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Nederlandstalige Samenvatting

Het brein is een zeer ingewikkeld orgaan dat alle lichaamsfuncties controleert via
het zenuwstelsel. Hoewel de anatomie van de hersenen reeds eeuwen het onder-
werp is van studie, weten we nog steeds weinig over hun werking. In de huidige
stand van de wetenschap worden neurologische aandoeningen onderverdeeld in
ofwel chronisch of degeneratief, waarbij hun effect op de gezondheid vaak onom-
keerbaar is. Door de toenemende levensverwachting van de bevolking worden
hersenaandoeningen overal ter wereld een belangrijk gezondheidsprobleem. Tot
voor kort hadden we maar een matige kennis van de globale epidemiologie van
geestesziekten en neurologische afwijkingen en was er ook een trage wetenschap-
pelijke vooruitgang bij identificeren van de meest rendabele medische interventies.
Een aantal hersenaandoeningen vormen, omwille van hun veelvoorkomendheid,
steeds meer het voorwerp van klinische studies: in april 2016 riepen een aantal
academici uit lidstaten van de G7 de wereldleiders op te investeren in onderzoek
dat zich buigt over deze groeiende problematiek. Tegelijk vestigden ze de aandacht
op het belang van verregaande samenwerking tussen verschillende onderzoeksin-
stellingen, aangezien geen enkel individuele organisatie of staat het noodzakelijke
technologische en menselijke vermogen heeft om dit doel te realizeren.

Hoewel veroudering een belangrijke risicofactor is voor neuro-degeneratieve
ziekten geassocieerd met, onder andere, problemen met het concentratievermo-
gen en met het geheugen, is ouder worden geen ziekte op zich. Studies van de
hersenstructuur tonen weliswaar aan dat naarmate men ouder wordt, het volume
van de hersenschors krimpt en de cerebrale ventrikels uitzetten. Toch blijft het een
open vraag of, en in hoeverre, deze veranderingen de eigenlijke werking van de
hersenen aantasten. Het gebrek aan niet-invasieve technologiën die toelaten een
duidelijk zicht te krijgen op de verbindingen van het brein en hun functie verhin-
derde lange tijd onderzoek in deze materie.

De medische sector heeft dan ook veel baat bij vooruitgang die geboekt wordt
binnen de biometrie. Biometrie wordt steeds minder invasief en meer betrouw-
baar dankzij de introductie van medische beeldvorming. Vandaag worden ver-
schillende beeldvormingstechnieken gebruikt voor klinische doeleinden, met de
bedoeling betere diagnoses te stellen en de behandeling te personaliseren. Hun
voornaamste toepassingsgebied wordt bepaald door verschillende criteria zoals de
beeldkwaliteit, de invasiviteit, de kostprijs, alsook de mogelijke risico’s voor de
menselijke gezondheid.

Eén van deze beeldvormingstechnieken is diffusion MRI (diffusie MRI), een
techniek die de gemiddelde diffusie van watermoleculen in beeld brengt. Diffu-



sion MRI laat als enige beeldvormingstechniek toe op een niet-invasieve manier
driedimensionale geometrische informatie over de witte stof van de hersenen te
bekomen. Deze informatie kan kan leiden tot belangrijke ontdekkingen over de ar-
chitectuur van het brein in vivo. Een hoge beeldresolutie wordt vanuit dit perspec-
tief beschouwd als de sleutel tot nieuwe, baanbrekende neurologische ontdekkin-
gen. Om neurologen te helpen bij dit levensbelangrijke werk, is het van belang hen
te voorzien van betrouwbare metingen. Vanuit het standpunt van medische beeld-
vorming betekenen betrouwbare metingen bijvoorbeeld beelden van hoge kwaliteit
alsook betrouwbare, informatieve biomarkers berekend uit die medische beelden.

Voor studies van de hersenen worden op dit ogenblik verschillende beeld-
gebaseerde karakteristieken voorgesteld als biomarker. Deze kunnen focussen
op voxel- niveau, op het niveau van de hersenzone of zenuwbundel, of op het
niveau van het volledige brein. Cruciaal is dat de precisie van deze karakteristieken
sterk afhangt van de kwaliteit van de verkregen beelden en van de precisie van de
pipeline gebruikt voor het berekenen van de waarden.

Door te focussen op de analyse, verwerking en interpretatie van diffusion MRI
beelden, hoopt deze thesis een bijdrage te kunnen leveren tot het verbeteren van
neurologisch onderzoek.

Een eerste stap in het onderzoek was het bestuderen van de biases die inher-
ent zijn aan diffusion-MRI-metingen door het Gibbs Ringing effect, een gevolg
van de MR-techniek op zich. Hiertoe kwantificeerden we de rol van dit effect in
de vertekening van klinisch relevante hersenmetingen, en stellen we een methode
voor om de impact ervan te verminderen. Dit deel van het onderzoek helpt medis-
che beeldvormers om meer accurate beeld-biomarkers te bekomen, wat dan weer
bijdraagt tot een beter inzicht in hersengerelateerde aandoeningen.

Gemotiveerd door het gebrek aan een goudstandaard voor de evaluatie van de
resultaten van witte stof-tractografie en studies naar de hersenconnectiviteit on-
twikkelden we,in een tweede stap, een nieuwe set diffusion MRI-fantoomdata.
Deze benaderden de complexiteit en geometrie van echte hersendata. Het simuleren
van realistische (acquisitie)scenarios met gebruik van dergelijke data laat toe om
de efficiëntie van tractografie en post-processing methodes te testen en te eval-
ueren.

In een derde stap bestudeerden we de variabiliteit die optreedt in metingen van
de hersenconnectiviteit in verhouding tot het volume van de segmenten van de
hersenschors. Op basis hiervan toonden we aan dat de precisie van hersensegmen-
tatie en verdere onderverdeling, die vaak automatisch verkegen worden, de metin-
gen gebruikt in netwerkstudies van de hersenconnectiviteit sterk beïnvloedt. Als
algemene regel stellen we vast: hoe sterker de instrumenten geautomatiseerd zijn,
hoe minder tolerant ze zijn voor data-imperfecties. Een vergelijking van beeld-
karakteristieken en biomarkers is ongetwijfeld noodzakelijk om een verschil te
maken tussen gezonde en zieke (weefsels). Daarbij is het echter essentieel dat deze
verschillen echte, biologische verschillen zijn, en niet veroorzaakt worden door
vervormingen van de data. Aangezien we vaststellen dat dergelijke vervormingen
vaak voorkomen, concluderen we dat het erg belangrijk is dat de beeldkarakter-
istieken en biomarkers daartegen bestand zijn.



De belangrijkste bijdragen van dit werk, hierboven kort samengevat , worden
verderop in de thesis uitvoerig beschreven. Ze werden gepubliceerd als artikels
in internationale peer-reviewed tijdschriften en als conferentieartikels. Op het ge-
bied van beeldvorming van de hersenen en het berekenen van beeld-gerelateerde
biomarkers blijven echter nog vele uitdagingen bestaan. We hopen dat nieuwe
ideeën en techologieën in de toekomst zullen leiden tot verder, significante vooruit-
gang op dit vlak. Deze zal waarschijnlijk vooral bereikt worden door verschillende
beeldvormingstechieken te integreren, en door meer gestandaardiseerde analy-
sepipelines te gaan gebruiken.

Hybride scanners worden reeds gebruikt, bijvoorbeeld PET/MRI scanners. Deze
laten toe om simultaan (of sequentieel) beelddata op te nemen gebruik makend van
twee modaliteiten zonder dat de performantie van één van de modaliteiten daar
onder lijdt. De technologische vooruitgang op dit vlak gaat snel, waarbij de spa-
tiale en angulaire resolutie, en het contrast tussen weefsels stijgt terwijl de scantijd
verkort. Deze vooruitgang zal tot een doorbraak leiden in het evalueren van neu-
ropsychiatrische aandoeningen.

Daarbovenop zijn verschillende langetermijnsonderzoeken gestart. Door ve-
randeringen in biologische metrieken te meten over een langere periode zullen
deze studies helpen bij het begrijpen hoe de hersenen of pathologieën ontwikkelen
in de loop der tijd. Daarbovenop is het mogelijk om combinaties te maken van
beeldvorming met onderzoek dat niet op beeldvorming gebaseerd is. Momenteel
wordt genetica gezien als een veelbelovend onderzoeksdomein naar de toekomst.
Genetica kan mogelijk verklaren hoe genetische verschillen geconnecteerd zijn
met neuropsychiatrische aandoeningen. Vervolgens kan het genetisch screenen
van patienten helpen om mensen die een hoger risico lopen op een aandoen-
ing vroeger te identificeren, wat leidt tot verbeterde preventieve geneeskunde en
gezondheidszorgprogrammas.





English summary

The brain, which regulates all human functions by controlling the nervous system,
is an extremely complex organ. Although the anatomy of the brain has been stud-
ied for centuries, we know very little about its functioning. Nowadays, most of the
neurological disorders are classified as chronic or degenerative conditions, whose
effects on our health may be irreversible. Due to the rising life expectancy of the
population, brain disorders and illnesses are becoming a major health problem all
over the world.

Until recently, there was a poor understanding of the comparative global epi-
demiology of mental and neurological disorders, and slower progress compared
to other disorders in identifying the most cost-effective interventions. However,
given their significant incidence, specific brain pathologies and disorders are be-
ing increasingly investigated by clinical studies: in April 2016, academics of the
G7 nations called on world leaders to invest on research which can be helpful in
addressing this growing threat and to encourage collaboration and interaction be-
tween different organizations and consortia, as no single project or country alone
might be equipped with the technological and human power needed to achieve this
goal.

While ageing is a recognised risk factor for neurodegenerative diseases, associ-
ated with, e.g., changes in attention and memory, it is not a disease per se. Studies
on brain structures report that the grey matter volume of the brain decreases as
a function of age, and that cerebral ventricles expand. It remains an open ques-
tion whether, and to which extent, these changes affect brain functionality. In the
past, the lack of non-invasive technologies enabling a clear view on the core brain
circuits and their function has been a major bottleneck for the success of these
studies.

The healthcare sector has generously benefited from advances in biometry,
which has been made less invasive and more reliable thanks to the introduction
of medical imaging. In order to obtain improved diagnosis of diseases and person-
alization of treatment, many imaging modalities can nowadays be used for clinical
purposes, although different criteria such as quality, resolution and cost of imaging
- as well as the possible risks for human health - define their main clinical use.

Specifically, 3D geometrical information about cerebral white matter can be
obtained uniquely via diffusion MRI, an imaging technique that captures the av-
erage diffusion of water molecules. Hence, it probes the structures of the biolog-
ical tissue non invasively, holding the promise of revealing important information
about the brain neural architecture in vivo. To this end, a proper imaging resolution



is believed to be the key to new and groundbreaking discoveries.
From the point of view of image processing, aiding physicians who investigate

brain pathologies and disorders means providing them a way to obtain high quality
images and reliable, informative biomarkers which can be extracted from medical
images. For brain studies, a variety of image-derived metrics of clinical interest
have been proposed which are defined at a single voxel level, at the level of a
specific region or white matter bundle, or at whole-brain level. However, those
crucially depend on the quality of the acquired images, as well as on the accuracy
of the processing pipeline used for their estimation.

By focusing on the analysis, processing and interpretation of diffusion MRI
images, this thesis hopes to make a contribution in the field.

Firstly, we have studied the biases introduced in diffusion MRI metrics by a
pervasive artifact, i.e. the Gibbs Ringing effect, which originates from the MR
acquisition technique. We have quantified the role played by this artifact in the
distortion of brain metrics of clinical interest and we have proposed a method to
mitigate its influence. This study is of help for obtaining more accurate imaging
biomarkers and consequently improving the understanding of diseases.

Secondly, we have developed novel diffusion MRI phantom data. Motivated
by the lack of a gold standard for the evaluation of white matter tractography out-
comes and brain connectivity studies, we proposed our in-house method to produce
phantom diffusion MRI data that approximate the geometric complexity observed
in real brain data. When realistic acquisition problems are simulated using these
data, the efficacy of post processing methods developed to mitigate those specific
problems can be tested and evaluated.

Thirdly, we have studied the variability of brain network metrics with respect
to the volume of parcellated grey matter regions. We have shown that the accuracy
of tissue segmentation and parcellation, which are often obtained with automatic
tools, widely influences brain network metrics used in brain network studies. As
a general rule, the more fully automated the tools are, the less tolerant they are to
data imperfections. While a comparison of metrics is necessary in order to make
distinctions between healthy and pathological conditions, it is essential that those
differences represent true biological differences, that is, these metrics have to be
robust against commonly occurring data distortion.

The main contributions of our work, which have been briefly summarized
above, are extensively explained in this thesis and have resulted in publications in
international peer-reviewed journals and conference contributions. As many chal-
lenges remain daunting to brain imaging and image-derived biomarkers, we hope
that new ideas and technologies will lead to further significant advances in the fu-
ture, which are likely to be achieved by integrating different imaging modalities
and by the use of more standardized analysis pipelines.

Hybrid scanners already exist, in particular PET/MRI scanners. These allow
the simultaneous or sequential acquisition of imaging data using two modalities
without compromising the performance of either modality. Technology is advanc-
ing at a fast pace, achieving higher spatial and angular resolutions, shorter scan
time and sharper tissue contrast. These advancements would provide the break-



through needed to better evaluate neuropsychiatric disorders. Additionally, several
longitudinal investigations have been initiated. By tracking changes in biological
measures over time, these studies will help understanding how normal brains or
pathological conditions develop as time passes.

Furthermore, it is possible to combine imaging with non-imaging studies. Cur-
rently, genetics is considered a very promising area for the future, as it has the
potential to clarify how genetic differences are connected with neuropsychiatric
disorders. Genetic screening might help in the identification of patients with a
high risk of a disease, improving preventive medicine and healthcare programs.





1
Introduction

“As humans we can identify galaxies light years away, we can study
particles smaller than the atom, but we still haven’t unlocked the mys-
tery of the three pounds of matter that sits between our ears” - Barack
Obama

1.1 Motivation of this work

Given the progressively ageing world population, there is consensus that the inci-
dence of brain related problems will grow in the future, with empirical data sup-
porting this prediction. Let’s consider the case of dementia, for instance, and the
curves of Fig. 1.1 which depict the incidence of this disease. Although it normally
affects older people, dementia is not a normal component of aging, but it is a syn-
drome. The total number of people affected by dementia in the world, in 2010,
was estimated to be 35.6 million. Most probably, this number will double every
20 years, so the figures are estimated to become 65.7 million in 2030 and 115.4
million in 2050 [WHO 12].

The incidence of dementia in Europe has urged European governments to as-
sign fundings dedicated to dementia care and research, such as in Spain, France,
and Germany. In these countries, large research institutions in the field of neu-
rodegeneration like the German Center for Neurodegenerative Diseases (DZNE)
in Bonn, the Alzheimer Center Reina Sofia Foundation in Madrid, Spain, and
the Alzheimer Disease Research and Clinical Center in Toulouse, France, have



Figure 1.1: Incidence of dementia per world regions, as estimated by the World Health
Organization [WHO 12]. Forecasts 2010-2050.

been founded. Additionally, the Joint Programme in Neurodegenerative disease
research has been initiated by the EU, in which also Flanders takes part.

Clearly, dementia is only one of a variety of possible mental health problems.
If we consider all the brain pathologies, these are estimated to account for 35% of
the european total disease burden [Olesen 03]. Brain diseases have very serious
consequences not only for those persons who are affected by them, but also for
their caregivers and families, from both a psychological and economic point of
view. According to a recent report [Olesen 12], Parkinson’s disease (about 1 M
subjects), dementia (about 6 M subjects), addiction (about 15 M subjects), and
anxiety (60 M subjects), among others, contribute to an overall total annual cost
of about 800 billions euros for the European society, considering both direct and
indirect costs (see Fig. 1.2).

The incidence of mental diseases like schizophrenia, or bipolar disorder, seems
to be fairly constant, i.e., between 1.5% and 3% of the population around the
world, whereas milder forms of mental disorder vary. Once again, the so-called
rich world is paying a high price, as these milder conditions affect about 20% of
the population.

The Organization for Economic Cooperation and Development reckons that
the direct and indirect costs of mental illness already exceed 4% of GDP in some
countries. The forecasts presented in Fig. 1.3 point out that brain diseases are
likely to become one of the main causes of economic output loss in the next 20
years.

There are cases in which patients themselves can consider psychological suf-
fering as an unacceptable condition of living. In some european countries, where
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Figure 1.2: Estimated cost of brain disorders in Europe in billion of euros. The mean cost
per capita is estimated at 1550 euros [Olesen 12].

Figure 1.3: Forecasts loss of output caused by non-communicable diseases worldwide,
2011-2030. Sources: World Economic Forum; Harvard School of Public Health; Mental
Health Atlas; World Health Organization; The Economist.
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euthanasia is legally accepted, mental disorders of patients that are not terminally
ill can be a valid reason for requesting it. According to a recent report based on
data related to Flanders [Thienpont 15], during the last years euthanasia has been
requested by patiens with depressive and bipolar disorders, anxiety, Asperger’s
syndrome, post traumatic stress disorder, or a combination of those.

Although these pathologies have a name, and can be diagnosed, their origin
remains unfortunately unclear, as the underlying physiological processes leading
to them have not been understood yet. A vast literature is available about studies
on animals whose brain structures are similar to the human ones, like the macaque
(see e.g. [Croxson 05]). Not surprisingly, differences exist also, and the extrapola-
tion of findings across species is not always possible.

Despite the fact that the human central nervous system (CNS) has been studied
ever since antiquity, the way it works remains largely unknown. Evidence suggests
that its complexity rests not particularly in the diversity of the single nerve cells,
but rather in the way these are connected. Extensive efforts are therefore needed
to fully understand its functioning, at cellular as well at system level, with the
goal of preventing, detecting at early stage, and finding effective treatments for
brain-related problems and pathologies.

1.2 Brain studies

Nowadays advanced techniques are available, which are facilitating the dissection
and the further direct observation of brain anatomy, and the investigation of its
architecture (see Fig. 1.4), revealing more and more exquisite details about little-
understood and devastating conditions, from Parkinson’s disease to Alzheimer’s
and multiple sclerosis. By collecting information about different pathologies and
lesions in deceased people, the knowledge can be used to diagnose problems in
living people [Kretzschmar 09] shortening the gap between histologic and in-vivo
studies.

Nonetheless, identifying those problems in living patients requires a way to
access their CNS. While direct inspection via surgery involves a certain amount of
risk for the patients, non-invasive procedures can be safely adopted to investigate
the presence of a problem. Different imaging techniques have been developed
or adapted to study the human brain, among which Magnetic Resonance Imag-
ing (MRI) and Diffusion Weighted Magnetic Resonance Imaging (DW-MRI) are
widely used. The benefits that these new medical technologies are bringing to the
healthcare sector are undeniable. Diffusion MRI technique revolutionised the ex-
amination and management of patients with brain ischemia at first. Afterwards, it
was found to be effective in the monitoring of liver, breast, and prostate cancers,
as summarized by Le Bihan [Le Bihan 14] and lately, its potential in the study of
the anatomical brain connectivity, development, aging, and plasticity was uncov-
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Figure 1.4: Coronal post mortem brain slice. Section was made and photographed by Dr.
Bruce Crawford and Kurt McBurney at the University of Victoria. The image is licensed
under the Creative Commons CC BY-NC-SA 2.5 License.

ered [Le Bihan 12]. Recent findings include white matter alterations in patients
with bipolar [Barysheva 13] or personality disorder [Whalley 15].

Despite its important role in diagnostic and medical practice, diffusion MRI
techniques still suffer from limitations at different stages, ranging from data ac-
quisition to their processing and interpretation, which are yet to be fully under-
stood [Tournier 11].

This thesis is about processing of diffusion MR images: we study the effect of
imaging artifacts on biological markers derived from diffusion MRI data, and we
develop phantom brain data to investigate the performance of techniques widely
used in the investigation of the human central nervous system. We hope that by
addressing important challenges in the field, this work will contribute to solving
open problems in diffusion MRI for human brain research.

1.3 Brain imaging techniques

Recent technological advancements enabled studying the human body in vivo and
non invasively. Among those, we find brain imaging, or neuroimaging, which is
actually an umbrella term including a variety of techniques to image either the
structure or the function of specific regions of the CNS.

This is a relatively new discipline, that can be divided into two main categories.
Structural imaging primarily deals with the structure of the nervous system, and the
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diagnosis of gross (large scale) intracranial disease (such as tumors), and injuries.
On the other hand, functional imaging is currently used to diagnose metabolic dis-
eases, and lesions on a finer scale (for instance, the ones caused by Alzheimer’s
disease) and it seems also the most promising technique for neurological and cog-
nitive psychologic investigation, as well as for building brain-computer interfaces.

The two imaging modalities can be combined: in biology, a good knowledge of
the structures is always important to interpret functional data. In the specific case
of the human brain, for instance, a deeper knowledge of the anatomical connec-
tions in the brain might add information on the propagation times between active
foci, and therefore it would be particularly useful to explore synchronizations be-
tween cortical regions [Le Bihan 03].

One of the most common techniques for structural brain imaging is Magnetic
Resonance Imaging (MRI).

MRI uses a combination of magnetic fields and radio waves to produce high
quality, two dimensional (2D) or three dimensional (3D) images of nervous anatom-
ical structures. A number of different settings can be used with an MRI scanner,
leading to different imaging modalities. MR acquisition sequences are designed
to provide the desired contrast between tissues, and this contrast depends on the
intrinsic characteristics of the tissues, namely the longitudinal relaxation time, T1,
the transverse relaxation time, T2, and the proton density PD. Below, we list the
most common modalities:

• T1-weighted imaging: tissues with high fat content (e.g. white matter) ap-
pear bright, while compartments filled with water (e.g. cerebrospinal fluid)
appear dark. This image modality is mostly used for visualizing structural
brain anatomy.

• T2-weighted imaging: cerebrospinal fluid appears bright and tissues with
high fat content (e.g. white matter) appear dark. As many (but not all) le-
sions are associated with an increase in water content, the modality is helpful
for demonstrating pathology.

• PD-weighted imaging: cerebrospinal fluid has the highest proton density,
therefore it will appear bright. Gray matter is darker than cerebrospinal fluid
but, in turn, brighter than white matter.

• Fluid-attenuated inversion recovery (FLAIR) imaging: the signal coming
from cerebrospinal fluid is ideally null, and the contrast between white and
grey matter is minimal. This modality is mostly used for the evaluation of
white matter demyelination, for instance in identifying MS plaques.

The reader can perceive the difference between different MRI modalities, and
the respective tissue contrast, by visually comparing the pictures included in Fig. 1.5.
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Figure 1.5: MR scans of the brain of a single subject, obtained with different MRI contrast
modalities.

The modalities mentioned above provide 3D information about the brain struc-
tures. However, they do not provide information about the tissue organization. In
fact, cerebrospinal fluid (CSF) and gray matter (GM) cells exhibit random orienta-
tion, when imaged at the spatial resolution of few mm (the one currently achievable
with clinical MR scanners), whereas white matter (WM) is generally organized in
coherently oriented neuronal bundles, with a very complex geometrical configura-
tion.

One notable example of these WM structures is the corpus callosum, the largest
white matter structure in the brain. This commisural pathway of the brain has an
average thickness of around 6 mm, it has more than 200 millions of axons, and con-
nects the left and the right hemispheres of the brain facilitating inter hemispheric
communications. Surprisingly, the agenesis of this brain structure, which is a rare
condition, might still be associated with normal IQ, although social skills can be
compromised [Paul 04]. As every human tissue, the corpus callosum is rich in wa-
ter. The diffusion of water molecules in brain structures reflects interactions with
many obstacles, such as macromolecules, fibers, and membranes. Using diffusion
MRI, water diffusion patterns in the corpus callosum, and other WM structures,
can be used to indirectly reveal microscopic details about tissue orientation and
architecture, either normal or in a diseased state.

Discovered in the mid-1980s, Diffusion Weighted MRI (or DW-MRI) provides
information which can be used to estimate the path of WM structures. For each
voxel, the diffusion process can be modeled using e.g. tensors (see Fig. 1.6 for an
example), whose main orientation reveals the orientation of the underlying WM
bundle. Other models exist, which will be elucidated in the next chapters. Im-
portantly, these results are obtained from data acquired in-vivo and non-invasively.
Because of the fact that it reveals abnormalities in white matter structures, and
provides information about structural brain connectivity, the technique is rapidly
becoming a standard for studying white matter disorders. This is evident from
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Figure 1.6: White matter orientation elucidated with Diffusion MRI. Data acquired by the
Consortium of the Human Connectome Project - www.humanconnectomeproject.org

Figure 1.7: Diffusion MRI studies become more and more popular among the scientific
community. The plot shows the number of publications per year. To create this graph,
Google Scholar searches (Google, 2015) were performed on the sentence “diffusion MRI”
as a string, limiting the search results to single years.

Fig. 1.7, where we show a graph of historical data reporting the number of publi-
cations per year that relate to diffusion MRI.

In fact, diffusion MRI is now widely used in clinical research for the investiga-
tion of brain diseases and abnormalities. Acute ischemic lesions cause abnormal
diffusion, as brain tumors do. Diffusion-derived metrics are altered in patholog-
ical conditions: it has been proved that Alzheimer’s disease influences metrics
measured in the genu and splenium of the corpus callosum, while Amylotrophyc
Lateral Sclerosis alters metrics measured in the corticospinal tract.

Additionally, the ability to visualize anatomical pathways inside the brain,
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Figure 1.8: White matter architecture of a brain, estimated from Diffusion Spectrum Imag-
ing data. Courtesy of the Laboratory of Neuro Imaging and Martinos Center for Biomedical
Imaging, part of the Consortium of the Human Connectome Project.

the so-called “structural connectome” (see Fig. 1.8) on an individual basis has
emerged as a major breakthrough in neuroscience. Recently, the Human Con-
nectome Project (HCP) [Van Essen 12] has been initiated, which intends to use
also resting-state functional MRI to extract information about how different brain
regions interact. The target of the HCP Consortium is to acquire, process, and re-
lease for further studies, data from 1200 healthy adults, including 300 twin pairs.
This will open up the possibility to study brain structures and their relationship to
behaviour and heritability.

1.4 Questions we need to know more about

Signal attenuation due to water diffusion is measured inside the brain and this
attenuation varies according to the acquisition direction in WM regions. This result
is unquestionable, however many doubts related to the field have not found a clear
answer yet. What is the exact relationship between the signal clinically measured
and the biomarkers that can be estimated from it? What is the real benefit of using
the extra information obtained using WM fiber tractography? To which extent it
is possible to quantify brain connectivity? Our work investigated some of these
issues.

In order to understand whether a certain disease affects a specific WM struc-
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ture, it is useful to compare brain tissue biomarkers of healthy with those of un-
healthy subjects. If a group difference is found, then this information can be used
to estimate how likely it is that a new subject falls into one group or another one.
Some of these differences may be due to biological causes, whereas some of them
can be caused by imaging artifacts or noise. We therefore probed one source of
variance in biomarkers derived from diffusion MRI data, that is, the Gibbs ringing
artifact [Perrone 15].

The neuroscience community became also interested in investigating the pos-
sibility of looking at mental diseases as brain connectivity problems. In this sense
another major challenge rises, which is related to fiber tracking algorithms and
to the accuracy and precision that these methods can achieve in the estimation of
the path of WM bundles inside the brain. To this end, we developed ground-truth
data of adequate complexity and integrated into a brain-like anatomy, coined D-
BRAIN [Perrone 16].

A recent trend in neuroscience is the study of those brain connectivity patterns
with graph-theory methods. Brain networks can be computed from whole-brain
tractograms and functionally distinct GM regions, which are considered edges and
nodes of a graph, respectively. In this sense, the correct delineation of WM bun-
dles is as crucial as the correct segmentation of GM nodes. However, given the
limited spatial resolution and the complexity of our CNS, it is still unclear how
the fiber termination problem affects metrics derived from these brain networks.
In order to quantify this effect, we spent time investigating the issue by means of
an adequate amount of high resolution DW-MRI data and the pipelines commonly
used in clinical studies.

1.5 Organization of the thesis

We present below an overview of the content of the various chapters of this thesis,
which is organized in two main parts. The first part, composed by the first two
chapters, gives an introduction and some background on diffusion MRI. The sec-
ond part elaborates on the specific methods we developed, as well as on the data
analysis we performed to assess the validity of these methods.

• Chapter 2: Diffusion MRI and its applications. In this introductory chap-
ter, we explain the basic physical and mathematical concepts behind diffu-
sion MRI, illustrating the most important scalar measures that are related to
the diffusion tensor model. We also enumerate many scientific findings that
resulted in well-established clinical applications.

• Chapter 3: Diffusion MRI artefacts and limitations. In this introduc-
tory chapter, we draw attention to patient- and machine-related artefacts that
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are common in images acquired via diffusion MRI. We also underline the
limitations inherently associated with this brain imaging modality.

• Chapter 4: Gibbs ringing in diffusion MRI. In this chapter we focus on
our original research on the effect of Gibbs ringing artifact on diffusion MRI
metrics. We quantify biases that have been noticed, but not yet fully char-
acterized by the scientific community. Simulations are performed, based on
synthetic diffusion MRI data. Real data are also investigated and corrected
for the artifact, showing the positive impact of performing this step.

• Chapter 5: Diffusion MRI phantoms. This chapter addresses diffusion
MRI phantoms and presents our original research that led to the D-BRAIN
framework. Our method produces software phantoms with a high level of
complexity and a spatial architecture that resembles the one of a human
brain. Examples are given on how D-BRAIN data can be used. For research
in diffusion MRI processing, the availability of relevant synthetic data is
indispensable.

• Chapter 6: Connectivity metrics biases. This chapter presents our original
research on the influence of the volume of segmented GM parcels on esti-
mated properties of brain networks. As the limited spatial resolution may
lead to inaccuracies in tissue segments, we quantifiy the effects of this tissue
misclassification on connectivity metrics and advise care in their interpreta-
tion.

1.6 Novelties and contributions
The main novelties and contribution of this thesis follow:

• The systematic study and quantification of a resolution-related artifact, called
the Gibbs effect (GR), on DW-MRI markers of clinical use, together with a
correction technique useful in mitigating it [Perrone 15].

• A method for producing brain-like software DW-MRI phantoms of realistic
complexity, that can be used as a gold standard to investigate the problem
of voxel based, tract based, and whole-brain based white matter properties
estimation with respect to acquisition parameters [Perrone 16].

• The investigation of connectivity metrics with respect to the volume of seg-
mented GM parcels. Our findings indicate the presence of biases that might
confound the interpretation of results from connectivity studies.

• The investigation of partial volume effect on constrained spherical decon-
volution estimates [Roine 14] and a technique for improved estimation of
white matter orientation at WM-GM interface [Roine 15].
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In terms of publications, this work resulted so far in four journal publications [Per-
rone 15, Perrone 16, Roine 14, Roine 15] of which two as a first author. Next to
that, other publications were published in the proceedings of international peer-
reviewed conferences [Perrone 14, Perrone 12] while one abstract was presented
in a national conference [Perrone 11].
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2
Diffusion MRI and its applications

“As long as our brain is a mystery, the universe, the reflection of the
structure of the brain will also be a mystery.” - Santiago Ramon y
Cajal.

2.1 Introduction

Diffusion MRI is a particular MRI modality which is sensitive to local mobility
water molecules, providing images of unquestionable clinical value. About two-
thirds of the entire body of a human adult is composed of water. Soft tissues
like the human brain have an even higher water content, estimated to be nearly
90% [Le Bihan 07]. Being a very abundant molecule in the body, its presence
was exploited already in the seventies [Damadian 71] to probe living tissues non-
invasively with regular Magnetic Resonance Imaging (MRI).

Later, Le Bihan demonstrated that not only the presence of water, but also
one of its properties, i.e., its ability to diffuse in human tissues, can be imaged in
a reliable, reproducible way by means of single shot echo planar imaging (EPI)
[Turner 90]. Notably, he proved that diffusion in brain voxels with coherently
oriented white matter is geometrically anisotropic, when measured by means of a
diffusion weighted MRI protocol.

His seminal work made possible the ongoing clinical investigation of WM
structures in vivo. Later in 1994, together with Basser and Mattiello, he intro-
duced the diffusion tensor [Basser 94b] as a way to model anisotropic diffusion



in tissues. Afterwards, Basser and Pierpaoli [Basser 11] introduced the formal-
ism needed to extract tensor-related quantitative measures. These measures are
established indicators in the clinical analysis of diffusion MRI data sets to study
the features of the human brain. In this chapter, we first illustrate the concept of
water diffusion and Brownian motion from a physical point of view in section 2.2.
Secondly, we give a brief introduction on how diffusion MRI acquisition works
(section 2.3). Thirdly, we narrow our discussion down to water diffusion inside
human tissues and to the Apparent Diffusion Coefficient (ADC) (section 2.4). Af-
terwards, we illustrate how intra-voxel diffusion information can be modeled by
means of Diffusion Tensor Imaging (DTI) (section 2.5) and we will illustrate the
biomarkers that can be derived from the tensor model in section 2.6. We also il-
lustrate the concept of fiber tractography, which aims to reconstruct white matter
bundles in 3D, in section 2.7. Lastly, we highlight some clinical applications (sec-
tion 2.8) of the DTI approach, nowadays among the standard techniques to study
human brain features non-invasively.

2.2 Water diffusion: Brownian motion

In its solid form, water molecules are in a fixed, regular crystalline structure.
In its liquid form, its molecules will start to move constantly and in a random
fashion, because of thermal motion. This phenomenon was first described by
Brown [Brown 28] who observed with his microscope the movement of pollen
grains on the water surface. An easy way to visualize this Brownian motion is the
following: if a drop of ink is put into water at room temperature, ink molecules
will diffuse, because they are subject to the motion caused by collisions with water
molecules, and their position will continuously change with time. Suppose that the
ink drop is put into water at a certain spatial position x = 0 at time t = 0. Under
the assumption that the volume of water is infinitely big, ink molecules will diffuse
into water following an ideal random walk. A small number of random walks as a
function of time t is depicted in Fig. 2.1(a), representing the case of free diffusion.
Random walks of ink molecules are represented here in a mono dimensional way,
for convenience.

When a much bigger number on ink molecules is considered at a certain time
t, i.e., a bigger drop in our example, it is convenient to picture the molecules
position x using a probability density function (pdf). The observation of the pdf
as a function of the spatial position x, p(x), is Gaussian distributed, as pictured in
Fig. 2.1 (b), for some discrete times t. If we consider the volume of water to be of
finite dimension, e.g. the one that can be contained in a glass, the ink molecules
of the drop in the example will continue to diffuse up to the point that the related
p(x) will become uniformly distributed.

In general, diffusion is a function of time. For the case of free diffusion, Ein-
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Figure 2.1: Monodimensional random walks: spatial position of single ink molecules dif-
fusing into water (left) is pictured as a function of time (middle). Right: continuous prob-
ability density function of the ensamble of ink molecules corresponding to some dicrete
times. Note that the pdf has a Gaussian profile.

stein [Einstein 05] wrote the closed form equation for the mean squared displace-
ment of the ensamble as

〈
x2
〉
= nDΔ (2.1)

In the equation above,
〈
x2
〉

is the mean squared displacement of particles
during a diffusion timeΔ, while D is the diffusion coefficient, and n relates to the
dimensionality of the problem under analysis (n is 2 for one dimension, 4 for two
dimensions, and 6 for 3 dimensions). The diffusion coefficientD of water in water
at 25˚ celsius was measured for the first time by James and McDonald [James 69]
who reported a value of 2.35± 0.10× 10−5 [cm2s-1]. In an unconstrained volume
of water, diffusion is an isotropic process, i.e., without any preferential direction,
so it can be described using the scalar D only.

2.3 How to image water position, and its diffusion?

In this subsection, we just give a brief overview of the ideas behind diffusion MRI.
Water is a very simple molecule, as it is composed by just one oxygen and two
hydrogen atoms, as pictured in Fig. 2.2. The hydrogen nuclei of this molecule
have a non-zero spin, i.e., they have a magnetic moment. Given the presence of a
sufficiently strong external magnetic fieldB0, the magnetic moment of these spins
will align with the direction of the external field. Next, a radiofrequency pulse can
be applied, which alters the alignment of the spins magnetization. When this pulse
is turned off, those spins will start to precess and to go back to the equilibrium state
inducing a time-varying magnetic field M0, which will be present in the excited
volume for a short while before decaying. However, as this induce a time-varying
voltage in the receiver coils, thisM0 is actually measurable.
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Figure 2.2: Schematic representation of a water molecule. The absence of a mirror simme-
try in this molecule creates a permanent dipole moment.

Figure 2.3: Non-invasive brain imaging via Magnetic Resonance Imaging. Different tissue
types can be distinguished by imaging their intrinsic proton density.

This is the basic principle exploited by Magnetic Resonance Imaging (MRI)
and related techniques, including diffusion MRI. The interested reader is referred
to [Liang 00] for a complete description of MRI principles.

Human tissues are characterized by a variable amount of water. This is also the
case for the brain, where the characteristic amount of water in e.g. white matter
(WM) is lower than in grey matter (GM). This is the actual source of tissue contrast
in MR imaging. A typical MR image from phantom D-BRAIN data [Perrone 16]
is shown here in Fig. 2.3, in which WM, GM, and the cerebrospinal fluid (CSF)
can be recognized because of their different intensity values. The receiver coils
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Figure 2.4: MRI spatial encoding. Different spatial locations are distinguished by means
of a frequency and phase encoding.

measure a signal which represents the overall net magnetization of the water vol-
ume present in the so called field of view (FOV) of the MRI machine. Therefore,
a spatially varying magnetic gradient is added, with the goal of “encoding” differ-
ent spatial locations in the FOV. If a different frequency label is used for different
spatial locations, then the magnetization contribution coming from specific voxels
can be identified and assigned to the correct spatial location. A schematic repre-
sentation of the encoding performed by a (2D) MR imaging sequence is shown in
Fig. 2.4. The values of the measured signal are organized in a coordinate system
known as k-space. The image can be reconstructed afterwards by means of the
Fourier transform.

In the case of diffusion MRI, these gradients are used to make the received
signal sensitive to the amount of diffusion occurring in the tissue. The first experi-
ments in this sense were performed by Stejskal and Tanner [Stejskal 65], who used
a spin-echo T2-weighted pulse sequence, with two extra gradient pulses equal in
magnitude but opposite in direction. To measure the rate of diffusion along one
direction, say the x direction, these two extra gradients are equal in magnitude but
opposite in direction for all points at the same x location. If a voxel of tissue con-
tains water that has no net movement in the x direction, the two balanced gradients
cancel each other out, and the resultant signal intensity is equal to the one of an
image obtained without the DW gradients. Instead, the signal intensity changes
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if diffusion is present, as we show for a typical pulsed-gradient spin-echo (PGSE)
sequence in Fig. 2.5.

The water dipoles, here referred to as spins, are first tilted with respect to the
external magnetic fieldB0 by means of a 90° RF signal. Secondly, a diffusion gra-
dient is applied, that dephases these spins, such that a position-dipendend phase
shift is applied to the dipoles. Afterwards, a 180° RF pulse is applied, reversing
the phase shift applied with the dephasing gradient. In this way, when the second
gradient pulse is applied, the “rephasing” one, spins are driven to return to the
initial phase. This implies that a certain net magnetization M1 can be measured,
in case no diffusion has occurred. However, if diffusion is present, spins are not
anymore in their original spatial position because of the random walks described
in section 2.2. Part of the signal measured in a voxel will come from dipoles that
were previously in another spatial location, with a different encoding. The result-
ing destructive interference will lead to a measured net magnetization M2 lower
than M1 (that is, the case with no diffusion). Fig. 2.5 illustrates how diffusion
weighted attenuation measurements are obtained with the PGSE sequence. These
net magnetizations can be visualized afterwards as the intensity values Ii of a 2D
image, and the normalized diffusion weighted attenuation can be computed as

A =
M2

M1
=
I2
I1

= exp(−bD) (2.2)

In the equation above, M1 is the non-DW signal, M2 is the DW signal, b is
a scanner attenuation coefficient (more detail in next section, eq. 2.4) and D is
the diffusivity coefficient. Just like in the example of section 2.2, D is a scalar
in the case diffusion is measured within a homogeneous mean (consisting of dry
glicerol in the case of Stejskal and Tanner [Stejskal 65]). In human tissues of
course D will vary depending on the diffusion time and on the spatial position of
the measurement.

2.4 Diffusion in the presence of obstacles

The principles explained in the previous sections have been successfully applied
to the clinical study of human living tissues, given the high concentration of water
within them. However, when water is confined in a tissue, the free diffusion model
is clearly inaccurate, as tissues are characterized by specific cellular organization
and diffusion is a three-dimensional process. The presence of structural hindrances
will therefore influence the way molecular diffusion occurs. In the case the cells
of the tissue are randomly oriented, the normalized diffusion one may measure
at macroscopic scale will still follow a single exponential (Gaussian) distribution,
and the complete diffusion process can be described by a single scalar, as in the
previous sections. But, unlike the free diffusion case, the diffusion coefficient D
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Figure 2.5: Schematic illustration of the diffusion weighted imaging sequence. An attenu-
ation is measured in tissues where the diffusion process takes place.

will appear to be lower this time (see Fig. 2.6). For human brain studies, this was
reported in [Le Bihan 86], where the term Apparent Diffusion Coefficient (ADC)
first appeared. An isotropic ADC is observed in cerebrospinal fluid (CSF) and, at
macroscopic scale, also in grey matter (GM).

The ADC is an indirect observation of the features of the imaged tissue, and
it reflects its geometrical properties, although the exact contribution of all the el-
ements involved in the process is not entirely clear. In the case of living human
tissues, the diffusion coefficient at body temperature is about 1 × 103 mm2s-1,
and clinical diffusion MRI imaging time is around 50 ms [Le Bihan 07]. From
equation 2.1 we can derive that, for such a time interval, the particle diffusion dis-
placement will not exceed 10 μm for about two thirds of the excited water volume.
In the particular case of brain imaging, histology reveals that the central nervous
system (CNS) is mainly made up by neurons, whose body and dendrites stays in
grey matter (GM) and whose axons compose the white matter (WM). There are
of course vascular capillaries, and the so-called extra-axonal space, likened to a
foam [Nicholson 98]. Neurons have an elongated structure: their axons can be
several centimeters longwhile their diameter varies from less than 1μm up to few
μm. Given that the order of magnitude of the diffusion we want to measure is very
similar to the one of the brain cells, one can understand why it has been coined
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Figure 2.6: Isotropic diffusion: water in water vs. water in randomly structured tissue. The
presence of barriers influence water molecules diffusion, lowering the speed of the diffusion
process.

“apparent” [Le Bihan 86] diffusion coefficient: while diffusing, water actually in-
teracts with all these components, that hamper the spins diffusion process [Le Bi-
han 13].

The diffusion speed in human tissue is two to ten times lower than the free
diffusion case [Le Bihan 07]. At the resolution currently achievable with clinical
diffusion MRI sequences, which is around 2 × 2 × 2 mm3, neurons in GM tis-
sue appear to be randomly oriented, and the overall diffusion process is isotropic,
whereas the tissue structure is different for WM. Major WM tracts, i.e., neuronal
tissue coherently oriented and arranged in thicker bundles, exceed the size of a
single voxel and are therefore suitable for diffusion imaging studies. The observa-
tion of spins diffusion provides information on the obstacles encountered during
their displacement, like axons orientation and cells size. The estimates currently
achiavable are a gross average of the underlying diffusion, as the resolution of
our measurement is in the order of the millimeters, while the complex process we
would like to picture actually happens at micrometer scale. Even in these adverse
conditions, one established conclusion achieved with diffusion MRI was that dif-
fusion in the direction of the bundles is higher than in the perpendicular direction,
and that the measured diffusion in WM is anisotropic. A simplified schematic
of the diffusion process in WM is depicted in Fig. 2.7 for a diffusivity parallel
and perpendicular, respectively, to a WM bundle. In these pictures, green lines
indicate the extra-axonal spin diffusion process, while dashed blue lines indicate
intra-axonal diffusion in WM.
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Figure 2.7: Left: parallel diffusivity, with substantial homogeneity of hindered and re-
stricted diffusion. Right: perpendicular diffusivity. Hindered and restricted diffusion are
heterogeneus.

The method to measure the apparent diffusion coefficient (ADC, in eq. 2.3) in
the brain was first experimented by [Le Bihan 86], and the model used to fit the
diffusion attenuation A was an exponential one:

A =
I2
I1

= exp(−bADC) (2.3)

In the equation above, I2 and I1 are the intensities measured using two diffu-
sion weighting sequences that differ only for the diffusion strenght applied, and b
is the difference between the two diffusion gradient strengths, that is called b-value
(named after Denis Le “B”-ihan). The b-value is actually a shorthand notation, in-
cluding all the factors deriving from the DW MRI acquisition sequence. For the
pulse gradient spin-echo (PGSE) sequence experiment, designed by Stejskal and
Tanner [Stejskal 65], is related to various parameters as follows:

b = γ2G2δ2
(
∆− δ

3

)
(2.4)

In the equation above, γ the gyromagnetic ratio of the hydrogen, G the am-
plitude of the magnetic field gradient pulse, and δ and ∆ are their duration and
temporal separation, respectively. In Fig. 2.8 we show images acquired with a
diffusion weighted sequence (left), a baseline MRI sequence (middle), and the
corresponding ADC map (right). WM bundles sensitization to specific gradient
orientations is clearly revealed in ADC maps, whose intensities represent quanti-
tative diffusivity information of the brain tissue.
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Figure 2.8: Diffusion weighted (left) and anatomical (middle) and MR images. On the
right, the corresponding ADC map are shown. They quantify the regional diffusivity ob-
served applying specific gradient directions.
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Figure 2.9: Diffusion-driven attenuation measured by means of Diffusion MRI. The mea-
sured diffusion attenuation can be fitted to a 3D array, i.e., the diffusion tensor ellipsoid.

2.5 Diffusion tensor imaging

The ADC is a scalar value, but research showed it to change according to the dif-
fusion gradient direction in WM (see e.g. [Doran 90]). This effect is attributed to
restricted diffusion within white matter. Although this conclusion is only partially
true, it was demonstrated that a sufficiently accurate distinction among different
neuronal bundles could be made according to the anisotropic information com-
ing from DW MR images, sowing the seed of non-invasive brain investigation.
As WM bundles are differently oriented in 3D space, diffusion MRI techniques
are able to reveal this orientation in vivo. Given the nature of Brownian motion
we illustrated in section 2.2, a single exponential was first proposed to model the
acquired data, as we picture in Fig. 2.9.

The diffusion tensor formalism is introduced in 1994 by [Basser 94b], with
the following equation describing the normalized diffusion attenuation related to a
specific voxel r:

A(r) =
Sk(r)

S0(r)
= exp(−bD(r)) (2.5)

where D(r) is the diffusion tensor. The tensor is geometrically interpretable
as an ellipsoid while, mathematically, it is described by a 3×3 matrix

D(r) =

 Dxx(r) Dyx(r) Dzx(r)
Dxy(r) Dyy(r) Dyz(r)
Dxz(r) Dyz(r) Dzz(r)

 (2.6)

The matrix is diagonalizable, i.e.,D(r) = E(r)−1Λ(r)E(r), withE(r) con-
taining the eigenvectors, i.e. E(r) =

[
e1 e2 e3

]
, and Λ(r) the eigenvalues
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Figure 2.10: A diffusion tensor estimated from DWI data. The tensor framework allows to
estimate anisotropic diffusivity along the tissue principal axes; these axes are independent
from the scanner coordinate system.

resulting from its diagonalization [Hasan 01]. The matrix Λ(r) is therefore a diag-
onal one:

Λ(r) =

 λ1(r) 0 0
0 λ2(r) 0
0 0 λ3(r)

 (2.7)

As an example, we picture a diffusion tensor estimated from real data, and its
eigenvectors in Fig. 2.10, where the magnitude of each eigenvector represents the
associated eigenvalue. One of the advantages of this model is that the eigenvector
corresponding to the biggest eigenvalue (i.e., the maximum element in the matrix
Λ(r)) defines the principal WM fiber axis. Additionally, the ellipsoid has useful
physical interpretations, which we will discuss in section 2.6. The tensor matrix is
also symmetric,D(r) =D(r))T (such that e.g. Dxy(r) = Dyx(r) in eq. 2.6).

Having only six unknowns variables, its estimation theoretically requires only
6 diffusion weighted measurements, plus the baseline intensity for the normal-
ization (as from equation 2.5). However, because of noise in the measurements,
a more precise estimation can be obtained adding diffusion measurements and
overdetermining the system of equations [Papadakis 99]. Using Monte Carlo
simulations, Jones [Jones 04a] demostrated that noise-robust estimation of tensor
anisotropy and tensor main direction requires the sampling from 20 and 30 non-
collinear gradient directions, respectively, therefore providing a useful guideline
for accurate clinical studies. When the tensor field is computed all over the FOV,
the advantages of the tensor approach become visually evident. As an example, we
show in Fig. 2.11 the tensor field computed from a diffusion weighted MR dataset,
superimposed on a T2 weighted MR image. As said, anisotropy is mainly observed
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in WM tissue, that appears to be darker in T2 weighted imaging modality, while
tensors are oriented accordingly to the WM bundle dominant directions in a voxel.
In picture 2.11, we used the conventional DTI color encoding: the directions per-
pendicular to the coronal, sagittal and axial planes are represented in green, red
and blue respectively, to improve the visibility of different WM orientations.

2.6 Tensor derived measures
The attractiveness of DTI lies in the fact that the tensor is a simple yet effective
model, as its parameters describe intrinsic features of tissue microstructure. The
tensor eigenvalues λ1, λ2, λ3 obtained by the diagonalization of D represent esti-
mates of the spins diffusivity in three principal directions. Eigenvalues are quanti-
tative measures, and independent on the scanner coordinate system. Most impor-
tantly, these are physically meaningful quantities, as they relate to the amount of
diffusion in a voxel. For instance if one considers a voxel traversed by a single
WM bundle, the following situation should be expected: λ1 � λ2 , λ1 � λ3 , λ2
≈ λ3 . One can therefore define the axial diffusivity (AD) and radial diffusivity
(RD):

AD = λ1 (2.8)

RD =
λ2 + λ3

2
(2.9)

The work of Basser and Pierpaoli [Basser 11] explicitely focused on the goal
of finding objective, coordinate-insensitive biomarkers derived from the tensor. In
this subsection, we report some of their findings. In the following notation, the
spatial position r is dropped for convenience.

The trace is a straightforward measure that one can derive from a tensor:

Trace(D) = Dxx +Dyy +Dzz (2.10)

The eigenvalues of D, i.e., λ1, λ2, λ3, correspond to the diffusivities in the
principal directions. From the trace, one can easily derive the mean diffusivity
(MD) which is therefore a measure of tensor isotropy.

MD = 〈D〉 = Trace(D)

3
=
Dxx +Dyy +Dzz

3
=
λ1 + λ2 + λ3

3
= λ (2.11)

Given the very high water content, CSF has usually a higher MD than other
brain tissues. Besides the characterization of tensor isotropy, measures of anisotropy
have been proposed, like the relative anisotropy (RA) and the fractional anisotropy
(FA):
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Figure 2.11: Anatomical MR image with superimposed diffusion tensors reveal WM ori-
entation (top). Bottom: magnification on a crossing fibers area. A diffusion MRI expert can
recognize some structure, e.g. the bundle traversing the genu of the corpus callosum. . Ten-
sors whose main orientation is along the coronal, sagittal and axial planes are represented
in green, red and blue respectively.
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RA =

√
var(λ)

E(λ)
(2.12)

FA =

√
3

2

√
(λ1 − E(λ))2 + (λ2 − E(λ))2 + (λ3 − E(λ))2√

λ21 + λ22 + λ23

(2.13)

As FA maps were found to offer a higher robustness to noise if compared to
RA maps (see the analytical study of [Hasan 04]), FA became the standard index of
anisotropy in diffusion MRI. FA has values that vary between zero and one, zero
indicates substantially isotropic diffusion, while values closer to one are present
in voxels that image coherently oriented neuronal pathways. Westin [Westin 02]
introduced additional measures for highlighting the geometrical properties of ten-
sors, these are obtained by computing the linear (CL), planar (CP) and spherical
(CS) components of a tensor:

CL =
λ1 − λ2

λ1 + λ2 + λ3
(2.14)

CP =
2(λ2 − λ3)
λ1 + λ2 + λ3

(2.15)

CS =
3λ3

λ1 + λ2 + λ3
(2.16)

Westin measures interpretation follows: in brain regions where CL is high,
there is also a high probability of having a dominant fiber tract passing through
those voxels. On the contrary, partial voluming or crossing fibers are likely to be
present in white matter regions with high CP or CS.

2.7 Fiber Tractography
Anisotropic diffusion is observed in voxels picturing coherently oriented structures
like WM bundles. As seen, this information is available as sampled on a discrete
grid, while the underlying WM structures are continuous. Histology studies reveal
that they bend, fan, and split in a complex way. The target of fiber tractography
(FT) is to smoothly connect those voxels that are thought to belong to the same
WM tract by data post processing, virtually reconstructing the WM bundles. The
idea was first proposed by Basser et al. [Basser 94a], and gave birth to a family of
techniques, coined fiber tractography, that was pioneered by Basser [Basser 00],
Mori [Mori 00], and Jones [Jones 99b].

The basic idea behind diffusion tractography is the establishment of continu-
ous paths in regions where a main diffusion direction exists and is well defined,
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Figure 2.12: An overview of tensor-related biomarkers brain maps. DTI metrics: Fractional
Anisotropy (FA), Mean Diffusivity (MD), Axial Diffusivity (AD) and Radial Diffusivity
(RD). Westin measures: Linear Component (CL), Planar Component (CP) and Spherical
Component (CS).
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drawing a connection between adjacent voxels whose tensor shows an anisotropy
compatible with the presence of a WM bundle. In classic tensor tractography, a
streamline is started in each voxel centroid, which is called the seed point, and
bidirectionally propagated along the eigenvector for which the diffusion tensor
shows the biggest anisotropy. The propagation of the streamline continues, seg-
ment by segment, connecting adjacent voxels, until some termination criterion is
met. Typical criteria are a very low fractional anisotropy, revealing the presence
of GM or CSF, or a sharp curvature for the streamline, a hard threshold set on its
turning angle to avoid unrealistic paths like U-turns. The lenght of each of these
segments, coined step-size, is normally user-defined, and set to a value equal to
or lower than the voxel side, such as the curvature of a bundles can be followed
more accurately. In Fig. 2.13 we show a portion of the cortico-spinal tract, just an
example of tractography estimate from real human diffusion MRI data.

In general, FT parameters may have to be adapted to the specific dataset, not
only because of non-uniform data quality, but also because inter-subject variability
of diffusivity features. Also, these parameters might be study-specific. The delin-
eation of tracts known to show prominent directional turning, such as the Meyer
loop, could need a wider threshold on the maximum turning angle allowed in the
FT step. On the other hand, this may have adverse consequences on bundles that
follow a linear geometry, like the splenium of the corpus callosum, allowing spu-
rious fibers in the output tractogram.

While we explained here the main idea behind tractography, many variations
of this early approach have been proposed, accounting for crossing fibers (see,
e.g., [Hagmann 04]), or incorporating prior knowledge about WM structures (as
attempted by [Huang 04,Cheng 06]), or taking into account the uncertainty on the
principal directions due to noise (pioneered by [Behrens 03b, Parker 03]). Addi-
tionally, it is difficult to identify the exact location where streamlines should stop.
An option consists in constraining the FT process into WM-only regions, using a
thresholded FA map as a WM presence indicator. Other approaches use volume
fraction maps estimated from high-resolution anatomical images to delineate tis-
sue edges, as recently proposed by [Smith 12]. The seeding strategy has also an
influence on FT outputs, as investigated by [Cote 13, Smith 15, Girard 15].

DTI-based reconstructions of some major WM bundle are in good agreement
with observations from postmortem histologic studies: a large number of WM
fasciculi are shown in the work of Catani et al. [Catani 02] or Stieltjes et al. [Stielt-
jes 01], faithful to the classic description of neuroanatomy that have previously
been documented by invasive means. It goes without saying that virtual dissection
of WM bundles requires a detailed knowledge of the human brain anatomy, which
is not accessible to all. To this end, Catani [Catani 08] made available delineation
guidelines and an atlas of WM tracts, that can be used to become acquainted with
this practice. Anyways, one has to bear in mind that quantities derived from whole-
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Figure 2.13: Sagittal FA map estimated from high resolution data (left). Middle: FA
map with superimposed diffusion tensor field. Right: streamlines following the path of
the cortico-spinal tract are estimated via a deterministic fiber tractography algorithm, using
the information coming from the tensor field.

brain FT algorithms have to be carefully interpreted. Although we can calculate
the route of least hindrance to diffusion, we actually can not state with confidence
whether this path corresponds to a real connection between a certain region and
another region [Jbabdi 11].

2.8 Applications

In general, DTI has been used to investigate two main fields, namely brain ab-
normalities and brain development. Concerning the first application, a number of
important studies have been published. As said, a tensor-derived biomarker is the
trace, the sum of the three eigenvalues, which has been shown to be uniform in
the parenchyma [Pierpaoli 96] for b-values lower than 1500 s/mm2. Early clin-
ical studies identified acute ischemic lesions causing abnormal diffusion search-
ing for abnormalities in the trace map [Lythgoe 97], as well as in regular diffu-
sion weighted images (see Fig. 2.15). The ADC can be used in the detection of
brain tumors [Castillo 01]. Additionally, Alzheimer’s disease was found to influ-
ence ADC values in the genu and splenium of the corpus callosum [Hanyu 99].
An increased MD and decreased FA was found in the corticospinal tract of pa-
tients affected by Amylotrophyc Lateral Sclerosis [Toosy 03]. Concerning Multi-
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Figure 2.14: Anatomically accurate WM bundles as depicted in the work of Catani
[Catani 08]. Row (a): the fornix. Row (b): the corticospinal tract. Row (c): projections of
the Corpus Callosum.

ple Sclerosis lesions, the tensor trace is shown to be less sensitive than FA [Wer-
ring 99]. Yoshikawa et al. [Yoshikawa 04] found a reduced FA in the striatal cir-
cuits for patients affected by Parkinson’s Disease. A reduced FA was also found
in the cerebello-thalamo-corticocerebellar loop in patients affected by Essential
Tremor [Shin 08].

Diffusion MRI has been used also to monitor the response of patients affected
by brain cancer to radiation therapy, but the findings are controversial: in [Mar-
dor 01], authors found an after-treatment decreased ADC in brain regions affected
by tumors of patients who underwent therapy. However, a following study [Mar-
dor 03] showed an increased after-treatment ADC for subjects who were respond-
ing to treatment, compared to the ones who were not. A relevant literature exists
also for abnormalities caused by schizophrenia.

With DTI, the scentific community gained also new insigths in the study of
brain development. Callosal fibers of the splenium become visible in directionally
encoded fiber orientation (DEC) maps already at 18 weeks gestation age [Ren 06].
Given the larger extracellular space in the unmielinated, undeveloped brain, its
MD is about the double than the one of a brain of an adult, as reported in [En-
gelbrecht 02] and an increasing anisotropy and a decreasing MD is observed with
respect to aging in prenatal subjects [Righini 03]. Studies have been performed to
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search for a correlation between diffusivity properties and cognitive performances:
in [Beaulieu 05], for instance, young subjects with better reading abilities showed
a higher FA in the medial corticospinal tract. A decreased isotropy in the subcor-
tical WM was reported by [Bhagat 04] for elderly subjects, compared to younger
ones. Regarding WM lesions, these are often seen to occur locally.

Fiber tractography is currently the only technique able to trace WM pathways
in a living human brain, and requires an amount of data that can be acquired in
minutes, raising the opportunity of novel clinical investigation approaches. In fact,
tractography-based studies can add specificity to clinical research questions. In
[Concha 05], abnormal diffusivity was observed along the cingulum and the fornix
for patients with temporal lobe epilepsy. Lin et al. [Lin 05] found differences in
the ADC measured along the corpus callosum and the pyramidal tract between
patients and controls. Abnormalities within the uncinate fasciculus, cingulum,
and arcuate fasciculus are the most frequent positive findings in schizophrenia
studies [Kubicki 07]. Brain development studies can also benefit from additional
information coming from tractography, as demonstrated in [Partridge 04].

In general, the ability to differentiate between lesioned WM pathways and
healthy ones can help in e.g. understanding the development of a disease, or in
targeting surgical interventions. In cancer surgery, for instance, there is a need to
balance the maximum surgical resection on one side and the maximum preserva-
tion of function on the other. The awareness of the localisation of some myelinated
fibres with respect to a cerebral tumour is therefore of utmost importance.

2.9 Conclusions
Diffusion MRI is a powerful method for detecting microscopic differences in tis-
sue properties, and DTI is certainly a sensitive marker of neuropathology. Many
research studies have reported reduced FA estimates for a broad spectrum of dis-
eases. Other DTI metrics are more and more often investigated, and tractography
and connectivity mapping hold great promise for studies of brain development.
The combination of DTI with other imaging techniques may reveal the pathologic
basis for specific diseases, such that results may be interpreted with greater speci-
ficity. Being a unique technique for the in vivo study of human brain, diffusion
MRI is currently a very active field of research, both in terms of technical devel-
opment and of its clinical applications. Nonetheless, it has pitfalls and technical
limitations that we discuss in the next chapter.
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Figure 2.15: The diffusion-weighted image clearly shows a bright signal (shaded in red)
corresponding to cell swelling in the tissue undergoing acute ischemia. Image taken from
Rosso et al. [Rosso 09].
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3
Diffusion MRI artefacts and limitations

“The greater the obstacle, the more glory in overcoming it.” - Molière

3.1 Introduction

The diffusion metrics we reported in the previous chapter are quantitative, and
successfully used for clinical purposes. However their estimation - and therefore,
their interpretation - can be challenging because of problems in the acquisition
step. Apart from that, there are fundamental limitations of diffusion MRI that we
will clarify in this chapter. So after explaining why and how diffusion MRI can
be used to gain insights and enrich our knowledge about the human brain, we will
illustrate its most common pitfalls, together with the acquisition-related problems
that influence the quality of estimates obtained from real data. For instance, from
the point of statistical analysis, it is important to know the effect of artifacts on
estimated metrics. Also, it is important to realize that most of these metrics are
extracted from models used to approximate diffusion, and not from the diffusion
process itself. This process takes place in a very complex, partially unknown envi-
ronment, hence the interpretation of the measured signal can be very challenging.
In this chapter, therefore, we describe a number of artifacts, related to Eddy cur-
rents (section 3.2), motion (section 3.3), noise (section 3.4), limited spatial resolu-
tion (section 3.5), together with the pitfalls of diffusion models (section 3.6) and
Fiber Tractography (FT) algorithms (section 3.7).

For more details, and additional examples of confounding factors, the inter-



ested reader is referred to more extensive analyses like [Le Bihan 06, Jones 10,
Tournier 11, Jbabdi 11, Jones 13] and the references cited therein.

3.2 Artefacts: Eddy currents

In the previous chapter we explained that the magnetic gradients are the key com-
ponents of a diffusion-sensitized MRI acquisition. As these gradients vary with
the time, electric currents (or Eddy currents) are induced in nearby conductors,
which will generate unwanted local magnetic fields. However, conventional MRI
acquisitions are fast, and gradients are applied for a very short time, so the quick
rising and the consecutive falling edge of the gradient pulse will lead to interfer-
ence self-cancellation. On the other hand, the gradients used in diffusion MRI are
usually much stronger, and need to be applied for much longer time, due to the
limited gradient power available on clinical machines. In this case, Eddy currents
are no longer self-compensated, and their effect becomes non-negligible. These
currents can originate in any conductive part of the MRI scanner, and scale up
with the strength of the gradient pulses. As a result, geometrical distortions are
induced in the DW images, that can be stretched, compressed, and sheared.

An example of Eddy currents induced distortion on simulated D-BRAIN data
[Perrone 16] can be seen in Fig. 3.1. Despite the artifact typically appears as a
rim of high FA along the phase-encoded direction, its effect is distributed all over
the FOV, potentially introducing unwanted variability in DWI derived metrics. Al-
though effective strategies exist to correct for these distortions (e.g. [Jezzard 98]),
the robustness of the acquisition step can be improved by using screened-hardware
components [Mansfield 86], or ad-hoc gradient shapes that compensate for the un-
desired magnetic fields [Ahn 91] or better designed acquisition sequences, like the
twice-refocused EPI sequence [Reese 03].

3.3 Artefacts: Motion

Motion is another major problem leading to degraded diffusivity estimates, in par-
ticular patient motion. Standard clinical MR scanners are nowadays equipped with
fast acquisition sequences (like the EPI sequence, that has been designed in order
to run in about 100 ms), and parallel imaging has been introduced, that further
shortens acquisition time. However, an appropriate characterization of the intra-
voxel diffusivity leads to the need of acquiring an increased number of diffusion
weighted images. This need arises due to the wish to investigate diffusivity prop-
erties at multiple b-values, or at a desired higher angular resolution.

Under these circumstances, inevitable patient motion becomes relatively im-
portant, and registration steps are needed, to align the entire dataset before further
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Figure 3.1: Eddy current distortions can be revealed by the FA map. Left: an artifact free
FA map. Right: artefactually high fractional anisotropy at the FA map borders is seen (white
arrows), due to image compression caused by Eddy currents.

data processing. Effective methods exist that perform rigid image translations or
rotations (see e.g. [Mangin 02,Rohde 04] among others). These techniques correct
for the artifact, however a simple spatial registration step is not sufficient in diffu-
sion MRI. As these are direction-sensitive images, the gradient directions have to
be rotated also, for a correct estimation of both scalar and orientational diffusivity
features. As demonstrated by [Leemans 09b], neglecting the gradient rotation step
introduces biases that may depend on the FA, on the MD, and on the orientation of
the underlying tissue in a complex way. Also, it goes without saying that inaccu-
rate estimation of the tensor first eigenvector would heavily influence the outcomes
of applications like fiber tractography [Basser 00]. We show the effect of patient
head rotation on D-BRAIN data [Perrone 16] using direction-encoded color maps
(DEC maps) in Fig. 3.2. On the left, we picture the correct DEC map. On the right,
the DEC map estimated from images that have been corrected for patient motion:
major differences in the DEC map appear, as incorrect directions are encoded in
the b-matrix used for the estimation of the principal orientations.

Even without patient motion, physiological motion due to e.g. breathing, or
cardiac pulsation, is inevitable. Cardiac pulsation can heavily modify tissue diffu-
sivity estimated in specific brain regions (like the brainstem, or the CSF) and its
adverse consequences have been documented elsewhere [Pierpaoli 03]. To avoid
this artifact, gated acquisitions should be performed instead, albeit at the price
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Figure 3.2: Diffusion MRI acquisition with simulated head rotation around one axis. Left:
DEC map with correctly oriented b-matrix. Right: the effect of neglecting the b-matrix
rotation step to correct for the patient motion, with main diffusion directions artefactually
altered. In the center, magnification on the region of the superior longitudinal fasciculus for
both cases, for which the color shift is clear.

of an increased acquisition time. In addition to that, outlier rejection based ten-
sor estimators (among these techniques we cite RESTORE [Chang 05] , REKIN-
DLE [Tax 15] and IRLLS [Collier 15]) can further help in excluding artefactual
signal dropouts due to motion issues in an automatic way. Finally, vibrations of
the MRI scanner itself might cause signal loss [Gallichan 10], complicating the
interpretation of diffusion MRI data.

3.4 Artefacts: Noise

One key problem in diffusion MRI acquisitions is noise, a term that groups a va-
riety of unwanted differences between the measured and the actual signal. As an
example, we cite the thermal noise originating from random fluctuations of the
electrons in the receiving coil.

The perturbations observed in MR images are the effect of noise coming from
the imaging system as a whole, where each component introduces some kind of
uncertainty in the measured signal. These fluctuations lead to noise that can be well
modeled as additive white Gaussian, independent from the signal and identically
distributed. However, MRI acquisitions are performed in the frequency domain,
the so-called k-space, and produce a complex signal that has to be converted into
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Figure 3.3: The signal dependency of noise samples in MR imaging. Simulated acquisition
with SNR = 10. The distribution of the background samples follows a Rayleigh probabil-
ity density function (top right) while a Gaussian distribution is observed on white matter
samples (bottom right).

a real one for visualization and processing purposes. This is normally obtained
taking the magnitude of the complex signal, an operation that makes the noise
signal-dependent.

For moderate-to-high signal-to-noise (SNR) ratios, noise is still well approxi-
mated by a Gaussian distribution, as depicted in Fig. 3.3 for D-BRAIN data [Per-
rone 16]. However, for SNR lower than 3 [Gudbjartsson 95], the assumption of
Gaussianity does not hold, and dedicated estimators are needed to infer reliable
conclusions from the acquired data. In the case of a single coil acquisition, the
noise tends rather to become Rician distributed, with a Rayleigh distribution of
samples in the background (i.e., where the signal is zero, Fig. 3.3). In the case
of faster, multiple coil imaging systems, a generalized Rayleigh distribution have
to be considered instead. An excellent overview of noise modeling, and param-
eter estimation for MR imaging systems can be found in the recent work of Den
Dekker and Sijbers [den Dekker 14].

Diffusion MRI acquisitions are exquisitely sensitive to noise: the reason for
that is the signal attenuation caused by the diffusion of the spins, which is the
quantity that one wants to measure leads to inherently lower SNR images. This
introduces a signal-dependent bias [Burdette 01] that depends on the gradient di-
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rection, in the case of anisotropic tissues. Noise levels on DWI are difficult to
predict, depending also on the spatial resolution, because of the number of spins
contained per voxel contributing to the signal formation. Additionally, higher b-
values are desirable to enhance the contrast between different diffusion weighted
directions: while the contrast improves, the measured signal will have lower inten-
sity, in absolute value.

Noise complicates the tensor estimation step, as shown by Jones and Basser
[Jones 04b] who investigated the effect of noise on diffusivity measures using
Monte Carlo simulation. They proved that the error introduced in tensor-derived
metrics depends also on the estimation technique, quantifying the advantage of
using non-linear fitting methods over linear ones. In fact, linear estimators fit the
tensor to log-transformed diffusion images, however in the logarithmic domain,
noise is heteroscedastic. In their work, an artefactual increase in FA estimates is
shown for simulated prolate tensors, when the noise level increases. We replicated
it using realistic phantom data, showing the effect of noise on D-BRAIN FA maps
in Fig. 3.4. Although the region highlighted is known to be highly anisotropic, we
show that part of this anisotropy is due to the bias introduced by noise.

Nonlinear estimators should be preferred, if possible, at the price of a con-
siderably longer computational time. Weighted linear estimators represent a good
compromise between quality and algorithmic complexity, however their accuracy
strongly depends on the selected weight terms [Veraart 13b]. Also, as we ex-
plained in the previous chapter, the diffusion tensor is symmetric positive definite.
This prior knowledge has been used to put forward constrained tensor estimators,
that force tensors to have positive eigenvalues. A comparison of performance be-
tween unconstrained and constrained diffusion tensor estimation techniques can
be found in the works of Koay et al. [Koay 06b, Koay 06a].

The possibility to post-process the tensor field (i.e., tensor field regularization)
has been explored [Poupon 00, Castano-Moraga 07], however errors are induced
which cannot be recovered by regularization of the tensor field only [Jones 04b].
A more appropriate way to improve the robustness of estimates is to perform noise
removal, a (pre) processing step in the image domain, using the local or non-local
redundancy in those images. Denoising strategies like isotropic Gaussian filtering
can mitigate noise, however they also smooth edges, introducing gross errors at
tissue interfaces. Also, a Gaussian filtering step does not attempt to correct for
the Rician bias, whose adverse effect can be tackled using, e.g., the wavelet-based
method proposed by [Pizurica 03] or the methods included in [Pizurica 06]. Al-
ternative strategies have been developed, like the Perona-Malik filter [Perona 90],
the adaptive anisotropic noise filtering method of Sijbers et al. [Sijbers 99], the
total variation minimization approach [McGraw 04] and, more recently, the lin-
ear minimum mean square error filtering approach [Aja-Fernández 08] and the
Wiener filtering with Rician bias correction [Martín-Fernández 09], among others.
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Figure 3.4: The effect of noise on diffusion tensor derived measures. We show FA maps
computed from diffusion MR images with SNR = 40 (right) and SNR = 10 (left). Ground
truth FA for the callosal region in the yellow circle is 0.75 ± 0.015 (mean and standard
deviation).

Besides the use of a correct noise model, another effective idea is to exploit the
joint information in the different DWI volumes as proposed by Tristan-Vega and
Aja-Fernandez in [Tristan-Vega 10].

3.5 Artefacts: Limited resolution

Intra-tissue partial volume effect

In diffusion MRI, the spatial resolution clinically achievable is limited, and of-
ten sacrificed for a better angular resolution, or a higher SNR. This creates the
problem of intra-tissue partial volume effect, that particularly matters for the WM
regions. The intensity values provided by MR scanners relate to the entire water
volume in a voxel, i.e., they represent the average contribution of the diffusivity
observed in that voxel. Thick fiber bundles may traverse a spatial location, strongly
contributing to the signal formation and therefore hiding the presence of thinner
bundles [Heidemann 12]. This makes hard to detect and distinguish different white
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Figure 3.5: Fibers crossing at 90°. Disc-shaped diffusion tensors are observed in the cross-
ing area, as the tensor model fails to properly describe the acquired data.

matter pathways.
Additionally, while crossing fibers areas are known to exist in human brain,

they cannot be characterized properly with a simple tensor: in Fig. 3.5, we pic-
ture how the model fails in describing the diffusion signal coming from two fiber
populations crossing at 90°. Having only one principal eigenvector, the single
tensor is simply unfit to describe multiple fiber populations. Subsequently, tensor-
related biomarkers are not reliable in these regions, and alternative approaches are
needed. A lot of research has been therefore devoted on more accurate ways to
estimate complex diffusion MRI signals coming from crossing fibers areas, using
approaches like multi-tensor [Tuch 02], Q-ball [Tuch 04], persistent angular struc-
ture (PAS) [Jansons 03] or spherical deconvolution [Tournier 04a, Tournier 07].
In [Panagiotaki 12], the fitting performance of a mixture of different models was
performed, across different b-values and diffusion times, in order to investigate the
possibility to describe in a unique, analytical way the WM diffusion signal, inde-
pendently from the attenuation strength or the diffusion time. However, a more
recent paper [Ferizi 15] shows that various models can have good performances
for different scanner settings, and no single model emerges as clear winner. Any-
ways, effective methods exist to resolve multiple fibers in a voxel: in Fig. 3.6,
we show as an example how a spherical harmonics based method (CSD, Tournier
et al. [Tournier 07]) can separate the contributions coming from three different
bundles in phantom D-BRAIN data.

Despite models that can accomodate for two or more fiber orientations have
been developed, the resolution constraint remains a clear problem for diffusion
MRI studies, and especially for the so-called "connectomics", that is, the study
of the complete wiring system of the brain [Hagmann 07, Rubinov 10]. In fact,
complex fiber configurations are present in most of the white matter [Jeurissen 13].
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Figure 3.6: Intra voxel diffusivity estimation in realistic phantom data. Diffusion tensors
(DT) do not reflect correctly the underlying bundle distribution. On the other hand, fiber
orientation density functions estimated with Constrained Spherical Deconvolution (CSD)
can capture the presence of multiple fiber populations. Bottom: the crossing area of three
well known WM bundles, i.e., the corpus callosum, the corticospinal tracts and the superior
longitudinal fasciculus, revealed by CSD.
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Figure 3.7: Example of fiber bundles arranged in a different way (left: kissing, bending, and
fanning) or with different relative positions (right: "T","L", and "+") that generate the same
diffusion profile. Although CSD estimates correctly indicate the main diffusion directions,
the information about the real fiber configuration or relative position of bundles is lost.

And neuronal bundles in a voxel may not just cross, but also bend, merge, kiss, or
fan. Additionally, it is impossible to recover the relative positioning of bundles
inside a voxel: this type of information is lost after the sampling step. In Fig.
3.7, we depict examples of different bundle arrangements: CSD can recover the
fiber main orientations, however limitations are present due to the symmetry of
the diffusion process and to the spatial resolution, as each of the configurations we
show leads to the same estimate. A resolution enhancement is the most appropriate
way to deal with this problem, albeit at the price of a lower SNR, albeit methods
for computing high-resolution diffusion parameters from a set of low-resolution
DW images exist (see [Van Steenkiste 16]). Recent research has been devoted to
the problem of fanning fibers [Sotiropoulos 12], and attempts have been made to
study fiber dispersion [Zhang 12], however these methods are not widely used for
ongoing clinical investigations as they are relatively new and additional validation
would be needed.
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Figure 3.8: Left: the MR scanner grid is spatially aligned with the tissue boundaries. Right:
the misalignment between the acquisition grid and the tissue boundaries leads to partial
volume effect for voxels in which a mixture of tissues is present.

Inter-tissues partial volume effect

The 2D acquisition sequences implemented in an MRI scanner sample the contin-
uous volume in the FOV in a discrete way. This inevitably causes partial volume
effect (PVE) at tissue boundaries, i.e., there will be samples containing signal
contributions of different tissues, as depicted in Fig. 3.8. In fact, relatively large
voxels can contain information coming from a mixture of e.g. WM and CSF,
and in this case WM diffusivity will be overestimated, while anisotropy underes-
timated. A thorough investigation of inter tissue PVE can be found in [Alexan-
der 01, Vos 11]. To overcome the problem of contamination between WM and
CSF signals, typical of the periventricular regions, fluid-attenuated inversion re-
covery diffusion-weighted imaging (FLAIR-DTI, [Papadakis 02]) has been pro-
posed, that suppresses the signal from CSF at the price of a lower SNR acquisition
and of an increased scan time. Alternatively, multi-tissue models (e.g., [Paster-
nak 09, Roine 15]) can be effectively used to extract anisotropic information from
the measured diffusion, by separating the different tissues contribution. An im-
proved precision in WM fiber orientation estimates at tissue interfaces was re-
ported in the work of Jeurissen et al. [Jeurissen 14] where CSD was adapted to
work with data acquired at multiple b-values.

Gibbs ringing

Because of the specific way MR imaging is performed, i.e., in frequency domain,
the limited resolution is responsible for the Gibbs effect. The Gibbs effect is an
artifact that manifests itself in the form of intensity oscillations: although these
oscillations are more pronounced close to image edges, the effect is distributed all
over the FOV. We simulated it in Fig. 3.9 for Shepp-Logan phantom data. In fact,
the scanning step acquires a finite number of frequency samples of a signal that is

45



not bandlimited, implicitly zeroing the high frequency fourier components of the
signal (Fig. 3.9, middle row). The sharp discontinuity in the frequency coefficients
amplitude leads to Gibbs effect in the reconstructed image.

While the decay of the high frequency coefficients can be forced to reach zero
in smoother ways, e.g. using a low pass filter (Fig. 3.9, bottom row), this implies
a further attenuation, and therefore a deliberate modification, of high frequency
samples that carry information about subtle details. While a low pass filter reduces
the Gibbs artifact, the side effect is the introduction of blurring at tissue bound-
aries. Historically, this blurring has been tolerated, but it is still undesirable. The
effect of Gibbs artifact on diffusion MRI derived quantities has been mostly ig-
nored by the diffusion MRI scientific community. However awareness has been
raised on the adverse consequences of the artifact on biomarkers of clinical in-
terest [Tournier 11]. Moreover, recent research quantified its impact on diffusion
tensor and kurtosis metrics, also proposing a method to mitigate it [Perrone 15].
This topic, which represents a fundamental part of our research, will be covered
in depth in the next chapter. In Fig. 3.10 we picture DW-MRI D-BRAIN data at
two different resolutions, showing that both partial volume effect and Gibbs effect
distort tensor-derived biomarkers.

3.6 Limitations: Diffusion models

By picturing spin diffusion, one wants actually to infer information about the en-
vironment in which the process is happening. Voxels in which a single, coherent
WM bundle is present exhibit a diffusion signal that is well approximated by the
widely used tensor, if measured by means of a low diffusion gradient. However,
obtaining reproducible diffusion-derived metrics might be a challenge even in the
case of an acquisition repeated on the same subject [Vollmar 10]. This is a very
important problem which has limited, to date, the validity of diffusion MRI as a di-
agnostic tool. Additionally, when a b-value higher than about 1000 s/mm2 is used,
the measured attenuation diverges from the one predicted by the tensor model.
The problem was reported by Assaf and Cohen [Assaf 98, Assaf 04], who also
observed a dependency of the ADC values on the diffusion time. They hypothe-
sized that this phenomenon was due to the presence of intracellular and extracel-
lular water, causing restricted and hindered diffusion respectively, and proposed a
multivariate Gaussian distribution to model the signal attenuation. While a multi-
variate Gaussian model holds in the long diffusion time regime [Sukstanskii 04],
the parameters for this model change, probably due to the high permeability of cell
membranes in the brain [Le Bihan 07]: the proposed interpretation might be only
partially correct.

The need to use a model for estimating intra-voxel diffusivity features is gener-
ally advantageous because it requires a relatively small number of measurements,
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Figure 3.9: Simulated MRI acquisitions. Top row: fully sampled acquisition (frequency
coefficients) of the Shepp-Logan phantom. Middle row: suppression of highest frequencies
in order to simulate an incomplete sampling. After the inverse fourier transform (IFT),
oscillations are visible close to image edges (white arrows). Bottom row: the effect of
isotropic Gaussian filtering. The Gibbs effect is mitigated, at the price of introducing blurred
edges (white arrows).
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Figure 3.10: Resolution related problems in diffusion MRI. Going from a high resolution
(top) to a low resolution (bottom) acquisition means introducing partial volume effects and
Gibbs artifacts in the images, which in turn introduce distorsions into diffusivity metrics. In
the cyan circles, the effect of pure partial voluming on FA and MD. In the red circles, the
effect of both partial voluming and Gibbs artifact on MD and FA.

i.e., a number equal or higher than the number of parameters to be estimated.
However, good models are based on prior knowlegde of the process to be mod-
eled, which is not yet completely understood in our case, as said. Assumptions
commonly used in practice might not always hold, leading to inaccuracies in esti-
mating diffusivity within a voxel.

On the other hand, model-free approaches could be used, where diffusion
is measured in a more continuous way, for many directions and across the b-
value spectrum, such as in the diffusion spectrum imaging (DSI) method proposed
by [Wedeen 00]. The clear gain of DSI over DTI is that the interpolation following
this dense sampling will represent much more accurately the true spin displace-
ment. Unfortunately, DSI is extremely demanding in terms of acquisition time,
which makes it impractical for clinical studies. DSI acquisition protocols typi-
cally require around 500 diffusion measurements, and a total scan time of about
30 minutes, therefore they are more prone to motion artifacts. Because of the
much higher number of measurements, spatial resolution of DSI scans is generally
lower than the one of DTI scans. Considerable research has still to be done to
identify whether or not it is better to have better spatial resolution or better reso-
lution of the true diffusion PDF. And lastly, it remains an open question whether
DSI techniques could offer a substantial contribution to clinical research: while re-
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producibility has been studied comprehensively for DTI, few studies consider this
topic for DSI. And there is still substantial work to be done to develop an accepted
metric that contracts information into a single number, like FA.

To date, a good compromise between DTI and DSI seems to be the diffusion
kurtosis (DK) method proposed by Jensen et al. [Jensen 05]. DKI takes into ac-
count departures from the Gaussianity in an efficient way, including an excess
kurtosis term to capture deviations from the DTI model. DKI provides a superior
fitting performance over DTI, which is observed for higher b-values, as we pic-
tured in Fig. 3.11. Interestingly, Veraart et al. [Veraart 11a] reported an improved
estimation of DT parameters via DK dataset processing. If compared to DSI, DK
imaging is more acceptable in terms of acquisition requirements: for each direc-
tion, the signal attenuation has to be measured for a minimum of two different
b-values plus the anatomical acquisition, simply doubling the number of acqui-
sitions needed for regular DTI. Importantly, the diffusion kurtosis ODF is able to
resolve crossing fibers inside a voxel and, as such, significantly enhances DT-based
WM tractography [Glenn 15].

Recently, interesting clinical applications have emerged: in [Van Cauter 12],
DK metrics were found to be more sensitive and specific in differentiating high-
grade from low-grade gliomas, compared to diffusion parameters (like MD and
FA) or conventional image features. Also, Wang et al. [Wang 11] investigated
the use of DKI in Parkinson disease, finding a statistically significant increase in
kurtosis derived metrics in the putamen and the substantia nigra of patients with
Parkinson, in comparison with the control group. It has been hypothesized that
higher kurtosis values imply the presence of more impediments to diffusion, and
therefore greater complexity within the imaged voxels. However, given the math-
ematical complexity of a 4-th order tensor, interpretation of the single elements of
it has to be explored yet.

3.7 Limitations: Fiber tractography

Fiber tractography (FT) opened up the potential to visualize WM bundles inside
the human brain, and study its connectivity fingerprint, across subjects and over
time. Although often combined with the diffusion tensor model, FT algorithms
can be used in combination with any diffusion model. The technique has been
used used to extract a specific pathway, and then to calculate diffusion measures
along that pathway [Berman 05, Jones 06]. Values provided by the tractography
algorithms have been used to study brain diseases and disorders [Ciccarelli 06].

There is no doubt that estimated streamlines are able to trace the path of real
WM bundles, helping in the non-invasive delineation of major WM bundles, and
allowing to study tract-specific biomarker properties or changes. However, the
outcomes of FT are mostly qualitative, and should be analyzed with great care, be-
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Figure 3.11: The normalized diffusivity attenuation measured in a tissue can be approx-
imated with a mono-exponential decay, hence with DTI, only for relatively low b-values.
However, the tensor model is insufficient for higher attenuation strenghts, while DKI is
more effective in fitting the measured diffusivity. The signal attenuation is presented on a
logarithmic scale.

50



cause of a number of limitations that have to be addressed yet. First and foremost,
FT is able to trace the route of lowest hindrance to diffusion, which does not nec-
essarily correspond to the route of axons. Additionally, all the problems that affect
regular DWI analyses and that were mentioned in the previous sections also affect
FT analyses. Tract-related biomarkers are seen to vary because of inter-tissue par-
tial volume effect [Vos 11], or because of Gibbs ringing effect [Perrone 15], with
intra-tissue partial volume effect hiding subtle WM bundles [Heidemann 12].

When fiber tractography is used, additional problems must be considered. For
instance, a well known limitation of FT outcomes is the impossibility to charac-
terize bundle polarity. Diffusion MRI measurements are directionally symmetric,
so afferent and efferent fibers can not be distinguished [Jbabdi 11]. This kind of
problem is impossible to solve with diffusion MRI only, and it could be addressed
only by coupling it with other imaging modalities. To make things more chal-
lenging, intra-voxel diffusion estimates are symmetric, whereas fiber tractography
estimates might not be, as their trajectory depends on the starting point of the
streamline. A streamline initiated in voxel A may propagate and reach a certain
voxel B, however if voxel B is set as a starting point for FT, the streamline might
be propagated through a completely different path, ending in voxel C as showed in
Fig. 3.12.

Classic DT tractography uses a number of criteria for path tracing, that have to
be carefully adjusted, as this is the way to impose the prior knowledge we have on
reconstructed streamlines. WM voxels are usually identified using an FA mask that
is calculated from the data, to determine weather or not a streamline propagation
should be initiated in a voxel. Despite being widely used, this strategy introduces
a bias: a longer bundle (traversing more voxels) will contain more seed points,
if compared to a shorter one, and therefore by a higher number of streamlines.
We depict this in the toy example of Fig. 3.13. It is clear that, while both path 1
and path 2 connect region A and region B, the number of streamlines estimated
for each path is biased by the seeding strategy, and it has therefore a debatable
biological meaning. Curiously, terms like "connectivity strength" or "white matter
integrity" are - perhaps too often - used in association with streamline counting, as
also recently remarked by Jones [Jones 13]. Attempts to correct for this kind of FT
bias has been recently investigated by Smith [Smith 13] and Girard [Girard 14].

Also, regular DT tractography draws streamlines following the directions in-
dicated by the tensor field, which is subject to inaccuracies introduced by noise.
With diffusion tensor MRI, we always get an estimate of the main tensor direction
in anisotropic tissue. However, there is no indication on how precise this estimate
is. This is very important in applications like streamline tractography: once the
streamline is started from a voxel, and it is propagated step by step across the ten-
sor field, the error on the estimated path will accumulate. The ground-truth straight
path we show in Fig. 3.14, top, will correspond to one of the several estimates in
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Figure 3.12: Reconstructed streamlines dependance on FT seed point. A streamline ini-
tiated in voxel A reaches voxel B, however if the starting point is voxel B the streamline
is propagated through a different path, ending in voxel C. Seed points are indicated by the
colored arrows.

Figure 3.13: Seeding bias of classic DT-based fiber tractography. The number of stream-
lines traversing path 1 and path 2 are different due to the seeding strategy.
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Figure 3.14: The effect of noise on diffusion tensor streamline estimates. Seed point for
tractography is indicated with a white circle, and streamlines are colored in green. Top:
ground-truth streamline. Bottom: streamlines estimated from noisy data (25 noise realiza-
tions for an SNR=10). Because of noise-induced errors on each tensor main direction, these
streamlines diverge from the ground-truth as errors are accumulated along the path.

the bottom picture, depending on the specific noise realization. And trajectories
emanating from adjacent seed points that are apparently in the same fiber bundle
might execute different paths, reducing the repeatability of tractography.

Ideally, two different DT-MRI measurements within the same subject should
produce similar results. However, even in the ideal case of two identical acquisi-
tions, i.e., same hardware, same subject, and same acquisition sequence, estimated
streamlines might be different because of noise. So theoretically, data could be ac-
quired multiple times and tractography could be executed on those data. By gath-
ering the different outcomes, establishing a statistic for the estimated streamlines
becomes possible. In practice, this approach is very time consuming. Therefore
probabilistic tractography has been designed: it takes in account the uncertainty
on the tensor first eigenvector, and quantifies how confident one can be that a
certain streamline effectively runs between the seed point and each of the con-
secutive voxel. The "wild bootstrap" method proposed in [Jones 08] approaches
the problem by randomly permuting the residuals to the fitted model, the diffu-
sion tensor for instance, and uses these residuals to create many more "new" DWI
datasets. This way, one can use those to obtain a measure of uncertainty for the
entire tensor field, and run tractography obtaining e.g. maps where a fiber count
index is assigned to each voxel. While paths with a higher fiber count index can
be interpreted as being more reproducible, they might not represent real anatomic
pathways [Jones 05]. Another class of tractography algorithms makes use of pri-
ors to build Bayesian frameworks, based on models for both signal and noise, and
computes posterior probability density functions for those (see, e.g., [Kaden 07]).

Both approaches we described are eventually based on the assumption of a
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known model for WM diffusivity that is, in fact, still unknown (see section 3.6). So
while the problem of processing noisy data might be mitigated, poor data modeling
or systematic errors in the data will heavily affect the outcome of deterministic
as well as probabilistic tractography. In the case of probabilistic tractography,
very reproducible tracts will still be obtained (high precision), however these tracts
might be anatomically inaccurate [Jones 05].

Finally, validation of FT estimates within a brain remains a major challenge.
The data resolution is very coarse compared to the neuron size. Therefore vali-
dation of WM paths estimated via diffusion MRI could be done only for thicker
bundles, and through methods like neuronal tracing. However, these methods are
very invasive, and not suitable for in-vivo human studies. Therefore a number of
studies have been devoted to the production of ground-truth data, in search of a
"gold standard" for tractography. We will address the problem in a next chapter as
it represents a fundamental part of our research.

3.8 Conclusions
In this chapter, we assembled a number of reported artifacts and pitfalls that can
confound the analysis of diffusion MRI data. The goal is not to convey the idea that
the pipeline for diffusion MRI data analysis is not robust, or unreliable. We rather
pointed out well known problems, such that artifact-robust data can be obtained,
and sound interpretations can be made. With diffusion MRI, we do measure a
signal change when a motion-sensitizing gradient is applied along a given axis.
But the conclusions that can be drawn from it are dependent on the quality of the
model, and the quality of the data. There are many mechanisms by which the
diffusion weighted signal can be modulated, some of them are known, but some
others have still to be discovered. Challenges arise, due to its specific imaging
artifacts (e.g., the Gibbs ringing artifact, to which the next chapter is devoted) and
the complexity of brain tissues themselves, that includes the effect of myelination
degree, axon density, axon diameter, or permeability of the membranes on the
signal.
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4
Gibbs ringing in Diffusion MRI

“If in other sciences we should arrive at certainty without doubt and
truth without error, it behooves us to place the foundations of knowl-
edge in mathematics.” - Roger Bacon

4.1 Introduction

In the previous chapters, we introduced the basic ideas behind diffusion MRI, and
we enumerated successful applications as well as the most known limitations that
characterize the technique. In this PhD research, much attention has been devoted
to investigate an artifact that has been mostly overlooked by the diffusion MRI
community, i.e., the Gibbs artifact. In our recent work [Perrone 15], we demon-
strated that Gibbs Ringing (GR) effect actually biases diffusion tensor and kurtosis
metrics, and correction techniques have to be considered before proceeding with
voxel-based or tract-based analyses. In this chapter, we first illustrate the cause of
the artifact from an analytical perspective in section 4.2. Secondly, in section 4.3,
we revise the relevant literature on Gibbs artifact in diffusion MRI. Thirdly, in sec-
tion 4.4, we illustrate a method used to identify Gibbs artifacts in DW-MRI data.
In section 4.5, we quantify the distortion introduced by the artifact on a simulated
WM-GM edge. Afterwards, we describe in section 4.6 an efficient GR correction
method for MRI data, and how we estimated the optimal correction parameter for
different realistic acquisition settings. In section 4.7, we actually investigate the
effect of correcting for GR artifacts in real DW-MRI data, and we conclude the



chapter in section 4.8.

4.2 A mathematical look at Gibbs artifact
We previously described the acquisition of MR images, which is performed in the
frequency domain: spatial locations are encoded as frequency and phase differ-
ences in the MR signal. For the purpose of visualization, and further processing,
this information has to be reconstructed into an image. In MRI, Fourier reconstruc-
tion is commonly used, based on the Fourier inversion theory. Theoretically, infi-
nite frequency points ρ(k) sampled across the continuous spectrum k are needed
to reconstruct the image values s(x) at each spatial location x, using the inverse
Fourier transform:

s(x) =
´ +∞
−∞ ρ(k)e(i2πkx) dk.

However, real MRI scanners perform discrete acquisitions, that is, frequency
coefficients are acquired at a certain frequency step ∆k. The discretized version
of the image s(x) can be written as:

s̃(x) = ∆k
+∞∑

n=−∞
ρ(n∆k)e(i2πn∆kx) .

Of course, because of hardware constraints, only a finite number N of coeffi-
cients can be acquired, therefore our image domain signal becomes:

s̃(x) = ∆k
N−1∑
n=−N

ρ(n∆k)e(i2πn∆kx) .

This expression is exact if and only if all the frequency components with
|n| > N are zero, which is unfortunately not true in the case of an image with
a finite extension. However, if s(x) has continuous derivatives up to the order
p, the difference ||s̃(x) − s(x)|| will approach zero as fast as 1

Np+1 does. For a
sufficiently high sampling rate, this expression represents the discrete and alias-
free image, s̃(x), whose values converge to the original image for each x ∈
FOV =

[
− 1

2∆k ,
1

2∆k

]
if s(x) is continuous and smooth, or to s(x+)+s(x−)

2 if
s(x) is piecewise-continuous with step discontinuities. Since a few tissue classes
are present in the human brain, the image we want to reconstruct is piecewise-
continuous with step discontinuities, so the convergence of the Fourier series close
to the discontinuity points will be abnormal.

As an example, in Fig. 4.1 we show how to reconstruct a square wave with an
increasing number N of Fourier harmonics. While this is an illustrative example,
the reader can easily extend it to the 2D/3D case. It can be noticed that the global
approximation error becomes smaller as N increases. However, this happens only
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Figure 4.1: Approximation of a square wave with an increasing number N of harmonics.
As the number of harmonics used rises, the global approximation error is reduced, but the
overshoot and the undershoot (arrows) close to the edge don’t fade away.
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away from the discontinuity while, close to the discontinuity, the oscillations re-
main. These residual oscillations close to edges are due to the Gibbs effect. It can
be shown [Liang 92] that this effect has two properties: first, the maximum depar-
ture from the ground-truth intensity happens for the undershoots and overshoots
closest to the discontinuity, with a value of about 9% of the intensity discontinuity.
Secondly, the number of oscillation per voxel, which is a function of the acquired
data points only, increases as N increases, which is the reason why, in practice,
the spurious ringing does not cover an appreciable distance in the Fourier recon-
struction and become visually negligible when a large number of data points is
collected, i.e., the resolution is increased.

Depending on the hardware features, and the acquisition sequence used, re-
questing a higher spatial resolution (i.e., a larger number of data points N ) may
result in an overall increased noise level in the image, as the extra details of interest
one would like to acquire are actually strongly altered by noise (see the toy exam-
ple in Fig. 4.2). In the case of typical MRI data, the MRI sample corresponding
to a higher frequency will have a lower power, while the noise power is constant
all over the spectrum [Fuderer 88]. Within a clinical imaging time, there is a trade
off between SNR and resolution if the acquisition time is kept constant. This is
particularly true for diffusion MR imaging, where multiple direction-sensitized
acquisitions are acquired for each brain slice, while the overall acquisition time
has to be kept limited to ensure the comfort of the patient. It is therefore unavoid-
able that non-negligible Gibbs ringing artifacts are encountered in diffusion MRI
data.

4.3 Gibbs effect and diffusion MRI

The effect of Gibbs ringing oscillations between CSF and other brain tissues was
first noticed to affect diffusivity estimates by Barker et al. [Barker 01]. In their
work, the authors observed that it was not possible to determine physically re-
alistic diffusion tensors when the diffusion-weighted signal intensity exceeds the
intensity of the signal measured for b = 0. The conclusion was reached qual-
itatively, by visually comparing intensities measured for attenuations of b = 0

and b = 700 s/mm2 in two similar WM voxels at the CSF-tissue boundary, and
observing the resulting estimates.

The same conclusion is drawn in [Tournier 11], where the authors also propose
a binary map containing the location of Physically Implausible Signals, i.e., voxels
in which at least one diffusion-weighted intensity is higher than the intensity mea-
sured for b = 0 leading to tensor negative eigenvalues. This is of course implau-
sible because setting a b ≥ 0 leads to a signal attenuation. Negative eigenvalues
can be caused by noise in the data as well; however, the spatial correspondence of
these Physically Implausible Signals (PIS) with the pronounced signal attenuation

58



Figure 4.2: Log-log plot of the radially-averaged power spectral density (PSD) against the
number of acquired samples for a typical MRI image. Depending on the hardware charac-
teristics and the acquisition sequence, some high frequency components of this illustrative
MRI signal fall below the noise floor and do not contain any useful information (area shaded
by red dots).

observed in the b = 0 images at tissue boundaries suggested a causal relationship
between the two phenomena.

To our knowledge, these papers are the only formerly published works that
mention the topic, covering it in a qualitative way. Following the results published
in our paper [Perrone 15], we will evaluate the impact of Gibbs effect in a quanti-
tative way in the next sections.

4.4 Identifying Gibbs effect in DW data

The performance of inter-subject statistical analyses is subject to the potential bi-
ases that are present in the data. Recognizing - and correcting for - these biases is a
crucial step to get meaningful results. Physiological noise fluctuations due to car-
diac pulsation for respiratory motion, for instance, could mimic the signal intensity
undershoots in WM tissue near the ventricular regions [Walker 11]. However, as
we showed also Gibbs ringing introduces distortions in diffusivity estimates, it is
important to understand how it influences those estimates quantitatively. It is im-
portant to identify the introduced distortion in the first place. To do so, we exploit
the Stejskal-Tanner equation [Stejskal 65]:
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Figure 4.3: Top row: sagittally acquired DW data. Bottom row: axially acquired DW
data. Hyperintense points on the FA maps (red points, left column) indicate the Physically
Implausible Signals. These are often seen around the ventricular perimeter, in spatial agree-
ment with signal artefactual attenuation on the caused by the Gibbs effect in the b = 0
images (right column) and, in general, at CSF-tissue interface. This is indicated with ar-
rows.
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Sk = S−bkD0

In the equation above,D represents the apparent diffusion coefficient, and bk is
the associated diffusion weighting for acquiring the diffusion-weighted image Sk,
which is an attenuated version of a T2-weighted image S0. It is therefore evident
that S0 > Sk for bk > 0 s/mm2 and D > 0 mm2/s (here, subscript k is the index
number for the DW images). More generally, Sn > Sm if bn < bm for any given
diffusion gradient orientation.

Hence, for data points that do not obey this inequality, the measurements are
inconsistent. This inconsistency can be mainly attributed to artifacts which are not
related to noise. In order to visualize these data points, a PIS map can be defined
as:

PIS(r) =

{
1 if ∃n, ∃m : Sn(r) < Sm(r) with bn < bm
0 otherwise

While PIS = 1 values may theoretically originate from different types of
artifacts, such as cardiac pulsation, a very specific pattern typically emerges in
the PIS map if GR artifacts are present, in practice. These PIS(r) = 1 will be
observed mostly at the interface between CSF and brain tissue, especially around
the ventricular regions. By overlaying this PIS map on a diffusion measure of
interest, such as the FA in Fig. 4.3, the context and origin of the artifacts become
more evident. This strategy for detecting GR artifacts does not rely on specific
diffusion model assumptions, hence this PIS map can be used in the context of any
diffusion MRI approach.

We underlined in section 4.2 that the frequency of Gibbs effect induced oscil-
lations is a function of the acquired data points only. When a smaller pixel size is
desired at post-acquisition, this is usually obtained by zero-padding in frequency
domain, i.e., by artificially extending the k-space adding a certain number of zeros.
The result is then equivalent to sinc-interpolation in the spatial domain. In Fig. 4.4
we show heavily zero-padded acquired data: besides the WM undershoot, also the
(normally less visible) overshoot appears in this case.

It is clear that, depending on the acquisition resolution and the features of the
imaged object, such signal ripples can be quite different in appearance, making it
hard to identify GR in an unambiguous way. Although the PIS map is effective
in detecting spatial locations where a decrease in signal intensity is present in the
non-DW image, the increase induced by the overshoot is typically not detected
in the PIS map. The distortion in the FA map is anyway visually evident, and
will confound subsequent analyses of WM areas. As for the undershoot, also the
error introduced by the overshoot is edge-related, with a value of about 5% of the
intensity discontinuity.
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Figure 4.4: The effect of high frequencies suppression / zero padding on reconstructed MR
data. Being dependent on the acquired samples only (brighter area), the number of Gibbs
ringing-induced oscillations per voxel decreases as the frequency space is zero padded,
clearly revealing the oscillatory pattern typical of Gibbs effect. Notice how the resulting FA
intensities are modulated by those oscillations.
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4.5 Quantifying Gibbs effect on phantom data

To investigate the bias introduced by GR artifacts on diffusion estimates, and in
particular fractional anisotropy (FA), mean, axial and radial diffusivity (MD, AD,
RD) and the kurtosis mean and anisotropy (MK and KA), we used Monte Carlo
simulations under different SNR conditions (levels between 15 and 30). For each
SNR level, the number of trials was set to 10000. A WM-CSF edge has been
simulated, with the introduction of a maximum WM signal change of 9% of the
intensity difference at the interface with CSF in each signal. Depending on the
acquisition settings, the CSF signal in the T2-weighted (i.e., non-DW) image is
roughly 4 to 12 times higher than the WM signal [Kwan 96].

The ground-truth diffusion parameter settings were defined according to val-
ues widely used in literature [Jones 04a, Leemans 05, Vos 12, Veraart 13a] and in
particular: for the DTI model, FA of WM was defined as 0.5, 0.7, 0.9 and MD as
0.7 × 103mm2/s; the diffusion strength was b = 1000 s/mm2 for 60 isotropi-
cally distributed gradient orientations, as suggested in [Jones 99a]; and 6 non-DW
signals (b = 0 s/mm2). For the DKI model, additional diffusion signals with
b = 2500 s/mm2 were simulated using the same set of 60 gradient orientations.
The kurtosis term was designed to have a MK of 1.05 and a KA = 0.85, as esti-
mated for healthy brains by [Latt 13].

For the sake of simplicity and for ease of interpretation, the diffusion and kur-
tosis tensors were estimated with the linear least squares approach, whereas the
MK and KA were computed as described in Poot et al. [Poot 10] with 1024 uni-
formly distributed orientations on the unit sphere, for an increased precision of the
estimates.

We report here how estimates of DTI measures (Figs. 4.5 and 4.6) vary as a
function of the severity of the GR artifact, defined as a percentage of the edge am-
plitude. With different acquisition settings resulting in different tissues contrasts,
a realistic range of CSF-WM intensity ratios (4 to 12) was covered, as indicated
in the legend (top left), together with the schematic representation of the percent-
age of signal difference between WM and CSF. Note that the simulated signal
change is larger for S0 than, for instance, for Sk = 7 or Sk = 30. The curves
are representative for noiseless DW signals with a ground-truth FA of 0.7, MD of
0.7 × 10−3mm2/s, AD of 1.1 × 10−3mm2/s, RD of 0.5 × 10−3mm2/s, while
ground-truth MK is 1.05 and KA is 0.85. It is evident that the GR undershoot
is responsible for decreases in RD, AD, and MD, but for an increased FA. Ad-
ditional, negative eigenvalues (and consequently, FA values larger than 1) can be
present even for smaller degrees of GR artifacts, if the contrast between tissues is
large (i.e. the red curves). By contrast, the overshoots lead to higher diffusivity
estimates and a lower FA. This behavior is observed for each curve, i.e., for each
CSF-WM intensity ratio.
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Figure 4.5: The effect of different degrees of GR artifacts on the estimated FA and MD, for
several CSF/WM edge signal intensity ratios (top left: legend) and noiseless data. Bottom
left: example (non-)DW signals Sk = 0, Sk = 7, and Sk = 30 are shown, to get a feeling
of the magnitude of GR induced oscillations with respect to the original signal intensity.
Sk = 0 corresponds to b = 0 s/mm2; Sk = 7 and Sk = 30 both correspond to b =
1000 s/mm2, but along different diffusion gradients. Note that the undershoot generally
causes an increase in estimated FA values. The peaks observed in FA estimates correspond
to a MD of zero.
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Figure 4.6: The effect of different degrees of GR artifacts on the estimated AD and RD, for
several CSF/WM edge signal intensity ratios (top left: legend) and noiseless data. Bottom
left: example (non-)DW signals Sk = 0, Sk = 7, and Sk = 30 are shown, to get a feeling
of the magnitude of GR induced oscillations with respect to the original signal intensity.
Sk = 0 corresponds to b = 0 s/mm2; Sk = 7 and Sk = 30 both correspond to b =
1000 s/mm2, but along different diffusion gradients.
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Fig. 4.7 shows the estimated kurtosis tensor measures MK and KA with a
ground-truth value of 1.05 and 0.85, respectively. For DKI, the overshoot intro-
duces a decrease in KA and an initial increase for the MK that starts to decrease
as the overshoot becomes more pronounced. On the other hand, the undershoot
results in extremely large deviations from the ground-truth values (orders of mag-
nitude difference), with negative MK estimates already occurring for GR artifacts
simulated with only 1% of the edge intensity.

With the aim of reproducing a realistic setting, we also investigated the effect
of Gibbs ringing artifact combined with noise, using the simulated edge described
previously described. In Figs. 4.8, 4.9 and 4.10, we show the effect of the 9% un-
dershoot and the 5% overshoot on the diffusion tensor estimates, for realistic SNR
settings and with a CSF-WM intensity ratio of 4 and simulated DW signals with
a ground-truth FA of 0.5, 0.7, 0.9. For the undershoot, the absolute error on the
estimated AD, MD, and RD is similar for the three ground-truth FA values consid-
ered. By contrast, the estimated FA varies significantly: it can be noticed that for
smaller ground-truth FA values, the bias becomes larger. In the case of the over-
shoot, the diffusivity metrics are overestimated, whereas the FA is underestimated.
In Fig. 4.11, the estimates of the MK and KA are shown for DW signals with a
corresponding ground-truth FA of 0.7. Here, the overshoot leads to decreases in
KA estimates and increases in MK estimates. The undershoot, on the other hand,
causes extremely biased estimates of MK and KA. Notice the difference with the
ground-truth values, which is of orders of magnitude.

The simulation results clearly demonstrate a significant bias in diffusion ten-
sor and kurtosis estimates in the presence of GR artifacts. This bias is much
larger than, for instance, the systematic deviations caused by data noise [Ver-
aart 11b]. These findings are in line with the original observation that negative
eigenvalues, and consequently unphysical FA values, can occur when GR are
present [Barker 01]. It is interesting to realize that images with larger CSF/WM
edge intensity ratios (i.e., higher contrast) will be affected by a larger bias caused
by GR artifacts. In fact, image contrast is often optimized during the acquisition,
in order to enhance the performance of tissue differentiation/segmentation algo-
rithms. The higher constrast benefit might be nullified by the presence of GR
artifacts.

4.6 Mitigating Gibbs effect in phantom MR data

GR correction strategies specifically tailored to DW-MRI data are lacking. How-
ever, for DW-MRI, GR artifacts are more pronounced in the non-DW (that is,
b = 0 s/mm

2) image, S0, than in the DW (b > 0 s/mm
2) images, Sk, because

of the higher dynamic signal intensity range of edges in the former. For instance,
at the interface between CSF and brain tissue, the signal intensity gradient is gen-

66



Figure 4.7: The effect of different degrees of GR artifacts on the estimated MK and KA,
for several CSF/WM edge signal intensity ratios (top left: legend) and noiseless data. Bot-
tom left: example (non-)DW signals Sk = 0, Sk = 7, and Sk = 30 are shown, to get
a feeling of the magnitude of GR induced oscillations with respect to the original signal
intensity. Sk = 0 corresponds to b = 0 s/mm2; Sk = 7 and Sk = 30 both correspond
to b = 1000 s/mm2, but along different diffusion gradients. Notice how the bias in kur-
tosis estimates is significantly higher for the undershoot (negative edge percentage values)
compared to the overshoot (positive edge percentage values).
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Figure 4.8: The effects of the GR undershoot (9%) and overshoot (5%) for different levels
of SNR on estimated of diffusion tensor metrics. DW signals were simulated with FA = 0.9,
MD = 0.7 × 10−3mm2/s, MK = 1.05, KA = 0.85, and a CSF to WM edge intensity ratio
of 4.

erally much steeper for S0 than for Sk. Although GR artifacts still exist in Sk,
one can consider that their added effects are minor compared to those originating
from S0 alone. We prove it using the simulated WM-CSF edge of the previous
section: in Fig. 4.12, diffusion tensor measures are estimated from DW signals
with a ground-truth FA of 0.7. Simulating GR effect also in the DW images has
a negligible impact on AD, MD, and RD estimates, whereas an additional bias is
seen for FA values estimated from data whose CSF/WM ratio is low.

As such, we will mainly focus in the remainder of this work on the miti-
gation of GR artifacts in S0. Standard approaches can be applied at the post-
acquisition stage, including ad-hoc filtering [Bakir 00], Gegenbauer reconstruction
[Archibald 02], inverse reconstruction with Chebyshev polynomials [Huang 06],
and total variation (TV) approaches [Rudin 92, Chambolle 04, Sarra 06, Block 08,
Knoll 11]; the diffusion estimates are then evaluated after the GR mitigation. With-
out loss of generality, we have opted for the TV implementation as described
by [Sarra 06] given its appealing balance between computational cost efficiency
and high performance in terms of preserving fine image details.

Briefly, the image corrected for GR artifacts, denoted as Sc, is determined as
follows:
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Figure 4.9: The effects of the GR undershoot (9%) and overshoot (5%) for different levels
of SNR on estimated of diffusion tensor metrics. DW signals were simulated with FA = 0.7,
MD = 0.7 × 10−3mm2/s, MK = 1.05, KA = 0.85, and a CSF to WM edge intensity ratio
of 4.

Figure 4.10: The effects of the GR undershoot (9%) and overshoot (5%) for different levels
of SNR on estimated of diffusion tensor metrics. DW signals were simulated with FA = 0.5,
MD = 0.7 × 10−3mm2/s, MK = 1.05, KA = 0.85, and a CSF to WM edge intensity ratio
of 4.

69



Figure 4.11: The effects of the GR undershoot (9%) and overshoot (5%) for different levels
of SNR on the estimation of kurtosis tensor metrics. DW signals were simulated with FA =
0.7, MD = 0.7 × 10−3mm2/s, MK = 1.05, KA = 0.85, and a CSF to WM edge intensity
ratio of 4. The error bars represent the inter quartile range.

Sc = argmin
S

TV (S) + λ ‖S − Sk‖2

In the equation above, Sk is the uncorrected image, with the TV term penal-
izing both noise and oscillatory artifacts (i.e., the GR artifacts) while preserving
edges in the reconstructed image Sc. Compared to an image with GR artifact, a
piecewise constant image has a lower TV value: this is the reason why the method
allows for a significant reduction of ringing artifacts. The weight factor λ balances
the relative importance of the data fidelity term and the regularization penalty. The
equation is solved using an explicit Euler’s integration method (maximum number
of iterations = 100 and integration time step = 0.01) as described in [Sarra 06].

The weight factor λ has to be predefined. A reliable optimal value for the
parameter λ can be obtained from simulations with realistic experimental con-
ditions (degree of GR artifacts and SNR). Simulations were performed with a
synthetically-constructed, artifact-free T2-weighted MR image (1 mm3 isotropic
voxel size with matrix size 181×217×181) using the framework of Kwan and
collaborators [Kwan 96]. GR artifacts were simulated by reducing the k-space
bandwidth between 50% and 90% of the maximum frequency. To simulate real-
istic data, Rician distributed noise was added [den Dekker 14]. The SNR values,
defined in WM tissue, which was derived with the "Unified Segmentation" ap-
proach [Ashburner 05], were set between 15 and 30, which is the typical range
for DW-MRI acquisitions [Jones 11]. In Fig. 4.13, we illustrate few examples of
the combined effect of noise and a reduced k-space bandwidth on this image. It is
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Figure 4.12: Diffusion tensor metrics are mostly biased by GR oscillations in the S0 im-
ages. When GR effect is simulated also in the Sk images, the precision of FA estimates is
slightly worse, whereas the difference in MD, RD, and AD is negligible.
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Figure 4.13: Simulated degradation of a phantom T2-weighted image. In the picture, the
percentage indicates the remaining k-space data points with respect to the original k-space.
The image k-space has been further corrupted with complex Gaussian noise.

clear how the distortion introduced by noise becomes visually less noticeable for
larger GR artifacts, i.e., lower frequency GR oscillations.

In our simulation framework, the optimal value of the weight factor λ was
determined for each simulated condition by minimizing the mean absolute differ-
ence between the artifact-free and the corrected image. Fig. 4.14 shows the optimal
value of λ that minimizes the mean absolute difference between the artifact-free
and the TV corrected image as a function of SNR and severity of GR artifacts.
Notice that for larger GR artifacts the effect of SNR on the optimal λ becomes
smaller. To get an impression of the performance of the TV correction procedure,
the ground-truth image, the corrupted image (SNR = 15 and a k-space bandwidth
of 70% of the maximum frequency), and the TV corrected image are shown in
Fig. 4.15.

Differences between such uncorrected and corrected images can also be appre-
ciated by inspecting the log-magnitude image of the Fourier transform of non-DW
images we show in Fig. 4.16. In particular, it can be noticed that the data ac-
quisition step is fundamental in determining the final quality of the reconstructed
image. Data acquired with a low resolution k-space matrix are more likely to need
a GR artifact correction, to visually enhance their quality. On the contrary, high
resolution data have smoothly decaying k-space intensities: no GR artifact is seen,
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Figure 4.14: Optimal value of λ (mean and standard deviation) for each simulated degrada-
tion. The percentage indicates the remaining k-space data points with respect to the original
k-space. The frequency coefficients have been further corrupted with Rician noise.

Figure 4.15: Left: ground-truth T2 weighted MR image. Middle: image corrupted with
rician noise (SNR=15), and reconstructed using 70% of the k-space data points. Right:
denoising and de-ringing performances of the TV method we opted for, using λ = 150.
Notice that both noise and GR oscillations have been heavily mitigated.
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and, importantly, the application of a TV regularization step do not alter its fre-
quency components. Notice that for these two data sets, a different reconstruction
parameter λ has been selected from Fig. 4.14.

4.7 Mitigating Gibbs effect in real DW MR data

We applied the aforementioned TV regularization technique to real data, and inves-
tigated the impact of correcting for Gibbs ringing artifact on diffusivity metrics. To
this end, we included diffusion MRI data from two publically available databases:
a data set from the WU-Minn Human Connectome Project (HCP) [Van Essen 13],
which is at the higher end of the data quality spectrum (ID# 100307); and 15 data
sets from the IXI (Information eXtraction from Images) data base, which are made
publically available by Imperial College London.

Before further analysis, all the diffusion MRI data, with the exception of the
already processed HCP data, were corrected for subject motion and Eddy current
induced distortions [Leemans 09b]. Fig. 4.17 shows the PIS maps resulting from
three representative IXI data sets (ID# 218, 246, 342) (Fig. 4.17a-c) and from the
HCP data set (Fig. 4.17d). In particular in the region of the sCC, the adverse effect
of GR artifacts on the estimation of the FA can easily be seen for the IXI data sets.
The artificially low signal of the non-DW image at the edge of the sCC causes the
FA to be overestimated. In addition, GR may induce a secondary ripple, which
can be seen as an increase in signal intensity of the non-DW image, causing an
underestimation of FA.

When processing these data sets with the approach explained in the previous
section, the implausible signal values on the FA map disappear (see Fig. 4.18).
Also, the difference in FA before and after correction in Fig. 4.18a-d(ii) provides
the localization of the GR artifacts with great detail. Notice that, for the HCP data
set, no GR artifact is visible, and consequently no clear difference is observed in
the FA map after processing the non-DW image (see Fig. 4.18c(ii)).

Furthermore, fiber tractography [Basser 00] was performed to investigate the
effect of GR artifacts - and the effect of correcting for them - on diffusion mea-
sures with the ExploreDTI diffusion MRI toolbox [Leemans 09a]. Without loss
of generality, only two specific fiber bundle trajectories were included in the anal-
ysis: a midsagittal section of the splenium of the corpus callosum (sCC), where
GR artifacts are considered to be pronounced, and an inferior part of the corti-
cospinal tract (CST), where GR artifacts are usually negligible (Fig. 4.19). For
both tract reconstructions, the FA threshold was set to 0.1, the angle threshold
was equal to 15◦, and a step size of 0.25 mm was used. The protocols to draw
the ROIs for segmenting these fiber bundle segments have been described else-
where [Wakana 07, Reijmer 12].

Fig. 4.20 and Fig. 4.21 show the quantitative evaluation of the effect of correct-
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Figure 4.16: Log-magnitude Fourier amplitude images and their corresponding non-DW
images, before and after correcting for GR artifacts. The frequency (f) amplitude H(f) of
the image with GR artifacts shows a sharp transition in the high frequency range. After TV
regularization, the transition becomes wider and smoother. For the high resolution data set,
no GR artifactsis seen and frequency components remain virtually the same after the TV
regularization step.

ing GR artifacts on the diffusivity measures of the sCC and CST tractography re-
sults, respectively. By comparing the tractography results of these 15 IXI diffusion
MRI data sets before and after correcting GR artifacts, the following observations
can be made.

First, in regions with a large degree of GR, such as the sCC segment presented
in Fig. 4.20, the TV correction significantly alters the mean value of the diffu-
sivity metrics along the entire pathway and significantly reduces the variance of
these diffusivity metrics at several locations along the fiber trajectory. Second,
in regions with a negligible amount of GR, such as the reconstructed CST seg-
ment (Fig. 4.21), the TV correction generally does not significantly alter the mean
values of the diffusivity metrics along the trajectory and, although not always sig-
nificantly, typically reduces the variance of these diffusivity metrics.

In other words, these results suggest that while applying the TV correction
approach in regions with GR artifacts is beneficial, there is generally no significant
adverse effect of applying this approach in regions where little or no GR artifacts
are assumed to be present. The differences in the diffusion values of the fiber
bundle segments between corrected and uncorrected data are small, because of
the effect of canceling out the high and low diffusion values in the cross-sectional
part of the fiber bundle. In fact, large local differences can be observed when
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Figure 4.17: Diffusion MRI data sets of the IXI data base (a-c) and the Human Connectome
Project (HCP) (d) with the splenium of the corpus callosum (sCC) enlarged in (i). In (a-
c)(ii), physically implausible signals (PIS) in the region of the sCC can be observed due to
GR artifacts (red voxels overlaid on the FA map, which corresponds to the color-encoded
FA map shown in (i)). The corresponding non-DW images in (a-c)(iii) clearly show the GR
artifacts (dark lines parallel to the interface between CSF and the surrounding WM). By
contrast, the sCC in (d) does not show any GR artifacts. Notice the spatially homogeneous
distribution of the FA values in the sCC in (d)(i-iii), which is indicative for the high-quality
nature of this HCP data set.
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Figure 4.18: The three IXI diffusion MRI data sets (a-c) and the Human Connectome
Project (HCP) data set (d) corrected for Gibbs ringing (GR) artifacts (the corresponding
uncorrected images are shown in Fig. 4.17). In (i), the color-encoded fractional anisotropy
(FA) map is shown. In (ii), the difference between the uncorrected and corrected FA map is
shown. The gray-value mapping is indicated at the top. In (iii), the corrected non-diffusion-
weighted image is presented. Notice that for the HCP data set (d), which did not suffer
significantly from GR artifacts, the difference in FA before and after correction is basically
negligible with respect to the one observed for the IXI data sets, which clearly did show GR
artifacts.
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(a) (b) 

Figure 4.19: The two fiber bundle structures that are used for evaluating Gibbs ringing
(GR) artifacts: (a) the midsagittal section of the splenium of the corpus callosum, where
GR artifacts are pronounced, and (b) an inferior part of the corticospinal tract, where GR
artifacts are typically negligible.

comparing entire image maps before and after correcting for GR artifacts.
Lastly, by comparing the non-DW image with the MK and KA maps (Fig. 4.22),

one can appreciate that the poor estimates, i.e., the very bright or dark pixels in
Fig. 4.22(a)(iii,iv), are predominantly located in regions with GR artifacts. The
degree of local variation that is caused by GR artifacts and, consequently, the
amount of poor diffusivity estimates, have clearly decreased after applying the
TV correction approach (i.e., less "black" and "white" pixels in Fig. 4.22(b)(iii,iv).

4.8 Conclusions

In this chapter, we have shown that GR artifacts play an important role in the
quality of diffusion MRI estimates, and that by correcting for these artifacts - here,
with the simple TV approach developed by [Sarra 06] - one can already improve
the reliability of diffusion estimates considerably. With future developments in
correction procedures specifically tailored to GR artifacts in diffusion MRI data,
the detrimental effects of GR artifacts could be reduced even further.

Although ideally one should optimize the data acquisition to minimize the
presence of GR artifacts, in many studies the data may already have been acquired
where GR artifacts can be seen. In such cases, the presented TV correction proce-
dure could be a useful strategy to alleviate this issue. While a higher spatial resolu-
tion might help, it generally also leads to less reproducible results (see [Neda 10]),
hence acquisitions with a lower contrast between tissues might be advised.

It is not unthinkable that if GR artifacts are present, their effect size may de-
pend on morphological factors, such as shape and size of the ventricles. Hence,
one can imagine that in subject groups with enlarged ventricles or extensive atro-
phy, such as often seen in patient groups with neurological disorders, the adverse
effects of GR artifacts on the diffusion estimates may not be of the same magnitude
compared to healthy controls. This potential bias may therefore also contribute to
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Figure 4.20: The effect of correcting Gibbs ringing (GR) on the diffusion tensor estimates
(i.e., mean and variance of fractional anisotropy - FA, mean diffusivity - MD, axial diffu-
sivity - AD, and radial diffusivity - RD) of the midsagittal section of the splenium of the
corpus callosum for the 15 IXI data sets. The shaded areas represent the standard deviation
across the individual data sets. The values for MD, AD, and RD are given in units mm2/s.
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Figure 4.21: The effect of correcting Gibbs ringing (GR) on the diffusion tensor estimates
(i.e., mean and variance of fractional anisotropy - FA, mean diffusivity - MD, axial diffusiv-
ity - AD, and radial diffusivity - RD) of the inferior part of the corticospinal tract for the 15
IXI data sets. The shaded areas represent the standard deviation across the individual data
sets. The values for MD, AD, and RD are given in units mm2/s.
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Figure 4.22: Examples of a diffusion MRI data set where physically implausible signals
(PIS) can be observed due to Gibbs ringing (GR) artifacts. In this picture, (i) is the color-
encoded fractional anisotropy (FA) map and (ii) the non-diffusion-weighted (DW) image.
The yellow arrowheads point to areas which clearly exhibit GR artifacts (dark lines parallel
to the interface between CSF and the surrounding white matter). The mean kurtosis (iii) and
kurtosis anisotropy (iv) maps are also shown, with signal intensity range between 0 and 2.
Top row (a) shows estimated from uncorrected data, while bottom row (b) shows estimates
corrected for Gibbs ringing artifacts.
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the lack of consistency across studies in current literature [Di Paola 10].
Thanks to this study, a publication has been published in the proceedings of an

international conference [Perrone 12] as well as a journal paper [Perrone 15].
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5
Diffusion MRI phantoms

“All truths are easy to understand once they are discovered; the point
is to discover them.” - Galileo Galilei

5.1 Introduction

In the previous chapter we illustrated how distortions due to Gibbs ringing com-
plicate the analysis of DW-MRI data. New methods are needed to quantify the
consequences of neglecting or poorly addressing adverse factors like the Gibbs ef-
fect, such that existing protocols can be optimized, or alternative techniques can
be developed.

This is even more crucial when the analysis involves the investigation of long-
range, cortico-cortical connections in the brain, rather than local pixel processing.
White matter bundles are essential in linking grey matter regions, which are be-
lieved to be the functional elements of our nervous system. Tracing these connec-
tions can therefore provide additional evidence not only about the brain morphol-
ogy, but also about the way it works.

As originally suggested by Basser et al. [Basser 94a], the measured diffusion
anisotropy reflects the presence of spatially oriented micro-structures (such as neu-
ral fibers in the CNS), and it can be used to virtually reconstruct WM bundle
paths through the brain in a non invasive way. This kind of reconstruction can
be obtained using an application known as fiber tractography (FT). Similar to the
reconstruction of fluid streamlines from discretely sampled velocity field data [Ye-



ung 88], tractography can be used to estimate fiber tracts from diffusion MR data.
Its importance has been widely recognised as very valuable from a qualitatively
point of view. However, the quantitative evaluation of several FT properties (such
as accuracy, noise sensitivity, or robustness) and the need for objective compar-
isons between FT algorithms require the development of ground-truth data.

This chapter is based on our recent work [Perrone 16], in which we illustrate
a method to create diffusion MRI phantom data with a realistic level of complex-
ity. These data can be used to address a number of research questions that are still
open, particularly in the area of connectomics [Rubinov 10]. More specifically, we
first explain the motivation of our work in section 5.2. Secondly, in section 5.3,
we give an overview of the pipeline we adopted for the creation of diffusion MRI
phantom data or D-BRAIN data followed by a description of the phantom gener-
ation process in detail. Next, in section 5.4, we qualitatively illustrate the com-
plexity of the data obtained by the proposed framework, and we demonstrate the
utility of D-BRAIN phantom data quantitatively in section 5.5. Finally, we discuss
the strenghts and limitations of D-BRAIN data in section 5.6 and we conclude the
chapter in section 5.7.

5.2 The need for a gold standard

The pipeline that leads from data acquisition to the actual fiber streamlines recon-
struction has a significant number of steps, and each of these steps can introduce
biases which will inevitably have an impact on the geometric features of the esti-
mated WM bundles, leading to the generation of false positives and false negatives.
In this sense, it is of utmost importance to find a way to validate the outcomes of
FT algorithms, allowing sound interpretations of the results. In order to fulfil this
objective, many options have been proposed in literature, that we summarize in the
following subsections.

Biological phantoms

Phantom data can be obtained by scanning ex-vivo human brains. With this ap-
proach, validation with respect to real WM bundles by means of histological trac-
ing or subsequent tissue dissection is possible. Those phantom data have certainly
a proper WM complexity, and data can be conveniently acquired with different
scanner settings. However, from the point of view of the acquisition, artifacts can
not be simulated on those data, as the ground-truth is not artefact-free. Second,
even an in-depth neuroanatomical knowledge can be biased by subjectivity prob-
lems.

Phantoms with simpler configurations can be designed using biological mate-
rial. Campbell et al. [Campbell 05] used excised rat spinal cord to produce phan-
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tom data. This phantom has been used to compare the performance of two differ-
ent FT algorithms. However, death and fixation affect the microstructural prop-
erties of the tissues to such an extent that diffusion anisotropy [Pfefferbaum 04]
can be barely observed, with a mean diffusivity ten times lower than the in-vivo
case [Miller 11]. Although more advanced fixation methods, and adapted acqui-
sition sequences have been developed [Miller 11], standard biomarkers like frac-
tional anisotropy (FA) and mean diffusivity (MD) still exhibit significantly lower
values with respect to data acquired in-vivo.

Hardware phantoms

Another approach consists of designing and mechanically manufacturing hard-
ware diffusion phantoms. In literature, this option was chosen by [Fieremans 08,
Tournier 08, Pullens 10, Bach 14]. The proposed phantoms have the advantage
of a fiber arrangement known by design, and of a realistic acquisition. Synthetic
hollow or non-hollow fibers plunged into water can be designed in order to mimic
the axonal fiber response, and can be arranged in different spatial configurations,
such as crossing, kissing, or bending. However, the microstructure of the under-
lying bundle is generally of a low complexity: fibers of the same size and type
are typically used, simplifying realistic regional differences along and among the
tracts.

The FiberCup phantom described in [Poupon 10] was used to evaluate quanti-
tatively the outcomes of several tractography techniques. Although the number of
bundles is limited, the conclusions on the performance of tractography pipelines
have not been approved by unanimity [Cote 13]. Additionally, artifacts can not be
simulated on those data, as the ground-truth is not artefact-free.

Software phantoms

On the other hand, software phantoms have been introduced. Tournier [Tournier 02]
simulated phantom data with a simple geometry based on apparent diffusion co-
efficient (ADC) and fractional anisotropy (FA) values, while Leemans et al. [Lee-
mans 05] showed how to simulate the cerebellum of a starling by using realistic
mean diffusivity (MD) and FA values. A phantom consisting of densely packed
bundles of fibers has been made available [Close 09], with higher geometric com-
plexity but still relying on the tensor attenuation model, therefore partly limiting
its application to the Diffusion Tensor (DT) MRI domain.

More recently, the Fiberfox phantom was released [Neher 14]. This approach
allows the user to build a phantom from fiber strands drawn in the 3D space, as it
can be seen in Fig. 5.1. However, approximating the geometrical complexity of the
map of neural connections in a brain by human drawings is an impractical, time-
consuming operation, and is arguably impossible, primarily because the complete
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Figure 5.1: Fiber configurations generated with FiberFox. Examples of twisting (a), fan-
ning (b), highly curved (c), and kissing (d) fibers, colored according to their orientation, and
the corresponding tensor images.

picture of the brain’s circuitry is not available. In general, software phantoms have
the advantage of being very flexible, but they currently suffer a lack of realism in
terms of microstructure modeling and bundle organization, nor they resemble the
geometrical and spatial architecture of a human brain. This is a substantial point
to consider as recently, an important diffusion MRI application has emerged, that
is, the estimation of the connectivity fingerprint of grey matter on a single subject
level. In this sense, validation of diffusion tractography as a method has to be
performed with respect to real, or at least realistic, brain data.

5.3 The D-BRAIN phantom data generation

Our contribution to the diffusion MRI community is a simulation framework to
construct phantom diffusion MRI data that resemble the architecture of a human
brain geometrically, microstructurally, and spatially in a single model, while also
mimicking data characteristics of a real acquisition, coined D-BRAIN, that we in-
troduce in the next section. The ground-truth simulation phantom we proposed
basically represents a diffusion MRI brain, and is composed of DW MRI data
embedded in a realistic human brain anatomy. Specifically, it includes diffusion
features based on microstructural models estimated from real data. A FT result ob-
tained from a high quality dataset (as obtained by the Human Connectome Project
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Figure 5.2: Brain-like phantom creation. Proposed pipeline: from realistic inputs and a
simulated DW MRI scanner to brain-like D-BRAIN data. The tissue volume fractions have
a resolution of 0.7 × 0.7 × 0.7 mm3, streamlines step-size is 0.7 mm.

consortium, see [Van Essen 13]), which has a much higher resolution and com-
plexity than existing software phantoms, provides the geometric information for
the WM. The acquisition steps are also carefully simulated to mimic realistic ac-
quisition protocols.

The goal of the D-BRAIN method is to obtain an accurate brain model, rich in
anatomical and diffusion-related details. To this end, a whole-brain connectome
and tissue volume fraction maps are first estimated from a high-quality DW MRI
scan of a brain. Afterwards, these estimates are used as input to insert a brain-like
complexity in phantom data. In combination with the simulated MR acquisition
protocol, the proposed method mimics a realistic full-brain DW MR data sampling
protocol. The following subsections are devoted to a more complete presentation
of the method, whose pipeline is pictured in Fig. 5.2.

Definition of anatomy and connectivity fingerprint

The complex anatomical and WM structures that we incorporate in our phantom
are estimated based on volume fractions of the main tissue types and the related
fiber tract pathways reconstructed from high-quality DW MRI data.

Data was acquired on a customised Siemens Magnetom Skyra 3T MRI system
equipped with a 32-channel receiver head coil as part of the Human Connectome
Project [Van Essen 13]. Diffusion weightings of b = 0, 1000, 2000, 3000 s/mm2
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were applied in 18, 90, 90 and 90 directions, respectively. In addition, all images
were acquired with reversed phase encoding, for the purpose of EPI distortion
correction. Other imaging parameters were: TR/TE: 5520/89.5 ms, voxel size:
1.25 × 1.25 × 1.25 mm3, matrix: 145 × 145, slices: 174 and NEX: 1. T1-
weighted structural images were also acquired, to aid identification of the different
tissue types, with a spatial resolution of 0.7 × 0.7 × 0.7 mm3. The details about
the DW EPI images preprocessing pipeline is documented in the paper of Jeurissen
et al. [Jeurissen 14]. The resulting DW images are aligned geometrically to each
other, and to the corresponding structural data.

The four tissue types (CSF, cortical GM (CGM), deep GM (DGM), and WM)
were segmented on the structural image using the state-of-the-art framework out-
lined in Smith et al. [Smith 12]. The approach combines several tools from the
FMRIB Software Library (FSL), to obtain a reliable partial volume fraction map
for all four tissue types. The estimated tissue volume fraction (VF) maps have a
resolution of 0.7 × 0.7 × 0.7 mm3. In the following subsections, we will refer
to it as “input VF.” We used 4 tissue classes, for simplicity; the phantom would
become even more realistic if a greater number of tissue classes is included, like
proposed in [Alfano 11].

In our pipeline, WM geometric information is obtained via whole-brain proba-
bilistic tracking using the 2nd order integration over fODFs (iFOD2, [Tournier 10])
as implemented in MRtrix (https://github.com/MRtrix3/mrtrix3, [Tournier 12]).
The fODFs are estimated using the multi-tissue, multi-shell CSD approach de-
veloped by Jeurissen [Jeurissen 14]. We used Anatomically Constrained Tractog-
raphy (ACT, [Smith 12]) with GM-WM interface seeding based on the four tissue
types segmentation from above, to ensure anatomically plausible fibre reconstruc-
tions. The final tractogram is composed by 5 × 107 streamlines with a mean step
size of 0.7 mm. The subvoxel resolution allows to minimize voxel-quantization
errors in the tract orientation, such that these fibers smoothly cross the voxel bor-
ders following the main diffusivity orientations, just like it is expected from the
real WM connections.

In addition, this set of streamlines was further reduced to 5 × 106 stream-
lines using Spherical-deconvolution Informed Filtering of Tractograms (so-called
SIFT, [Smith 13]), to account for seeding biases and improve the correspondence
of the Track Density [Calamante 10] and the underlying Apparent Fibre Den-
sity [Raffelt 12] obtained with multi-tissue, multi-shell CSD. In the following
sections, we will refer to it as the “input connectome.” These inputs correspond
to the blocks “Tissue volume fractions” and “Tractogram” in Fig. 5.2.
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Definition of phantom tissue properties

Anatomical MR image contrast is determined by intrinsic parameters such as the
tissue proton density (PD) and the relaxations times (spin-lattice and spin-spin,
commonly named as T1 and T2, respectively). These relaxation times depend on
the scanner field strength. In our framework, we allow one to choose among the
constants already available in POSSUM [Drobnjak 10] to simulate the use of a
1.5T scanner and a 3.0T scanner (Table 5.1). Our method supports extensions to
higher field strength acquisitions, given the appropriate scanner/tissue parameters.
In Fig. 5.2, these inputs correspond to the block “Tissue intrinsic MR parameters.”

In DW imaging, the MR scanner uses an additional gradient to image the
direction-dependent attenuation caused by the diffusion of water molecules inside
the tissues. For the (normalized) diffusion attenuation signal, a different analyt-
ical model was used to compute the response provided by each tissue subject to
the diffusion-sensitizing gradient pulse. In this work, the intra voxel diffusion
models we used are an isotropic “tensor” for CSF and CGM, while a “zeppelin-
cylinder” was chosen for WM, because of its accuracy in describing the properties
of WM [Panagiotaki 12]. DGM was modeled as a mixture of CGM and WM. We
used intrinsic parameters for these models that were inferred from in vivo human
brain [Le Bihan 01,Ferizi 14]. In the following section, letting j be the index of the
tissue types, we will generically refer to the diffusion related intrinsic parameter
set as pj . These are reported below:

• WM :

cylinder (59% of the signal),

– diffusivity = 1.49× 10−9m2s−1,

– radius = 4.8× 10−6m;

zeppelin (41% of the signal)

– parallel diffusivity = 1.49× 10−9m2s−1,

– perpendicular diffusivity = 0.72× 10−9m2s−1;

• CGM :

isotropic tensor,

– FA = 0,

– MD = 0.83× 10−9m2s−1;

• CSF :

isotropic tensor,
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Table 5.1: D-BRAIN data sensitivity to magnetic fields
1.5T scanner WM GM CSF 3T scanner WM GM CSF

T1 [ms] 500 833 2569 T1 [ms] 832 1331 3700
T2 [ms] 70 83 329 T2 [ms] 44 51 500

PD 0.77 0.86 1 PD 0.77 0.86 1
Scanner dependent tissue parameters.

– FA = 0,

– MD = 3.19× 10−9m2s−1;

• DGM : mixture of WM (20%) and CGM (80%)

These correspond to the blocks “WM diffusion model” and “Isotropic diffusion
contributions” in Fig. 5.2.

Definition of voxel-wise diffusion properties

Generically, the voxel-wise, multi-tissue diffusion-weighted signal can be written
in terms of anatomical parameters as:

Sk(r)

S0(r)
=

P∑
j=1

vj(r)Aj,k. (5.1)

In this equation, Sk(r) and S0(r) are the intensities of the DW MR signal
acquired along a specific direction k and the anatomical reference signal, respec-
tively. The factors vj(r) are the volume fractions of each tissue j and are stored in
the “input VF”. Depending on the spatial position considered, there could be up to
P tissues in a voxel r.

The specific, tissue-dependent normalized diffusion weighted attenuation Aj,k
(corresponding to the block “Multi tissue signal attenuation” in Fig. 5.2) depends
on other diffusion sequence (MR scanner) parameters q. In our method q is com-
posed of the gradient duration δ, time between two pulses ∆, gyromagnetic ratio
γ, and diffusion gradient strength G.

In addition to the parameters q, the normalized diffusion weighted signal also
depends on the acquisition direction k and on the tissue-dependent diffusion pa-
rameters pj . The gradient directions used are optimized as proposed in [Jones 99a].

Note that the definition ofAj,k is not unique. In fact, a distinction is needed be-
tween different brain tissues. For GM and CSF, the normalized diffusion weighted
attenuation has an isotropic diffusion pattern that can be written as:

Aj,k = Ak(pj ,q). (5.2)
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In Fig. 5.2, the equation above corresponds to the block “Isotropic diffusion con-
tributions.” For the WM tissue, the geometric information from the “input con-
nectome” has to be included as well. The WM normalized diffusion attenuation
model requires an additional input, that is, the orientation of the WM streamlines.
In this work, we first assign each streamline segment, i, of the “input connectome”
to a specific voxel, depending on its spatial position. There could be up to N(r)

streamline segments in a voxel r. Afterwards, we compute the WM normalized
DW attenuation, depending on the direction d(i) of each of the connectome seg-
ments i in a voxel as:

Aj,k =
1

N(r)

N(r)∑
i=1

Ak(pj ,q,d(i)), (5.3)

which corresponds to the block “WM attenuation” of Fig. 5.2.

Definition of whole-brain acquisition model

In the proposed method, the “simulated acquisition” step carefully accounts for
the MR physics. MRI is based on the measurements of the net magnetization of
hydrogen nuclei in a volume, subject to a static magnetic field B0. Each tissue j
has its own proton density PDj , such that the tissue-related magnetizationMj can
be written as

Mj≈PDj

(
γh
2π

)2
1

4KbTs
B0, (5.4)

where γ is the hydrogen gyromagnetic ratio, h is Planck’s constant, Kb is Boltz-
mann’s constant and Ts is the sample temperature. Depending on the specific
composition, each tissue returns to the equilibrium state after T1j (spin-lattice)
and T2j (spin-spin) relaxation times.

In case of a regular multislice 2D spin-echo (SE) sequence, T1j and T2j relate
to the MR signal intensity with the following model:

S0,j =Mj exp

(
− TE
T2j

)(
1− exp

(
− TR
T1j

))
. (5.5)

Therefore, in this case, TE and TR are the acquisition parameters which can be
used to maximise the contrast for specific tissue types.

Equation 5.5 applies to a single, specific tissue type. However, in reality, mul-
tiple tissue types - up to P - may make up the area represented by a voxel r, as
specified from the “input VF”. In this case, once the equation is evaluated for one
tissue type j, the results are linearly combined using the factor vj(r) obtained from
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the “input VF”, reflecting the physics of the scanning process. That is,

S0(r) =

P∑
j=1

vj(r)S0,j . (5.6)

In Fig. 5.2 this step corresponds to the block “T1/T2 weighted acquisition.”
The “acquired” brain images are simulated at the maximally available resolution,
0.7× 0.7× 0.7 mm3. This is a key strength of the presented framework, because
in clinical DW MRI protocols the standard resolution is much lower, and the phan-
tom resolution can be adjusted afterwards by mimicking the way the MR scanner
operates. In case of a regular multislice 2D SE sequence, for instance, the resolu-
tion along the axial dimension can be reduced by modeling the slice selection pulse
as an ideal rectangular function. Afterwards, each k-space image is downsampled
and low-pass filtered. According to [Caparelli 08], scanners often use Fermi and
Hamming filters, which are also included in our framework. For an even more
realistic acquisition, complex Gaussian noise can be added at k-space level before
the smoothing step. In this way, we can introduce correlated noise, partial volume
effects, and truncation artifacts, therefore replicating the acquisition obtained with
a real world MR machine. Further physiologically related data conditions, such
as pulsation and subject motion artifacts, can be added as well as described previ-
ously [Leemans 09b,Tax 15]. These features are included in the block “Simulated
DW acquisition” in Fig. 5.2.

To recap, our framework approaches a regular DW MR acquisition and creates
brain-like data as would be acquired with a real MRI acquisition protocol whose
parameters can be varied (“User defined inputs” blocks in Fig. 5.2).

5.4 Visual validation of D-BRAIN data

In this section, we show D-BRAIN data realism in terms of WM geometry and
its versatility in terms of simulated acquisition. We first show how to simulate a
D-BRAIN acquisition. Secondly, we illustrate some of the geometrical features
inferred in the phantom data. Afterwards, we show the phantom sensitivity to
different acquisition parameters and lastly, we demonstrate the realism of the pro-
posed phantom from a connectivity point-of-view.

Simulated D-BRAIN acquisitions

Based on the inputs and the models explained in the sections above, we created dif-
ferent “simulated D-BRAIN acquisitions” with the (DW) MR scanner parameters
reported below.
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Figure 5.3: D-BRAIN data. Anatomical MR image (a) and corresponding diffusion-
weighted images for D-BRAIN data at b-values of (b) 1000 s mm−2, (c) 2500 s mm−2

and (d) 10000 s mm−2. Notice that the greyscale values of each of the 4 pictures is differ-
ent as they have been separately optimized for visualization purposes.
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• Field strength = 3T;

• Voxel size = 0.7 mm3, 1.4 mm3 and 2.1 mm3;

• TR / TE = 8800 / 57 ms;

• 6 b = 0 s mm−2 and 60 directions with b = [1000, 2500, 10000] s mm−2;

• Diffusion pulses duration δ = 12.9 ms;

• Interval between diffusion pulsesΔ = 21.8 ms.

Phantom data sets used for the connectivity metrics estimation have the following
parameters:

• 6 b = 0 s mm−2 and 60 directions with a b-value of 1000 s mm−2;

• Resolution = 1.4 × 1.4 × 1.4 mm3 and 2.1 × 2.1 × 2.1 mm3;

• SNR of 30, 25, 20, 15 adding complex Gaussian noise;

• 50 D-BRAIN datasets for each noise level.

We used these data sets to assess the realism of the proposed phantom in the fol-
lowing subsections.

D-BRAIN spatial and geometric features

We start our validation by visually investigating the images coming from the sim-
ulated diffusion MRI acquisitions, we examine the output tractogram and some
biomarker-related properties.

Fig. 5.3 shows images of the phantom DW MRI data at a resolution of 1.4 ×
1.4 × 1.4 mm3 for b = 0 s mm−2, b = 1000 s mm−2, b = 2500 s mm−2 and b
= 10000 s mm−2. The anatomical image (a) shows that we are able to include
realistically looking brain structures in the phantom dataset, notably in terms of
WM, CGM, DGM and CSF, and acquisition-related artifacts like Gibbs ringing
effect and partial voluming. Additionally, complex diffusivity features are seen in
WM regions (b-d, yellow circles), which are dependent on the simulated diffusion
attenuation.

Deterministic CSD-based tractography was performed using ExploreDTI [Lee-
mans 09a] on noiseless D-BRAIN data with voxel size of 1.4 × 1.4 × 1.4 mm3.
Realistic streamlines are estimated (Fig. 5.4), corresponding to the well-known
pattern of the corticospinal tract (a), traversing the genu of the corpus callosum
(b), following the cingulum bundle (c), the fornix (d), and the uncinate fasciculus
(e). The tracts we show are color-encoded according to their FA: yellow areas re-
veal high FA, whereas red areas indicate low FA. In deep WM, the reason for a low
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Figure 5.4: Phantom WM bundles tractography. A portion of the corticospinal tract (a),
pathways of the forceps minor (b), tracts following the cingulum (c), streamlines belonging
to the fornix (d) and part of the uncinate fasciculus (e).

FA is usually the presence of a region with crossing fibers. We find that the upper
portion of the corticospinal tract shows a lower FA, because other tracts coming
from the body of the corpus callosum traverse the same region, as elucidated in
Fig. 5.5.

Effect of SNR, b-value, and resolution

We also demonstrated the use of our phantom by performing a study on the in-
fluence of some acquisition protocol parameters, i.e. the b-value, resolution, and
SNR on biomarkers, such as FA and the fiber orientation distribution functions
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Figure 5.5: The upper portion of the corticospinal tract (a) has a lower FA in the region
highlighted because of the contribution of other fibers coming from the body of the corpus
callosum. In (b), the crossing of the corticospinal tract (blue) and the lateral projection of
the corpus callosum (red) are clearly visible.

(fODF) (see [Tournier 04b] for a definition).

In Fig. 5.6 we investigated the behavior of phantom-derived fODFs with re-
spect to noise. We observe that, as the noise increases, the variance of the CSD
peaks becomes higher, therefore the estimated directions become less precise. In
Fig. 5.7, we compared D-BRAIN simulated scans with different resolutions. The
effect of reduced resolution in a crossing fiber region on the estimated fODF can be
appreciated from the enlarged regions. Introducing a lower resolution also results
in another artifact, depicted in Fig. 5.8, which shows FA maps with a ground-truth
resolution of 0.7 × 0.7 × 0.7 mm3, 1.4 × 1.4 × 1.4 mm3 and 2.1 × 2.1 × 2.1
mm3. The distorted FA estimates indicated with the yellow arrows are manifesta-
tions of Gibbs ringing artifacts [Tournier 11, Perrone 15] due to our accurate sim-
ulation of limited acquisition bandwidth. In Fig. 5.9, the sensitivity of D-BRAIN
with respect to the choice of b-value is demonstrated. Decreased precision and
the occurrence of spurious fODF peaks can be observed for lower b-values which
can be attributed to the lower angular diffusion contrast and the non-WM isotropic
components that complicate the optimization for CSD [Tournier 08, Roine 15].

The result of Fig. 5.6, known from the literature, is retained within our frame-
work and reflects the physical realism of the proposed phantom. In Fig. 5.9, we
show that a relistic relationship between the fODFs and the b-value is seen in re-
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gions where fibers are expected to cross in a complex way for our phantom, and at
the WM-GM interface. This again emphasizes the realism of the proposed phan-
tom. Also, Fig. 5.7 shows that, by increasing the voxel size, the different com-
partment contributions cause finer WM structures gradually disappear from the
fODF. This outcome is coherent with the established properties of WM features
estimation via CSD.

Figure 5.6: Estimated phantom fODF for different SNR. Yellow boxes highlight the effect
of noise level. Top left: ROI. ROI magnification for: SNR = 30 (a), SNR = 20 (b), and SNR
= 15 (c). B-value = 1000 s mm2. As the SNR decreases, the fODF peaks are more biased
towards each other.
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Figure 5.7: Estimated phantom fODF for different resolutions. Top left: ROI. ROI magni-
fication for: voxel size = 1.4 × 1.4 × 1.4 mm3 (a), voxel size = 2.1 × 2.1 × 2.1 mm3 (b).
SNR = inf. The diffusion signal coming from smaller WM bundles become negligible at
lower resolutions (yellow circles). Finer WM structures gradually disappear from the fODF.

Figure 5.8: D-BRAIN FA maps before and after k-space downsampling. Voxel size is 0.7
× 0.7 × 0.7 mm3 (a), 1.4 × 1.4 × 1.4 mm3 (b) and 2.1× 2.1× 2.1mm3 (c). Yellow
arrows highlight hyperintense FA voxels in the corpus callosum, which are due to the effect
of Gibbs ringing artifact.
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Figure 5.9: Estimated phantom fODF for different b-values. Yellow boxes highlight the
effect of the b-value. Top left: ROI. ROI magnification for: b-value = 1000 s mm2 (a),
b-value = 2500 s mm2 (b), b-value = 10000 s mm2 (c). SNR = inf. The higher b-value
leads to a higher angular contrast, revealing complex fODFs.
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5.5 Quantitative validation of D-BRAIN data

The goal of the work is to create phantoms with brain-like complexity. To verify
this complexity, it makes sense to study FT results in terms of connectivity ma-
trices (CMs), a compact way to represent the presence (or absence) of estimated
long-range WM connections linking different GM regions.

We therefore investigated several connectivity metrics widely used in the re-
search area of connectomics, to assess their correspondence with the values esti-
mated from real data. Additionally, we tested their robustness with respect to noise
and partial volume effect. Tensor-based deterministic tractography was performed
using ExploreDTI [Leemans 09a] on D-BRAIN data with different noise levels
and different resolutions. 50 noisy realizations of D-BRAIN data were simulated
for each noise level and two different voxel sizes, while diffusion tensors were es-
timated using the RESTORE method [Chang 05]. We extracted one fiber pathway
per voxel, across different resolutions. FA for seeding and terminating a tract was
set to 0.1 and the maximum curvature angle was set to 45◦. CGM and DGM were
parcellated in 70 cortical and 12 subcortical regions using Freesurfer [Desikan 06].
Connectivity matrices were estimated using ExploreDTI [Leemans 09a] and after-
wards, the Brain Connectivity Toolbox [Rubinov 10] was used for the computation
of the connectivity metrics.

In Fig. 5.10 and Fig. 5.11, we show the set of nodes used for the connectivity
analysis, and the CM corresponding to a tractogram estimated from noiseless D-
BRAIN data at a resolution of 1.4× 1.4× 1.4 mm3 and b = 1000 s mm−2, whose
intensities represent the number of estimated streamlines connecting each couple
of nodes. As it can be observed in Fig. 5.12, interestingly, our findings show that
the network degree, global efficiency, and clustering coefficient metrics estimated
for the low resolution D-BRAIN data agree with the ones reported in [van den
Heuvel 11] which were computed from binary CMs estimated from real data ac-
quired with a resolution and a diffusion weighted attenuation close to the one we
simulated.

Concerning the variability of connectivity metrics, we show the results in
Fig. 5.12. The metrics have been derived from binary (unweighted) CMs, that
have a value of 1 if there is at least one streamline connecting each couple of
nodes and a value of 0 otherwise. Under these acquisition and analysis settings,
we observe that the degradation introduced by partial voluming is in general much
larger than the bias introduced by noise, although the network assortativity seems
to be less sensitive.
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Figure 5.10: Connectivity analysis. The 82 grey matter parcels used as nodes in our brain
network analysis. The nodes are superimposed to an FA map also estimated from D-BRAIN
data.
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Figure 5.11: Connectivity analysis. The corresponding connectivity matrix built count-
ing the number of streamlines connecting each couple of parcels (intensities displayed in
logarithmic scale).

5.6 D-BRAIN data: strenghts and limitations

DW MRI data acquisition settings or tractography performance should ideally be
studied with respect to phantom data with an adequate level of complexity. These
considerations convinced us to include complex sets of streamlines coming from
a real data set into our phantom and to use data-driven analytical characterizations
of the intra voxel diffusion models. Other phantoms have been extensively used
as a test bench for FT algorithmscomparison. An example is the Fibercup phan-
tom [Fillard 11]. However, it has been also criticized for its quite low FA that
privileges a certain class of techniques [Cote 13], and, on top of that, it is geomet-
rically much simpler than a human connectome, as many other software phantoms
are.

In fact, we show that our framework is able to simulate realistic FA and fODF
maps, and that tracking complex neural bundles in our phantom is possible. A
good tractography method should be able to trace the bundles correctly, and the
proposed method allows those kind of investigations, since it automatically in-
cludes a brain-like anatomy of high-level complexity. Additionally, a variety of
DW MRI related problems can be investigated with brain-like D-BRAIN data in
a realistic acquisition setting. The result of Fig. 5.6, known from the literature, is
retained within our framework and reflects the physical realism of the proposed
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Figure 5.12: Estimated network connectivity measures. Variability across different SNR
and resolutions of D-BRAIN data. Ground truth: from noiseless data whose voxel size is
1.4 × 1.4 × 1.4 mm3. High Resolution: from noisy data, voxel size is 1.4 × 1.4 × 1.4
mm3. Low Resolution: from noisy data, voxel size is 2.1 × 2.1 × 2.1 mm3.
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phantom. In Fig. 5.9, we show that a relistic relationship between the fODFs and
the b-value is seen in regions where fibers are expected to cross in a complex
way for our phantom, and at the WM-GM interface. This again emphasizes the
level of realism of the proposed phantom. Also, Fig. 5.7 shows that, by increas-
ing the voxel size, the different compartment contributions cause the finer WM
structures to gradually disappear from the fODF. This outcome is coherent with
the established properties of WM features estimation via CSD. Because of our
realistic acquisition protocol simulation, the proposed phantom and MR scanner
simulation combination allows one to evaluate the robustness of methods with MR
artifacts like partial voluming, low angular resolution, low angular contrast, and
Gibbs ringing effect.

Segmentation of realistic cortical and subcortical structures based on their con-
nectivity pattern was attempted in [Behrens 03a, Saygin 11]. However, it is not
clear how these methods perform depending on acquisition parameters. Study-
ing the efficacy of these techniques is now made possible with our method. As
demonstrated in [Kamali 09] for instance, the differentiation of specific bundles
may depend on the spatial resolution: this needs a phantom of variable resolution.
Many other possible acquisition scenarios can be simulated. In fact, a wide class
of algorithms can be tested on D-BRAIN data, allowing to draw conclusions that
are coherent with established properties of real brains, since the phantom includes
brain-like spatial and geometric information and a complete simulation of the DW
MRI acquisition process. Most importantly, we proposed a complete framework
that simplifies the study of connectivity measures with respect to acquisition pro-
tocol parameters.

Lastly, we noticed that many connectivity-related measures from literature [Ru-
binov 10] require hard thresholding and binarization of CMs as a pre-processing
step. This helps to exclude false positive streamlines (that are therefore consid-
ered as noise) from analyses, and to reduce inter-data variability at the same time.
However, if these streamlines are estimated by a FT algorithm that enforces a cor-
respondance with the biological data, like SIFT does, this raw quantization may
lead to a loss of useful information, as also hypothesized in [Smith 13]. More ex-
tensive studies on different realizations of our phantom may reveal the benefit of a
different CM thresholding approach, if the target is to investigate the variability of
graph theory related connectivity measures.

Our assumption about homogeneity within each brain tissue is a simplification;
the phantom would become even more realistic if a greater number of tissue classes
is included, like proposed in [Alfano 11]. complex model to approximate the GM
diffusivity attenuation, the “astrocylinder” [Panagiotaki 12]. However, we found
that the aforementioned model fits the GM diffusion attenuation across multiple
b-values only if a biologically unrealistic cylinder radius is used, if compared to
real dendrites size [Jespersen 07, Stuart 08].
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The experiments performed by Dyrby et al. on ex-vivo monkey data [Dyrby 13]
and by Huang et al. on in-vivo human data [Huang 15] point out that estimates
of axon diameter in WM are dependent on the gradient strength used for the
acquisition and, in both studies, these estimates are seen to become more ac-
curate as the b-value increases. The parameter Δ affects the estimated radius
also. Diameter estimates obtained by Huang from data acquired at higher b-values
(G > 145 mT m−2) are realistic, and close to estimates coming from histologic
studies of the body of the corpus callosum. And they are also close to diameter for
the “zeppelincylinder” model we used for the WM, although it has been estimated
from datasets with a maximum b-value of G = 60 mT m−2 [Ferizi 14]. Nonethe-
less, we remark that the other parameters we used for the zeppelincylinder model
can be of limited accuracy. Recent studies [Ferizi 15] showed the advantage of
using WM fiber dispersion models like [Sotiropoulos 12, Zhang 12]. These mod-
els could be incorporated in the proposed framework to improve the quality of the
phantom data.

The streamlines we used as “input connectome” may be a biased representation
of the true brain connectivity diagram of the scanned volunteer. As a matter of fact,
assessing the anatomical accuracy of results from any FT algorithm is currently a
very challenging task. Fiber populations crossing at small angles [Tournier 08]
may have been not resolved. Additionally, CSD provides a high angular reso-
lution, but it is not able to make distictions between crossing and fanning fibers
inside a voxel, and it is challenged by fibers that follow narrow U-shaped pat-
terns. Nevertheless, the pipeline we used reduces tractography biases, and iFOD2
allows an improved estimation in regions with curve bundles. The tractography
technique we used produces tractograms that show a good intra-scan and inter-
scan stability [Smith 15]. Besides, at voxel level, fiber densities are biologically
meaningful [Smith 13], and this convinced us to introduce equation 5.3 in our
method.

5.7 Conclusions

In this chapter we propose a method to generate phantom DW MRI data. The
phantom consists of DW MRI data generated from WM streamlines estimated
from real data. What sets our method apart is that the bundles are arranged with a
level of geometric complexity comparable to what is expected in human WM, and
the other brain tissues are included in our model as well. We included state-of-
the-art attenuation models in order to get the most accurate “brain-like” DW MR
phantom, and we made our phantom fully tunable in terms of simulated acquisi-
tion on a virtual MRI scanner. We showed that fiber bundles estimated with FT
techniques exhibit realistic 3D structure. We showed that the FA maps and fODFs
estimated from such a phantom have a realistic sensitivity with respect to noise
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and other acquisition parameters. The results we show are achieved without the
need of human intervention. Additionally, we provided a framework within which
connectivity oriented DW MRI methods validation is possible, and the features of
the estimated connectomes can be investigated while many acquisition parameters
are varied.

The initial stage of this research work resulted in a conference paper published
in conference proceedings [Perrone 14]. Additionally, a journal paper has been
accepted by an A1 journal [Perrone 16].
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6
Connectivity metrics biases

“It is paradoxical, yet true, to say that the more we know, the more
ignorant we become in the absolute sense, for it is only through en-
lightenment that we become conscious of our limitations. Precisely
one of the most gratifying results of intellectual evolution is the con-
tinuous opening up of new and greater prospects.” - Nikola Tesla

6.1 Introduction

In the previous chapter we illustrated a method to create diffusion MRI phantom
data with a realistic level of complexity. These brain-like data can be used to test
the effectiveness of noise or artifact suppression techniques w.r.t applications of
clinical interest. One of the fastest growing applications in diffusion MRI is con-
nectomics, whose goal is the comprehensive mapping of neural connections link-
ing cortical and subcortical brain regions. In fact, the axons of our brain are known
to originate and terminate in the grey matter (GM), travelling mainly through deep
white matter (WM). By inferring long-range anatomical WM connections of the
cortex, diffusion MRI holds the promise of decrypting the human brain connectiv-
ity fingerprint. The estimated structural connectivity can be abstracted to a graph,
a set of nodes linked by edges which can be further analyzed using graph the-
ory [Sporns 02, Sporns 05, Honey 07, Hagmann 07].

This relatively new approach in neuroscience has been recently applied to the
investigation of the human brain in all its aspects. In fact, connectomics may hold



the key to substantially new quantitative insights into clinical and developmental
psychopathologies. However, the application of network theory to the interpreta-
tion of brain data poses several challenges. In particular, there is no consensus on
how to build an accurate map of the connectome.

From a technological point of view, the image resolution currently available
might not be sufficient to resolve smaller WM structures. Additionally, the bound-
ary between a WM bundle, or edge, linking different GM regions, or nodes, is
often blurred due to partial volume effect. This limitation motivated us to inves-
tigate the variability of so-called brain connectivity metrics with respect to tissue
classification accuracy. More specifically, in this chapter we start explaining the
hypothesis behind this work in section 6.2. Secondly, in section 6.3, we explain in
detail the method we used to investigate this hypothesis. Next, in section 6.4, we
quantitatively illustrate our findings and we discuss the strenghts and limitations of
the presented study in section 6.5. Finally we conclude the chapter in section 6.6.

6.2 Challenges in Connectomics

Among the crucial points that still need to be addressed in connectomics is the def-
inition of the nodes and edges of brain networks (see [Sporns 14]). For example,
it is unclear how GM should be parcellated at a macroscopic scale. Several parcel-
lation methods have been proposed, however the number of GM nodes influences
many estimated local and topological properties of brain networks [Zalesky 10].
Additionally, finding the edges of these networks via fiber tractography (FT) is an
ill-defined problem: the resulting streamlines are rather a data abstraction and they
do not necessarily reflect individual axons.

At the WM-GM interface, WM axons leave the main bundles and enter the
GM in a complex way [Van Essen 13]. As the measured signal might be affected
by partial volume effect, identifying biologically meaningful endpoints for those
(sub) cortico-cortical streamlines is challenging. Besides, another known problem
is the so-called gyral bias (see [Jbabdi 11]): FT algorithms find more streamlines
to hit the crown of a GM gyrus rather than its wall, an outcome which is not con-
firmed by direct observations of excised tissues. Historically, much of the observed
uncertainty has been attributed to noise in the measurements and to limited spa-
tial resolution. However, novel findings on data acquired at higher resolutions and
SNR show an even more complex scenario.

Although radial anisotropy has been clearly observed in GM, with principal
diffusion directions mostly perpendicular to the GM/WM surface, a decrease in
FA has been estimated from post mortem and in-vivo data at the same interface,
notably on the side of WM [Miller 11, Heidemann 12]. The origin of this phe-
nomenon is currently under debate. However, a recent study [Reveley 15] found
that superficial, local WM association fibers become detectable at very high res-

108



olution. As these run parallel to GM sulci and gyri, they can form a barrier for
FT algorithms which estimate WM streamlines penetrating into the cortex. With
the goal of detecting a higher number of fiber termination points, enlarged cortical
volumes are often used, overcoming the problem by including adjacent WM vox-
els into the GM parcels. As a matter of fact, a connectivity analysis performed on
standard resolution data (2× 2× 2 mm3) implies the deliberate inclusion of adja-
cent WM voxels into GM parcels, that is, a layer of approximately 2 mm thickness
of WM is actually classified as (sub)cortical tissue.

Notice that the classification of WM voxels as part of GM nodes could also
result from inaccurate registration methods. In fact, GM nodes bleeding can be
typically observed after a standard registration of AAL atlas nodes to the native
subject space.

We hypothesize that this inaccurate classification may result in different detec-
tion rates for (sub)cortico-cortical connections, introducing a bias in the computa-
tion of graph-theory metrics. In fact, many of the more complex network metrics
are based on nodes degree, strength and network density, which strongly depend
on the detection of those connections. In the rest of this chapter, we use the well-
known AAL atlas [Tzourio-Mazoyer 02] to quantify the variability of graph-theory
measures estimated from brain networks while mimicking tissue misclassification,
i.e., while the volume of parcellated GM regions is varied in each subject. The
network metrics we study are derived from binary, weighted and thresholded con-
nectivity matrices (CMs) and were obtained using the approach explained in the
following section.

6.3 Proposed data-driven approach

The goal of this work is to verify and quantify potential biases in connectivity
analyses related to the volume of (sub)cortical GM nodes. To this end, we used
the approach elucidated in the next subsections, which presents in detail the data
sets included, the method used for the estimation of brain network edges and the
nodes construction step.

DWI data sets

In our investigation, we included N = 50 data sets as obtained by the WU-Minn
Human Connectome Project (HCP) [Van Essen 13], at the higher end of the data
quality spectrum. Those diffusion MR images, whose voxel size is 1.25 × 1.25
× 1.25 mm3 , were acquired using multiple diffusion gradient strengths. In addi-
tion, T1-weighted images were acquired, to aid the identification of the different
tissue types. The resulting DW images are aligned geometrically to each other and
to the corresponding structural data. The complete acquisition protocol is pub-
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licly available at www.humanconnectomeproject.org. From those data sets, we
selected a subset of (DW) images corresponding to an attenuation of b = 0 and
3000 s mm−2 applied in 18 and 90 directions, respectively.

Data preprocessing

We processed those DW data sets using ExploreDTI [Leemans 09a]. Constrained
spherical deconvolution (CSD, [Tournier 07]) was used to estimate the fiber orien-
tation distribution function (fODF) from the DWI data using a maximum spherical
harmonic order of 8, whereas the fiber response function (RF) was estimated using
the recursive calibration approach of Tax et al. [Tax 14]. Deterministic FT was
performed by seeding each WM voxel. Streamlines were initiated along any peak
of the fOFD exceeding the amplitude of 0.1 [Jeurissen 13] and propagated with a
step size set to 0.6 mm. Termination criteria were a turning angle of greater than
30◦ and an fODF amplitude of 0.1. The anatomical, T1-weighted images were
processed using FreeSurfer [Fischl 12]. This method implements a deformable,
surface-based segmentation which is corrected for topological defects; addition-
ally, each brain structure is treated as a different class, with spatial priors included
for their identification. Grey matter parcels as obtained from the Desikan-Killany
atlas [Desikan 06] were imported in ExploreDTI, as they served as GM masks for
our network construction approach, which is elucidated in the next section.

Multiple networks construction and processing

We obtained the CMs for the presented study running the connectivity analysis tool
of ExploreDTI. The GM nodes included were obtained from the AAL (sub)cortical
parcellation map [Tzourio-Mazoyer 02] which is accepted and widely used by the
neuroscience community. We enumerate these GM regions in Table 6.1.

Our goal is to capture the effect of GM nodes bleeding into WM, and to quan-
tify the influence of this phenomenon with respect to graph-theory metrics. Hence,
instead of performing a classical connectivity analysis using the subject-registered
AAL nodes, we designed our experiment as follows: we first obtained different
sets of nodes for each subject and afterwards we performed connectivity analyses
using those (Fig. 6.1). A 3D cross-shaped kernel (Fig. 6.1(c)) was used to itera-
tively dilate the GM mask of each subject (Fig. 6.1(a)) obtained with FreeSurfer.
The dilation operation was constrained by each of the original AAL atlas GM
nodes (Fig. 6.1(b)) to avoid nodes overlapping. The dilation parameter, indicated
with D, has been varied from 0 to 4, as this factor of 4 resulted in nearly com-
pletely filled-in AAL nodes. Notice that this parameter will be extensively used in
the rest of this work as we consider it a measure of tissue classification accuracy.
We obtained 5 different sets of N=90 nodes for each of the 50 DW data sets under
analysis.
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Figure 6.1: The GM mask obtained with FreeSurfer (a) is dilated using an isotropic kernel
(c) up to D times, emulating inaccurate tissue classification. The dilation is constrained by
each of the AAL atlas nodes (b) to produce sets of GM nodes of different volume. Together
with whole-brain tractography data (d), these sets nodes are used for our investigation.

Afterwards, the whole-brain tractograms of each subject (Fig. 6.1(d)) were
used to compute a CM for each of the individual sets of nodes, that is, across dif-
ferent volumes of GM parcels. Finally, these CMs were processed using the Brain
Connectivity Toolbox [Rubinov 10] and analyzed using graph-theory metrics (see
also [Kaiser 11] for a review). We considered binary, weighted and thresholded
CMs, not normalized and without self-connections. Measures like clustering co-
efficient, characteristic path length and global efficiency were normalized with
respect to 100 random networks produced preserving the degree or weight distri-
bution of the original network. T-tests were used for testing differences between
metrics using a significance level of 0.001.

6.4 Results

In this section, we report the findings for a number of graph theory metrics used
in clinical studies across different values of the dilation parameter D. We also
separately investigated the estimated properties of cortical and subcortical nodes,
the robustness of matrix thresholding approaches as well as the influence of the
dilation parameter D on detected brain asymmetries.
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Table 6.1: GM nodes from the Automated Anatomical Labeling (AAL) atlas. White rows
indicate the name of different GM structures, whereas the coloured rows above indicate the
corresponding label number.
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Nodal volume changes across the dilation parameter D

In Fig. 6.2 we show how the volume of each node changes with respect to the
dilation parameter D. It is clear from Fig. 6.2(a) that volumetric differences are
more pronounced in the cortical nodes than in the subcortical nodes, whereas in
Fig. 6.2(b) it can be seen that the average ratio between the volume of the nodes
derived for D=0 and for D=4 is about 0.56. Notice that, for D=4, the AAL nodes
are completely filled in and a non-negligible amount of WM voxels are implicitly
classified as GM (see Fig. 6.1). In Fig. 6.2, the highest volumetric difference
is observed in the right hemisphere and more specifically for the superior frontal
gyrus, orbital part (node 6), the posterior cingulate gyrus (node 36) and the superior
occipital gyrus (node 50). The smallest differences are found for the thalamic
nodes (nodes 77-78). For these nodes, the minimum volumetric ratio observed is
0.9 and increases as D increases.

Degree and density measures

As hypothesized, more edges are detected between each of pair of nodes are when
the volume of nodes grows. We show differences estimated from binary CMs in
Figs. 6.3 and 6.4.

Specifically, in Fig. 6.3(a) we picture the nodes’ mean degree as D varies: the
metric nearly doubles, going from 14 to about 28, whereas its standard deviation
increases by about 50%. The increased number of detected edges is also pictured in
Fig. 6.3(b). From Fig. 6.3, it can be seen that the transverse temporal gyrus exhibits
the lowest absolute increase in degree (nodes 79-80) while the occipital pole as a
whole (nodes 49-54) shows more pronounced variations. For the superior and
inferior part of this cortical area (nodes 49-50 and 53-54), the percentage increase
in degree is higher than 300%, corroborating our initial hypothesis.

In Fig. 6.4(a) we show the CM obtained by averaging the binary CMs of the
selected subjects. As the volume of the nodes increases, also the average density
(Fig. 6.4(b)) changes significantly, going from 0.16 to 0.32. Across a variety of
subjects, many edges which were not detected for D=0 become valid entries for
the CMs. The uncertainty on the average density also increases: its standard devi-
ation increases by 30%, casting doubts on the interpretation of those graph-metrics
results.

Nodes strength for different CM weighting

Figs. 6.5, 6.6 and 6.7 report findings obtained after computing nodes strength from
weighted CMs. We investigated weightings that are also used for clinical studies:
FA (Fig. 6.5), tract density as defined in [Hagmann 07] (Fig. 6.6) and raw num-
ber of tracts (Fig. 6.7). A separate panel is used to show the effect of each dilation
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Figure 6.2: Difference between the volume of standard AAL nodes and the sets of nodes
obtained as from Fig. 6.1 for 50 different subjects. In (a), an axial view of the nodes used:
size and color represent the average volume percentage computed w.r.t. the standard AAL
nodes. In (b), the mean and standard deviation of the volume percentage for each node is
depicted (see Table 1).
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D = 2

D = 4

D = 0

…
..

..…

(a) (b) (c)

Figure 6.3: Variation of nodes degree while D varies, average across subjects and nodes
(a). This variation can be perceived in (b): nodes size reflects the estimated average degree,
as their color. Blue indicates a low degree, whereas red indicates a high degree. In (c),
we pictured the mean and standard deviation of nodes degree: significant variations are
observed for basically every GM node.
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Network Density
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Figure 6.4: In (a), the mean CM obtained by averaging binary CMs from each subject.
New edges are detected as valid (sub)cortical links as D increases, resulting in an increased
network density (b).
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step. Specifically, in Fig. 6.5 we show how node strength obtained by FA weighted
CMs varies across D. Overall, going from D=0 to D=4 causes an average percent-
age growth of about 230%, which peaks for occipital nodes, and in particular the
inferior occipital gyrus (nodes 53-54) whose percentage growth is about 400%.
Note that the first two dilation steps result in significantly different average met-
rics (green dots in Fig. 6.5(a-b)).

We then considered density weighted CMs (Fig. 6.6). Also in this case, the
average percentage growth of nodes strength is very pronounced, quantified in
about 240% when D goes from 0 to 4. In the panels of Fig. 6.6, we observe that
the strength related to the inferior occipital nodes (nodes 53-54) has an estimated
percentage growth of about 400%. Other marked changes are visible, for instance
for the left middle occipital gyrus (node 51) and the left temporal gyri (nodes 79,
85 and 89) that also undergo a percentage growth as high as 350%. As in Fig. 6.5,
green dots indicate statistically significant differences in average metrics.

Fig. 6.7 pictures the variability of nodes strength computed on CMs obtained
with raw fiber counting. In terms of absolute increase, marked differences are ob-
served for the supplementary motor area (nodes 19-20), the medial superior frontal
gyrus (nodes 23-24) and the precuneus (67-68), while in terms of relative increase
huge differences in strength (up to ten times larger) are observed in the superior
frontal gyrus, orbital part (nodes 5-6), the calcarine, the cuneus, the lingual and
the occipital pole (nodes 43-54) and the temporal middle and inferior gyri, albeit
in the left hemisphere only (nodes 85 and 89).

Compared with the results of Figs. 6.5 and 6.6, statistically significant vari-
ations of metrics are in this case observed even for the last dilation step (see
Fig. 6.7(d)) which corresponds to a mean volume growth of 1.5% only. We con-
clude that raw track counting is heavily influenced by the volume of GM nodes,
much more if compared to the other weighting strategies.

Clusters, nodes centrality and small-worldness

We therefore continued our investigation assessing the relationship between the
parameter D and topological metrics like clustering coefficient, betweenness cen-
trality and small-worldness (see [Rubinov 10] for their interpretation). The results
are shown in Figs. 6.8 and 6.9 and clearly indicate a significant and marked reduc-
tion of each of these measures as the volume of the (sub)cortical nodes increases.
Notably, the decreasing trend is independent on the weighting strategy under anal-
ysis.
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(a)

FA weighted connectivity matrices – Nodes strength across D pvalue < 0.001

(b) (c) (d)

Figure 6.5: Nodes strength estimated from FA weighted CMs, mean and standard deviation
are computed across subjects. The variations induced by each of the dilation steps are
detailed using a different panel. In panel (a) one can compare the effects observed for D=0
and D=1 and so on.
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Density weighted connectivity matrices – Nodes strength across D pvalue < 0.001

(a) (b) (c) (d)

Figure 6.6: Nodes strength estimated from density weighted CMs, mean and standard de-
viation are computed across subjects. The variations induced by each of the dilation steps
are detailed using a different panel. In panel (a) one can compare the effects observed for
D=0 and D=1 and so on.
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Number of tracts weighted connectivity matrices – Nodes strength across D pvalue < 0.001

(a) (b) (c) (d)

Figure 6.7: Nodes strength estimated from number-of-tracts weighted CMs, mean and
standard deviation are computed across subjects. The variations induced by each of the
dilation steps are detailed using a different panel. In panel (a) one can compare the effects
observed for D=0 and D=1 and so on.
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Figure 6.8: Other network metrics for binary and number of tracts weighted connectivity
matrices. Notice the dependency on the value of D. Top row: clustering coefficient. Mid-
dle row: betweenness centrality. Bottom row: small-worldness. These other metrics all
decrease when the GM nodes volume increases.
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Figure 6.9: Other network metrics for density and FA weighted connectivity matrices.
Notice the dependency on the value of D. Top row: clustering coefficient. Middle row:
betweenness centrality. Bottom row: small-worldness. These other metrics all decrease
when the GM nodes volume increases.
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Variability of the network properties of cortical and subcortical
nodes

We already noticed in section 6.4 that volumetric differences are far more pro-
nounced for cortical than for subcortical nodes. These are now averaged and quan-
tified in Fig. 6.10(a). We separately compared the properties of nodes derived from
the cortex and from deep GM (that is, hippocampus, amygdala, caudate, putamen,
pallidus and thalamus). These were grouped in two separate classes and their
metrics were averaged. The results of our investigation are shown in Fig. 6.10.
In terms of brain network metrics, subcortical nodes always exhibit higher de-
gree/strength, higher betweenness centrality and lower local efficiency than the
cortical ones (see Fig. 6.10(b)). Notice that cortical-to-subcortical differences are
statistically significant for metrics derived from binary as well as density weighted
CMs.

Network thresholding approaches: robustness against changes
in nodes volume

In brain network analyses, weaker edges might be due to spurious, artefactual
streamlines, which have the potential to bias the estimation of the properties of
brain networks [Rubinov 10, Fornito 13]. Thresholding is often used as a way to
mitigate the influence of these false positives while preserving genuine features
of a network. The focus of this work is not on brain network thresholding, so
we consider a methodological review of those approaches beyond the scope of
this work. Instead, we tested how the volume of nodes influences two different
thresholding approaches already proposed in literature for brain studies.

The first approach is group thresholding (see [de Reus 13]) whereas the second
one is based on fixing a desired density for the CMs (see [Van Wijk 10]). For the
first approach, the inputs for the experiment are the binary CMs, which have a 1 if
at least one connection is detected and a 0 otherwise. For the second approach, we
used density weighted CMs that were binarized after fixing the desired edge den-
sity. We show in Fig. 6.11 how metrics obtained after group thresholding exhibit
a high, significant dependency on the volume of parcellated nodes. On the other
hand, the results pictured in Fig. 6.12 and related to the fix edge density approach
appear to be less sensitive to variations of D. Nonetheless, significant differences
are observed in Fig. 6.12 for clustering coefficient and small-worldness when com-
paring the curves corresponding to D=0 to the family of curves obtained for higher
values of D.
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Figure 6.10: Across different values of the dilation parameter D, the volumetric varia-
tion observed for cortical nodes is significantly higher than the one observed for subcortical
nodes (a). In turn, the estimated average metrics (b) are also significantly different, nonethe-
less they also change depending on D. Metrics estimated from binary CMs (b(iv-vi)) exhibit
a higher similarity if compared to ones obtained from density weighted CMs (b(i-iii)).

124



Figure 6.11: The effect of group thresholding on network metrics computed at different di-
lation steps. All the metrics we show vary with the group threshold, as previously reported.
However, they also depend significantly on the dilation parameter D.
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Figure 6.12: The effect of D on fix edge density CMs thresholding. The metrics are quite
robust to changes of the dilation parameter D. Two exceptions are clustering coefficient
and small-worldness, for which the estimates obtained for D=0 significantly differ from the
estimates obtained for enlarged GM nodes (green dots).
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Influence on brain networks asymmetries

Motivated by several recent works on brain asymmetries (such as [Catani 07, de
Schotten 11, Caeyenberghs 14, Perry 15]) we also tested if, and to what extent,
the detection of differences between hemispheres is influenced by the volume of
GM nodes. For this experiment, we compared measures of degree, betweenness
centrality and local efficiency as obtained by each node in the left hemisphere
and by its correspondent in the right hemisphere. The results are summarized
in Fig. 6.13. Differences in average metrics computed from binary as well as
weighted CMs were once again assessed with a two-tailed T-test. Importantly, the
significance of differences observed is impacted by the variation of the parameter
D. Furthermore, we observe that there are few nodes for which there is a consensus
among the 4 weighting strategies adopted.

6.5 Discussion

In medical imaging, the objects to be segmented are the actual anatomical struc-
tures, within the constraint of voxel resolution, which is often coarse compared to
the complex shape of the human brain cortex. In fact, this is characterized by a
highly convoluted surface and a number of sulci and gyri which varies significantly
from person to person.

Atlas-based parcellation has been an appealing choice among neuroimaging
investigators for its low computational cost, but it is inaccurate in so far as it
does not account for intersubject pattern variability. Thanks to the increased pro-
cessing power and spatial resolution available nowadays, segmentation and par-
cellation methods like FreeSurfer [Fischl 12] or the one recently proposed by
Glasser [Glasser 16] offer nowadays more reliable, subject-tailored brain parcels.
These are not perfect either and can differ significantly from the ones obtained by
manual segmentation [Grimm 15]. In this study, we do not consider manual seg-
mentation for two reasons. First, this is a time-consuming operation even for the
relatively low number of subjects we used in our study. Second, most of the work
we are aware of makes use of automatic segmentation and labeling tools, which
motivated us to set up our study using the method explained in section 6.3.

We show that nearly every metric computed for brain networks significantly
depends on D, that is, on the amount of WM voxels misclassified and incuded in
GM nodes. Simple measures from binary networks like degree (Fig. 6.3), density
(Fig. 6.4), and from weighted networks like strength (Figs. 6.5, 6.6 and 6.7) widely
vary as more streamlines are considered valid connections between each couple
of nodes. It may be tempting to consider this higher number of streamlines as
additional useful information, however the higher standard deviation observed for
D=4 (degrees, density, and strength) casts doubt on this interpretation. In fact,
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Figure 6.13: Detected interhemispheric differences between nodes. Statistically significant
differences are indicated using the following markers: “b” = binary, “h” = density weighted,
“n” = number of tracts weighted, “f” = FA weighted. Green rectangles indicate consensus
among the 4.
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whole-brain tractograms are known to contain an unknown number of spurious
streamlines. On the other hand, one might argue that results for D=0 might be
prone to biases caused by the gyral bias [Jbabdi 11] and by the association WM
fibers observed in [Reveley 15]. A promising way to mitigate the influence of
this problem in clinical studies could be the adoption of more advanced fODF
estimation methods, which can effectively account for partial volume effect at the
WM/GM interface (see [Jeurissen 14]). Node degree distribution is a metric of
interest in classical graph theory, however we did not investigate it in this study
because having a low number of nodes typically results in power-law fits which
are not robust [Kaiser 11].

Despite the biases and limitations we have shown, the results of Fig. 6.8 con-
firm the small-world organization of brain networks, i.e., different brain areas are
sparsely connected, with locally clustered nodes and few long-range connections
ensuring the information transfer between these clusters (see [Bassett 06]). For the
sake of the completeness, we recall that the observed matrix density might have
been higher if a probabilistic FT algorithm would have been used (see [Yo 09]),
influencing many properties of the networks, including the clustering coefficient
[Muldoon 16]. However, Khalsa [Khalsa 14] observed that, compared to determin-
istic techniques, probabilistic FT might be less effective in reconstructing longer
WM pathways, hence underestimating the importance of more distant hubs. Addi-
tionally, a significant number of these aforementioned extra edges might actually
represent invalid connections (see the discussion section of the ISMRM 2015 trac-
tography challenge on www.tractometer.org).

It has been observed that reaching the correct termination point might be easier
for streamlines entering the deep GM [Jbabdi 15]. This could be true for two
reasons: firstly, deep GM nodes have much simpler shapes, if compared to cortical
convolutions. Secondly, nearby neurons are organized in thicker, coherent bundles,
which might explain the results shown in Fig. 6.10 and indicate that nodes degree
and strength is consistently higher for subcortical nodes than for the cortical ones.

The tests performed on network thresholding approaches (Figs. 6.11 and 6.12)
suggest that fixing an edge density before thresholding density weighted CMs is
a more appropriate way to deal with the uncertainty introduced by the volume of
GM nodes, if compared to group thresholding of binary CMs. To date, however,
it remains an open question which approach is more informative and therefore
appropriate.

Finally, the hemispheric differences we observed (see Fig. 6.13) clearly depend
on the dilation parameter D. A number of different and contradictory outcomes
could be derived from our results, as only few nodes, namely the gyrus rectus
and the angular gyrus, exhibit a consistent hemispheric asymmetry albeit for node
degree only. Many other nodes exhibit significant left-right asymmetries that are
inconsistent across different values of D or different CMs weighting strategies.
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In this work, we performed our investigation varying the parameter D, however
in the absence of a ground-truth our results can not indicate any optimal value for
it. As many network metrics widely vary with the estimated volume of GM nodes,
we put forward the idea of developing a tunable segmentation and parcellation
method. Based on whole-brain tractograms computed beforehand, such a method
would modify the (sub)cortical thickness to match predefined levels of e.g. net-
work density. To this end, one possibility is the use of tissue probabilities (as
obtained by segmentation methods) as a tuning parameter, thus giving a more bio-
logical interpretation to CMs thresholding. The stability of resulting brain metrics
can be compared with the ones obtained by regular post-processing of CMs (i.e.,
thresholding) although specific biases introduced by FT algorithms would still be
present.

And lastly, given this uncertainty we have on the identification of the GM/WM
interface, we speculate that such a tunable method might be actually useful to
investigate the superficial white matter properties for non-healthy subjects like in
[Phillips 16]. However, this is beyond the scope of the current study and it can be
material for future work.

6.6 Conclusions
If the AAL atlas is carelessly used to parcel the (sub)cortical GM, a number of
WM voxels might be erroneously classified as GM. We would therefore strongly
encourage a post- registration visual check before performing structural connectiv-
ity analyses. In fact, we have shown in this chapter that findings from the current
research can be biased by the volume of parcellated GM nodes, that is, from the
inaccurate classification of WM voxels. We have quantified its effect on measures
derived from brain networks. We considered binary, weighted and thresholded
networks.

We have shown local and topological properties of brain networks can signif-
icantly change because of tissue misclassification. Our results raise awareness of
the effects of this problem which have not been investigated before in connec-
tomics. We conclude this chapter calling for caution when interpreting results
obtained from brain network metrics, hoping that future, significant improvements
in DWI data processing pipelines will lead to improve brain networks analyses.
A journal paper related to the presented study has been prepared and is currently
under internal review.
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7
Conclusions

“The whole strenuous intellectual work of an industrious research
worker would appear, after all, in vain and hopeless, if he were not
occasionally through some striking facts to find that he had, at the end
of all his criss-cross journeys, at last accomplished at least one step
which was conclusively nearer the truth. ” - Max Planck

7.1 Conclusions
In the first part of this PhD dissertation we took a closer look at diffusion MRI
principles and applications, as well as to artifacts and limitations that characterize
this unique brain imaging technique. In the second part, we illustrated the methods
developed during this PhD and the study we performed, which we briefly recapit-
ulate below.

Gibbs ringing in diffusion MRI

The first investigation had the goal to improve the estimation of tissue biomarkers
which can be obtained by processing diffusion MRI data.

As pointed out in the chapter focused on Gibbs ringing artifacts, the spatial res-
olution of data obtained with diffusion MRI is inherently limited by technological
constraints, i.e., the MRI scanner gradient power. The acquisition of k-space data
has to be truncated at some point, discarding higher frequency Fourier coefficients.
In turn, this is the cause of a poor reconstruction of the edges in the corresponding



image. Our quantitative results underlined that the artifact has a pervasive effect
on all of the diffusion MRI measures widely used in clinical practice.

Image contrast is often optimized during the acquisition to enhance the perfor-
mance of tissue segmentation algorithms, sharp edges are widely present in MR
brain images. However we demonstrated that the sharper the edge, the more pro-
nounced the Gibbs ringing induced oscillations, the more distorted the estimation
of biomarkers like FA or MD.

Some data sets clearly exhibit oscillations and need to be processed at image
level before undergoing any analysis pipeline. However, the impact can be subtle,
but it is ever-present: just because one does not see the artifact, it doensn’t mean
the artifact is not there. As Gibbs artifact naturally arises because of the acquisition
technique used for diffusion MR imaging, one could conclude that also data sets
which do not exhibit visible oscillations should be processed. This can be done
using the approach we adopted, which is also useful for denoising. However, given
the extra computational time and the risk of oversmoothing features of interest in
the acquired data, it should be assessed if, and to which extent, such an effort
would be worthwhile.

In a recent paper [Kellner 15] a novel method based on local-subvoxel shifts is
presented, which aims at the removal of Gibbs induced oscillations only. We argue
that, given the noisy nature of the MRI signal, images should be anyway denoised
at a certain point. It would be therefore interesting to test the performance of a
two-step pipeline, denoising and deringing, in comparison to the joint approach
we opted for.

Diffusion MRI phantoms

The second investigation resulted in complex and brain-like phantom data, which
we made public to the scientific community.

Validation is a challenging problem for diffusion MRI data, especially for FT
techniques. To this end, we opted for an in-silico approach. As explained in the
chapter focused on diffusion MRI phantoms, we provide a method to produce
synthetic diffusion MRI data of high geometric complexity and embedded into a
human-like anatomy. These data allows to validate FT techniques in the presence
of typical acquisition problems.

As a matter of fact, we know from histology that the WM bundles we want to
localize and study in-vivo travel mostly in the deep WM, however they originate
and end into the cortex or into deep GM nuclei. Understanding whether a certain
brain region A is connected to another region B involves the ability to image this
specific connection through its entire pathway.

There are of course a number of limitations of the proposed approach, notably
at the WM/GM interface. However, we believe that a complex spatial geometry is
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necessary in a phantom intended to mimic human data. Hence D-BRAIN data, or
similar phantoms (like the one used for the ISMRM Tractography Challenge 2015)
are a partial yet useful way to test FT algorithms performance and to investigate
the limitations of human connectomics.

Going from in-vivo estimates to ex-vivo inspection of WM fasciculi is possible
with animal brains, but it is definitely more difficult with human ones. Unfortu-
nately, the latter ones differ significantly from zoological specimen. For instance,
the human brain is distinctively bigger than the one of any other primate, mainly
because of the expansion of the prefrontal cortex, and its surface is folded in a very
complex way. As human WM is spatially embedded into such a cortex which is
strongly convoluted into sulci and gyri, we wonder if, and to which extent, im-
provements in FT outcomes demonstrated and validated on a mouse brain, whose
cortex is smoother and flatter, can effectively result in clear advantages for the
investigation of the human brain connectivity fingerprint.

Connectivity metrics biases

In our third work we quantified the influence on GM segmentation quality of brain
network metrics.

As explained in the chapter focused on connectivity metrics biases, tissue mis-
classification (or the deliberate use of enlarged GM nodes) is a significant source
of variability in connectivity analyses. By quantifying the biases associated with
the volume of GM nodes, i.e., with the amount of WM voxels implicitely classified
as (sub)cortical tissue, we demonstrate that serious efforts are needed to improve
the pipeline for constructing such brain networks.

Our CNS is indeed an intricated network and many of the psychiatric illnesses
are believed to be connectivity problems [Morgan 13]. As any other known clini-
cal method, from biopsy to radiography to blood tests, gives inconclusive results,
diffusion MRI and connectomics offers a new and ground-breaking way to gain in-
sight into pathologies for which there is simply no idea of what is wrong. However,
the finite imaging resolution at our disposal, combined with the extreme complex-
ity of an organ like the human brain, makes these analyses extremely challenging.

A very important step in network analysis is the definition of a network in
terms of nodes and edges. Brain networks are normally defined in terms of corti-
cal regions (nodes) connected by WM fasciculi (edges). The first ones are obtained
via automated GM parcellation, whereas the second ones are estimated using trac-
tography. Both these methods have their limitations, and in particular it is difficult
to identify the correct point in the 3D space where a node ends and an edge begins.
In turn, this uncertainty introduces a variability which can complicate the compar-
ison of results across different subjects and different studies, possibly leading to
misinterpretations of results.
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7.2 Future investigations
To date, achieving the spatial resolution needed to perfectly distinguish different
tissues in vivo remains a big challenge. MR imaging at higher field strength offers
an increased SNR, which can be traded to reach higher resolutions and resolve
smaller brain structures. However, the recent adoption of 7T scanners in clinical
studies also revealed that a number of technical limitations remain to be addressed,
namely in terms of magnetic field inhomogeneity and motion sensitivity.

Data acquired with different modalities might be the key to a deeper under-
standing of the structure and function of the human brain. As the use of more
abundant information generally leads to better results, we believe that results from
multi-modal studies will lead to improved classification of pathologies.
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