the
results obtained for the four tractograms: three individual and the synergy
one. Reported metrics include fitting error (i.e., RMSE), the number of true-
positive and false-positive bundles, and the estimation error (i.e., L1 distance),

shown as mean values with standard deviations across 10 repetitions.

The first plot shows that the fitting error (RMSE) obtained with the
synergy tractogram is lower than that of the three individual tractograms.
This indicates that the proposed approach yields an estimated signal that
more closely matches the acquired one, thereby reducing the overall error in
WM. When considering the number of TP and FP connections, the synergy
tractogram again demonstrates superior performance. It more consistently
identifies all 27 TP bundles while minimizing spurious pathways, thereby
improving both sensitivity and specificity. Similarly, the lower average values
of L1 distance reveal that the synergy tractogram achieves a smaller estimation
error in the reconstructed bundle organization compared to each individual

tractogram. This demonstrates that combining multiple reconstructions yields
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more quantitative estimates closer to the GT than any single tractogram.

Overall, the synergy tractogram outperformed all individual approaches
across every metrics. In Figure 4.5, we also report the results in terms of the
L2 distance and the weighted mean coefficient of variation (computed following
the definition in (Smith et al., 2015b)). The proposed approach consistently
produced more accurate quantitative estimates, characterized by smaller
distances from the G'T, fewer FPs, and a greater number of true connections,
while maintaining a lower fitting error. These findings indicate that merging
multiple tractograms generates more truthful and reliable reconstructions

than using any single algorithm alone.
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Figure 4.5: Additional results of the method validation. We report in these
plots two additional metrics considered in the quantitative evaluation on syn-
thetic data. Specifically, we employed the L2 distance between the estimated
connectome and the GT and the weighted mean coefficient of variation (com-
puted following the definition in (Smith et al., 2015b)). For both metrics, the
synergy tractogram provides lower values than those of individual methods,

indicating a more accurate connectome estimation.
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4.3.2 Reliability analysis on in vivo data
4.3.2.1 Intra-subject variability

After validating the method on synthetic data, we examined intra-subject
robustness in vivo. Specifically, we first analysed the variability due to the
tracking process by considering a single subject and repeating tractogram
generation 10 times. On the resulting data, we investigated the voxel-wise
fitting error across repetitions, reporting the average and the standard devi-
ation in Figure 4.6. For both metrics, we compare the synergy tractogram

with the three individual tractograms used to construct it.

®

SD_STREAM - SD_STREAM

Trekker

Figure 4.6: Intra-subject variability in the fitting error. For each tractogram,
voxelwise maps of the average (A) and standard deviation (B) of the fitting
error across 10 repetitions. Arrows highlight regions with notable improvement

when using the synergy tractogram compared to individual reconstructions.

In panel (A), the map corresponding to the synergy tractogram clearly
exhibits lower average voxel-wise fitting error than the individual tractograms
across the 10 repetitions, as highlighted by green arrows. In Figure 4.6(B), light
blue arrows indicate regions of high variability in the individual tractograms,
while the corresponding regions in the synergy map (highlighted in green)
display clearly reduced standard deviation values. These results demontrate

that the proposed approach offers a better fit to the acquired signal, indicating
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that the estimates are less variable and less influenced by the specific streamline
displacements generated by individual runs of a given algorithm.

To further investigate robustness, we examined the Dice coefficient of indi-
vidual bundles to assess spatial consistency across repetitions. We considered
two categories: bundles retrieved in all 10 repetitions (100%) and bundles
retrieved in at least five (>50%). The results are shown in Figure 4.7, where
violin plots illustrate the distribution of Dice values, highlighting the median

and quartile values.
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Figure 4.7: Tract-level reproducibility across repetitions. Dice coefficient for
all connections defined by the GM parcellation. Bundles were grouped into
those present in all 10 repetitions (100%) and those retrieved in at least half
(> 50%). Violin plots show the distribution for each tractogram, with the

median and quartiles indicated.

Among the four tractograms, SD STREAM displays the highest Dice
values for both groups of bundles (0.759 4+ 0.155 for always-retrieved bun-
dles and 0.195 £ 0.138 for the others), indicating lower variability in tract
reconstruction. However, as shown earlier in Figure 4.6, this algorithm also
yielded the highest fitting error. This outcome can be attributed to the deter-
ministic nature of SD_STREAM, which results in reconstructing major WM
tracts with higher anatomical confidence but produces many false negatives.

Considering the remaining methods, the synergy tractogram achieved higher
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median and quartile values compared to iFOD2 and Trekker, indicating bet-
ter tract-specific reliability across both categories (always-retrieved bundles:
0.71240.174 vs. 0.700£0.188 and 0.694 +0.175; other group: 0.155+0.132 vs.
0.123+0.117 and 0.14740.130 for iFOD2 and Trekker, respectively). Notably,
the lower bound for the 100% category in the synergy tractogram exceeds
that of all other methods. These findings confirm that synergy tractogram
yields lower intra-subject variability and greater robustness to tracking-related

differences.

4.3.2.2 Inter-scan robustness

We next assessed inter-scan reproducibility using 10 subjects with baseline
and retest acquisitions. We first computed the RMSE for each baseline data
to confirm the improvements obtained with the previous tests. This analysis
established that the synergy tractogram achieved a lower average fitting error
of 0.076, compared to employing individual tractograms: 0.160, 0.101, and
0.085 for SD_STREAM, iFOD2, and Trekker, respectively.

Then, we focused our examination on the reconstruction of a well-known
WM tract, i.e., the Corpus Callosum. Figure 4.8 shows results for a rep-
resentative subject, where the estimated density map of the streamlines
belonging to this tract is displayed. The synergy reconstruction provides
improved coverage and density characterization, producing a representation
that more faithfully reflects the anatomy of the Corpus Callosum. In contrast,
individual tractograms show more pronounced differences in the estimated
maps, with some expected branching and fanning often missing from the final
reconstructions.

Finally, we evaluated the similarity between the estimates obtained from
the two scans of each subject. After registering the Corpus Callosum con-
tribution image resulting from the second time-point acquisition (i.e., retest
data) in the baseline space, we computed the Dice coefficients between these
streamline density maps. The synergy tractogram achieved a similarity of
0.881 4 0.0414, exceeding that of individual methods (0.751 £ 0.0629 for
iFOD2, 0.864 + 0.0402 for SD_STREAM, and 0.875 + 0.0487 for Trekker)



130 Chapter 4. Synergy in tractography

SD_STREAM i Synergy

Figure 4.8: Inter-scan robustness in vivo. Example of the Corpus Callosum
from a representative subject, comparing reconstructions from the three
individual tractograms and the synergy one. As highlighted by the arrows,

the synergy method enhances the spatial coverage of the tract.

across the 10 subjects. These results demonstrate that the proposed method
is more robust to variations in the input data beyond those introduced by the
tracking process alone, and it is able to improve the anatomical estimations

of tractography.

4.3.3 Advantages of combining different algorithms in
synergy

The proposed tractography method builds upon the concept of integrating in-
formation from multiple tracking algorithms belonging to distinct classes, thus
capitalising on their respective strengths while mitigating their weaknesses.
By taking advantage of various tracking algorithms that work in synergy, the
proposed method is able to reduce anatomical variability, thereby increasing
the accuracy of WM architecture reconstructions.

The validation tests demonstrated that the proposed synergy approach
enhances the performance compared to standard tractography. In particular,
this improvement is achieved by effectively lowering the fitting error and
providing more accurate estimates in terms of both sensitivity and specificity,
as well as overall distance from the G'T. Furthermore, in vivo evaluations
confirmed these advantages: the synergy tractogram exhibited higher anatom-
ical reliability than individual ones. The provided estimates are more robust

not only to the variability introduced by the tracking process itself (intra-
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subject analysis) but also to the differences present when performing multiple
acquisitions (inter-scan examination).

Overall, these results indicate that the proposed approach reduces depen-
dence on a single tracking algorithm and produces reconstructions that are
both more accurate and more reproducible. By combining complementary
information from independent algorithms and leveraging the redundancy
reduction and advanced filtering provided by COMMIT2 and the blurred
streamlines representation, the resulting tractograms better capture the un-
derlying WM structure while limiting variability. The method presented in
this work, therefore, represents a promising step toward more robust and

reliable quantitative estimates of structural connectivity.

4.3.4 Limitations and future works

A first limitation of the proposed method is related to computational time.
Because the method relies on combining tractograms with different character-
istics, multiple runs of the tracking process are required to generate the input
tractograms for the synergy generation. However, the processing with the
COMMIT extension takes approximately the same time whether applied to
an individual or combined tractogram, and therefore does not substantially
increase the overall runtime of the pipeline.

Another aspect concernes the prefiltering step used to balance streamline
distributions before merging individual tractograms. This is essential for
obtaining accurate, representative streamlines when removing the redundancy
introduced by the merging process. As demonstrated in Figure 4.9, employing
a naive approach that simply concatenates all streamlines without prefiltering
leads to poorer performance compared to the proposed strategy. In this work,
clustering with a small threshold provided a simple yet effective solution to
reduce imprecise centroids. Future developments will explore more advanced
techniques for balancing streamline distributions to further improve the quality
of combined tractograms.

Additional refinements could also be achieved by testing different combi-

nations of tractography algorithms, including both commonly used and less
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Figure 4.9: Proof of concept for the prefiltering step during the merging.
We tested the performance of a more naive approach for the reconstruction
of the synergy tractogram. Specifically, we simply merged the different
individual tractograms, without performing the pre-filtering step to balance
the streamlines’ distributions, and then we filtered the resulting tractogram
using COMMIT2 with the blurerd streamlines representation (as explained in
Section 4.2.2). In the reported results, we used the label “Synergy” to reflect
the outcomes obtained using the proposed pipeline (outlined in Section 4.2).
Instead, the results referred to as “Naive approach” represent those from
the simpler approach. For all metrics, the proposed pipeline provides better
results compared to the more intuitive approach, which in some cases performs

worse than the individual tractograms.
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conventional techniques. Moreover, varying the parameter settings of the
algorithms included in the synergy construction may help identify configura-
tions that optimise accuracy and applicability for specific research or clinical
contexts.

Finally, since the present evaluation was conducted on the high-quality
HCP dataset, future studies will apply the proposed approach to clinical-
like data. These images are typically acquired with less advanced protocols,
leading to lower resolution, reduced SNR, and fewer diffusion directions. Such
conditions will provide a more realistic context in which to assess the practical

benefits of the synergy tractogram.

4.4 Conclusion

In this work, we addressed the challenge of anatomical variability in trac-
tography arising from algorithm- and parameter- dependency. We proposed
a novel approach that integrates information from different tracking algo-
rithms, which, working in synergy, improve the accuracy and robustness of
the final WM reconstructions. This method leverages the advanced filtering
capabilities of COMMIT extensions to refine the combined tractogram and
provide reliable quantitative estimates of structural connectivity. Validation
experiments demonstrated enhanced accuracy, characterized by a notable
improvement in all the considered metrics when employing the proposed
synergy tractogram compared to standard reconstruction techniques. In vivo
analyses further confirmed the increased robustness of the synergy tractogram
to both intra-subject and inter-scan variability, yielding a more consistent rep-
resentation of the underlying WM organisation. Overall, our findings indicate
that the proposed method provides an effective and solid strategy for miti-
gating algorithmic bias and improving reproducibility in dMRI tractography.
By integrating complementary information across algorithms, this approach
presents a promising foundation for future methodological refinements and

for applications in both research and clinical settings.
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Emerging research directions from
this thesis

The blurred streamlines representation, beyond the benefits discussed in
Chapter 3, allows the development of novel methods that are particularly
valuable for real-world applications. By leveraging the substantial reduction
in the number of streamlines required when using the blur, it becomes feasible
to implement more advanced techniques that overcome some of the limitations
of microstructure informed tractography (Section 2.4.2). As a result, these
methods enable a more accurate estimation of brain structural connectivity,

not only in healthy subjects, but also in cases of pathological conditions.

5.1 Adaptive tractography

Bundle-o-graphy (Battocchio et al., 2022) is a novel tractography method
that combines the strengths of generative and discriminative strategies (see
Section 2.3.2.4 for more details on the categories) to improve the anatomi-
cal accuracy of structural connectivity estimation. Starting from an input
tractogram, the method introduces a bundle-based representation of the WM
architecture, in which groups of coherent streamlines are modeled jointly
rather than individually. As mentioned in Section 2.4.2, standard filtering

approaches assume a static set of streamlines. In contrast, the bundles in
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Figure 5.1: Schematic overview of Bundle-o-graphy. The method proceeds
through hierarchical clustering and streamline simplification, the assignment
of a volumetric extent via a blurring function, and a global optimization using
a Markov-Chain Monte Carlo framework. From (Battocchio et al., 2022).

Bundle-o-graphy are not constrained to fixed trajectories: their position,
shape, and extent can be iteratively adapted to better fit the measured
diffusion signal (Battocchio et al., 2022). This adaptive capability is made
computationally feasible by the blurred streamlines representation, which
drastically reduces the number of parameters to optimize.

In more detail, Bundle-o-graphy proceeds in three main stages, as shown
in Figure 5.1. First, redundant streamlines are reduced through hierarchical
clustering, keeping only a few representative trajectories for each connection
between GM regions. Each retained streamline is then simplified using
spline interpolation to minimize the number of control points required for
its description, resulting in a compact yet anatomically consistent set of
candidate pathways.

In the second step, the blurred representation plays a central role in
modeling the bundles. Each simplified streamline is assigned a volumetric
extent by means of a blurring function, a concept that directly stems from
the blurred streamlines representation introduced in Chapter 3. This blurring
represents each streamline as the centroid of a cylindrical volume whose signal
contribution decreases radially following a Gaussian profile (Figure 5.2). The
resulting blurred bundles effectively capture the spatial uncertainty at bundle

boundaries and mimic the contribution of groups of aligned fascicles, without
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ac

Smoothed box
Figure 5.2: Volumetric modeling of bundles in Bundle-o-graphy. Each simpli-
fied streamline acts as the centroid of a tubular structure whose contribution
to the diffusion signal decreases radially following a Gaussian profile. Replicas

are distributed on concentric circles around each point of the fiber. From
(Battocchio et al., 2022).

the need to explicitly track multiple neighboring streamlines. This volumetric
modeling not only provides a biologically more plausible representation of
WM pathways but also reduces the sensitivity to local tractography noise and
seeding variability. With respect to the final version of the blurred streamlines
detailed in Section 3.2.2, in Bundle-o-graphy, the replicas of the centroid are
not displaced according to a Cartesian grid. Instead, they are distributed
equidistantly over concentric circles of increasing radius (up to r) centered
around each point of the fiber. The circle discretization, i.e., the number
of replicas created and the number of circles used to sample the space, is
empirically fixed. Instead, the scaling factor used for computing the signal
contribution is the same as that in Eq. 3.2, accounting for both core and

Gaussian regions.

Finally, the bundle configuration is optimized globally within a Bayesian
framework. Using a Markov-Chain Monte Carlo (MCMC) sampling strategy
combined with simulated annealing, both the trajectory and the blur extent
of each bundle are iteratively updated to maximize agreement between the
predicted and measured diffusion signals. The likelihood term is evaluated
through the COMMIT forward model, which quantifies the contribution of

each bundle to the observed signal, while prior terms regularize the overall
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number of bundles and connections. At each iteration, different types of moves
are proposed, such as adding or removing a connection, refining the trajectory
of a bundle, or changing its blur extent, thereby allowing the algorithm to
explore a wide range of possible configurations while progressively converging
toward the most plausible global solution.

The introduction of the blurred representation was crucial in making this
adaptive formulation computationally tractable. By grouping multiple stream-
lines into a single blurred bundle, the parameter space is drastically reduced
by nearly two orders of magnitude compared with traditional tractography,
making MCMC optimization feasible. This reduction in complexity enabled
the implementation of Bundle-o-graphy, which successfully demonstrates how
a global, adaptive framework can improve the accuracy of tractography recon-
structions. By jointly optimizing the geometry and microstructural contribu-
tion of bundles, this method achieves higher WM coverage, reduces the number
of FP connections, and produces more anatomically consistent connectivity
estimates across different tractography algorithms and datasets (Battocchio
et al., 2022). These results clearly highlight the advantages of combining
generative and discriminative principles within a representation of the WM
based on blurred bundles.

Although the formulation employed in Bundle-o-graphy was preliminary,
it clearly demonstrated the potential of the blurred streamlines representation
as a fundamental methodological component for the development of adaptive
tractography approaches. By providing a compact and physically grounded
way to characterize the collective contribution of neighboring fibers, the
blurred streamlines representation makes possible a new class of methods
capable of simultaneously refining the shape, position, and cross-sectional
extent of WM bundles.

5.2 Modeling pathological conditions

Building upon the blurred streamlines representation introduced in Chapter 3,

further methodological developments have explored how this formulation
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can enable the study of pathological conditions within the framework of
microstructure informed tractography. As mentioned in Section 2.4.2; a key
limitation of all existing techniques, including COMMIT (Daducci et al., 2015)
and its extensions, lies in the assumption that each streamline represents
a group of axons with constant microstructural properties along its path.
This simplification is plausible in healthy WM, where tissue characteristics
such as axonal density and myelination vary smoothly at the scale detectable
by dMRI. However, in the presence of disease, this assumption no longer
holds. Pathological alterations, whether localized or diffuse, introduce spatial
heterogeneity in the acquired signal, violating the hypothesis of constant
streamline contribution and ultimately leading to biases in the estimated
connectivity (Bosticardo et al., 2025).

A recent work has highlighted the consequences of this limitation in the
context of focal lesions (Bosticardo et al., 2025). When lesions are present,
the mismatch between the measured and predicted signal in affected voxels
can trigger global compensation mechanisms in the optimization process,
altering the estimated weights of healthy bundles as well. This so-called
“butterfly effect” (Bosticardo et al., 2025; Daducci and Schiavi, 2025) arises
because traditional microstructure informed tractography methods minimize
the total fitting error across all voxels, leading to spurious over- or under-
estimation of connections throughout the whole network. To address this issue,
Bosticardo et al. (2025) proposed a multi-compartment model that augments
the COMMIT signal equation with an explicit compartment representing
lesion-related signal loss. By decoupling the contributions of healthy fibers
from those of damaged tissue, this model prevents error propagation (see
Figure 5.3) and yields unbiased estimates of structural connectivity in the
presence of focal pathology, such as multiple sclerosis.

However, this method relies on two conditions that are not always met:
the input tractogram must contain streamlines passing through the lesions,
and a mask indicating the lesion locations must be provided. Combining
this model with the blurred streamlines representation could help mitigate
the first constraint. Indeed, blurred streamlines contribute not only to the

voxels they traverse but also to neighboring ones (depending on the chosen
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Without lesion compartment With lesion compartment

Figure 5.3: A comparison of fitting errors (root mean square error) obtained
using the standard COMMIT formulation (left) and the multi-compartment
model extension (right). The red circles clearly indicate a high error in the
location of focal lesions, but a significant reduction when the pathology is

modelled with the appropriate compartment. From (Bosticardo et al., 2025).

extent), potentially improving the coverage of focal lesions and leading to
more accurate connectivity estimations. In this sense, the blurring acts as a
spatial regularization mechanism that enhances the quality of the tractogram
and, in turn, facilitates the distinction between lesions and partial volume
effects.

While the multi-compartment formulation effectively handles localized
lesions, it still assumes that streamline contributions remain constant outside
those regions. This becomes a major limitation when modeling diffuse axonal
degeneration, as observed in progressive neurodegenerative conditions or in the
normal aging process, where microstructural deterioration occurs gradually
along the tracts rather than being confined to well-defined lesions. In such
cases, the contribution of each streamline to the diffusion signal may vary
along its trajectory, reflecting the underlying gradient of tissue integrity.

To capture these spatially varying effects, we are working on a new method
called COMMIT,,, (Mari et al., 2025). This extension of the COMMIT

framework allows the streamline contribution to vary along its path using
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Degradated signal profile 1% DCT basis function 279 DCT basis function 3" DCT basis function 4% DCT basis function

Figure 5.4: Example of a signal affected by degeneration. The image at the
bottom shows a bundle of streamlines colored according to the simulated
degeneration profile. The signal profile estimated by COMMIT,,, is obtained
by scaling each DCT basis function (here N = 4) by its corresponding
coefficient x;, thereby capturing the measured along-tract variation in signal

intensity.

the Discrete Cosine Transform (DCT). Each streamline is represented as
a weighted sum of cosine profiles, defined by a set of DCT basis functions
oscillating at different frequencies, whose combination determines its signal

contribution:

N-1
1
Xk:;xnCOS{%<n+§>k1 fork=0,1,..., N—-1  (5.1)

In this way, COMMIT,,, can model both smooth and localized variations in
axonal integrity along WM pathways.

Formally, the forward model is extended by representing every streamline
with multiple columns in the linear operator A (Eq. 2.29). Each of these
columns contains the potential signal contribution of that streamline, scaled
along its trajectory according to one of the N DCT basis functions. As
illustrated in Figure 5.4, the x coefficients estimated by COMMIT,,, (N
weights per streamline) are then combined to reconstruct the actual signal
profile of the tract. A term for the weighted lasso regularization is added
to the original COMMIT cost function (Eq. 2.30) in order to favor low-
frequency components, promoting smooth, physiologically plausible profiles
while avoiding overfitting.

The practical feasibility of this formulation depends on an efficient repre-

sentation of the tractogram. Without controlling for redundancy, the number
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of columns in the operator A would grow prohibitively large, leading to exces-
sive memory usage and unstable results. This issue is effectively mitigated by
adopting the blurred streamlines representation introduced in Chapter 3, which
enables the reduction of redundant streamlines and the compact modeling of
fiber bundles. By leveraging this representation, COMMIT,, can maintain
computational efficiency while employing a richer, position-dependent signal
model.

We tested the proposed approach on synthetic data from the I[SBI2013
phantom (Caruyer et al., 2014), simulating a realistic WM architecture that
connects 53 GM regions through 27 bundles. Controlled signal degradations,
both linear, Gaussian, and sigmoid, were applied along selected tracts to
simulate different patterns of diffuse degeneration. As indicated in Figure 5.5,
results showed that using N = 5 DCT basis functions achieved an opti-
mal balance between model flexibility and stability. COMMIT,,, accurately
reconstructed the spatial profiles of degradation while preserving the contribu-
tions of unaffected bundles, confirming its ability to disentangle healthy and
damaged pathways in a unified optimization framework. To fully assess its
applicability, additional evaluations should be conducted across a wider range
of conditions, including real in vivo data from patients with WM pathology
manifesting through diffuse signal alterations along specific tracts. Achieving
this also requires handling FP connections, which is possible by combining
COMMIT,,, with the group-lasso regularization introduced in COMMIT?2
(see Section 2.4.1.4).

Taken together, the multi-compartment model (Bosticardo et al., 2025)
and COMMIT,, (Mari et al., 2025) represent two complementary extensions
of microstructure informed tractography for modeling pathological conditions.
The former explicitly accounts for focal lesions through an additional signal
compartment, while the latter introduces position-dependent streamline con-
tributions to describe diffuse axonal degeneration. Both developments benefit
from the blurred streamlines representation, which provides the necessary
efficiency and stability to support more realistic models of WM connectivity

in health and disease.
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Figure 5.5: Reconstruction of along-tract signal profiles using Discrete Cosine
Transform (DCT) coefficients in COMMIT,,,. The noiseless reference profile
(dashed black line), noisy signal samples (black dots), and reconstructions
obtained with 5 (green) and 100 (purple) DCT basis functions are shown.
A small number of basis functions can accurately reproduce smooth signal
variations along a streamline, whereas increasing their number also captures

the high-frequency variations associated with noise. From (Mari et al., 2025)



Chapter 6
Conclusion

In recent years, dMRI has become an essential tool to non-invasively investi-
gate the structural organization of the human brain and its role in connectivity.
Through tractography, WM pathways of fiber bundles can be inferred from
the directional information encoded in the diffusion signal, enabling unprece-
dented in vivo exploration of the brain architecture. Despite its widespread
use, tractography remains an indirect and model-dependent technique: it
relies on estimated fiber orientations rather than directly visualizing axons,
making it sensitive to noise, algorithmic choices, and acquisition parameters.
As a consequence, tractograms often suffer from a lack of biological specificity,
large redundancy, and a limited quantitative relationship to the underly-
ing tissue microstructure. These limitations affect the anatomical accuracy
and interpretability of tractography-derived estimates in both healthy and

pathological conditions.

To address these challenges, research has increasingly shifted toward mi-
crostructure informed tractography, such as the COMMIT framework, which
combines the reconstructed tractogram with biophysical signal models to as-
sign each streamline a quantitatively meaningful contribution to the measured
diffusion signal. Although these advances represent a major step forward,
they also highlight the need for more compact methods that directly link
streamline geometry to the local diffusion signal in a consistent and efficient

manner. The primary goal of my PhD thesis was to contribute to this effort
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by developing, validating, and applying the blurred streamlines representation,
a new approach that redefines how tractography reconstructions are modeled
and used to estimate how different brain regions are structurally connected
to one another.

The first part of the thesis (Chapter 3) introduced the blurred stream-
lines representation, the central methodological contribution of this work.
Traditional tractography encodes WM pathways as simple polylines in 3D
space, and to increase the chances of reconstructing all the true positive
connections, a very large number of streamlines is typically generated. This
results in high redundancy and introduces biases in the final quantitative
estimates. The proposed representation overcomes these issues by replacing
clusters of redundant streamlines with the centroid of a spatially extended
volume whose contribution to the diffusion signal decreases radially according
to a blurring function. This formulation provides a compact yet physically
grounded description of WM architecture, drastically reducing redundancy
while preserving anatomical detail. Comprehensive evaluations on synthetic
and in vivo datasets demonstrated that blurred streamlines improve numerical
stability and reduce sensitivity to input data variability, maintaining the same
accuracy as state-of-the-art methods. In addition, by employing less than
10% of the input streamlines, they significantly decrease the computational
complexity of algorithms that process tractography reconstructions and the
storage requirements of the resulting tractograms.

Leveraging this representation, Chapter 4 presents a new approach that
utilizes the blurred streamlines to enable tractograms generated using different
tracking algorithms to work in synergy, thereby mitigating their limitations.
Because methodological and parameter choices in the processing pipeline
introduce substantial variability in the resulting tractograms, combining
complementary reconstructions helps reduce algorithm-specific biases. The
proposed method produces a unified tractogram with improved anatomical
plausibility, greater robustness, and higher intra-subject consistency than
any individual reconstruction, highlighting the value of aggregation-based
strategies for enhancing the reliability of brain tractography and, consequently,

structural connectivity maps.
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The flexibility and computational efficiency of the blurred streamlines
representation also enabled the investigation of more advanced developments
(Chapter 5). In the Bundle-o-graphy framework, the blur was used to make
global tractography computationally feasible by modeling coherent fiber
groups as non-static bundles. This reduced the dimensionality of the parame-
ter space by orders of magnitude and allowed for the joint optimization of
bundle geometry and microstructural contributions within a Bayesian formu-
lation, demonstrating the potential of adaptive global tractography. Finally,
Section 5.2 extended the use of the blurred streamlines representation to the
modeling of pathological conditions within microstructure informed tractogra-
phy. Standard approaches assume that the signal contribution of a streamline
remains constant along its trajectory. A multi-compartment extension of
COMMIT was recently proposed to overcome this strong assumption in focal
lesions by introducing an explicit compartment for modeling related signal
loss. In contrast, to capture diffuse axonal degeneration along specific tracts,
we are developing a new formulation that introduces position-dependent
streamline contributions using the DCT formalism, enabling the modeling
of smooth signal variations along WM pathways.Preliminary experiments
on synthetic data confirmed the potential of this method for characterizing
diffuse pathological alterations. Both approaches benefited from the blurred
streamlines representation, which improved spatial coverage in lesioned areas,
stabilized the optimization, and ensured computational tractability even when
multiple signal components were estimated per streamline.

Overall, this thesis addressed key limitations of tractography by introduc-
ing a compact and physically grounded framework that enhances robustness,
interpretability, and computational efficiency. The blurred streamlines repre-
sentation provides a powerful foundation for reducing redundancy, enhancing
numerical formulation, and enabling new methodological developments in
both healthy and pathological contexts. Future research will focus on extend-
ing these techniques to larger cohorts and clinical populations, integrating
additional microstructure models, and exploring longitudinal applications to

investigate disease progression.
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