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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
bers. 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, Di usion Magnetic Resonance Imaging has become the
most powerful tool for investigating brain microstructure and connectivity.
This particular magnetic resonance signal re ects the random motion of water
molecules, providing information about the underlying tissue geometry and
allowing the inference of ber orientations, as well as the reconstruction of
large-scale anatomical connections through tractography.

Tractography algorithms estimate the trajectories, called streamlines, of
white matter ber bundles by following the dominant di usion 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 speci city
because streamlines represent simpli ed 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 di cult 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 di erent estimates. Finally, there is the
issue of quanti cation, as the number of streamlines connecting two regions
does not directly re ect 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 di usion signal. This has led to the emergence of microstructure
informed tractography, in which each streamline is associated with a quantita-
tive weight re ecting its contribution to the measured signal. One of the most
representative and exible frameworks in this family is the Convex Optimiza-
tion Modeling for Microstructure Informed Tractography (COMMIT), which
formulates the tractography quanti cation problem as a global optimization.
By estimating the combination of streamline contributions that best explains
the acquired di usion data, COMMIT provides a biophysically grounded
estimation of structural connectivity. Although these approaches represent a
signi cant step forward in the quanti cation 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 di cult to manage e ciently. 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 di usion 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
e ectively transforms the streamline from an in nitesimally thin trajectory
into a spatially extended structure that captures the collective contributions
of neighboring bers. This concept provides a uni ed and computationally
e cient foundation for developing new tractography methods that are more
robust, anatomically consistent, and quantitatively meaningful. The rst 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 di erent 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
speci ¢ biases, this method yields a uni ed tractogram that more accurately
re ects the underlying anatomy, thereby enhancing the robustness of struc-
tural connectivity estimates. The nal part of the thesis (Chapter 5) explores
how the computational e ciency and exibility 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 di use axonal degeneration.

Overall, this thesis aims to address key limitations of current tractography
by bridging the gap between local di usion 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
e cient 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 e cient 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.

14



2.1. Overview of the human brain 15

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 axon 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 outhnumber neurons in the
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human brain (Purves et al., 2004).

At the tissue level, brain regions are broadly classi ed 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,

Figure 2.2: Coronal section of the brain showing Gray Matter (GM, darker),
White Matter (WM, lighter), and ventricles lled 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 ber bundles or tracts. As illustrated in Figure 2.3, these tracts
can be classi ed as association bers, which connect cortical regions within
the same hemisphere (e.g., the Arcuate Fasciculus); commissural bers, which
link homologous regions across hemispheres (e.g., the Corpus Callosum); and
projection bers, 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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