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Abstract
• Context: Giving patients affected by glioma, we want to delineate white
matter (WM) tracts. This reconstruction can be useful for neurosurgeons,
to resect the tumour applying the principle of maxima resection, but also
to study the impact of the glioma on the structural connectivity. In fact,
the WM tracts can be displaced, infiltrated or disrupted by the tumour.
Until now, the diffusion-weighted magnetic resonance imaging (dMRI) data,
together with the tracking algorithm, are the unique techniques able to
reconstruct brain structure in a non-invasive way.
In our research, we want to track the course of the WM bundles in the
presence of expansive lesions, such as neoplasm. We know that there are
several algorithms, but there is not a gold standard in the literature to
address this type of problem. The most promising approach seems to be
the probabilistic one, but we know that the presence of lesion and oedema
can affect our ability to follow the whole tractogram in a physiological way.
Therefore, the aim of the thesis is to implement an analysis pipeline that,
given the raw data, allows us to obtain a credible structural connectivity
(SC) matrix in patients affected by glioma, selecting in particular excellent
algorithm and reliable parameters.
We want to evaluate the performance of the pipeline assessing if the SC
matrices are reliable. Furthermore, we want to characterise the main SC
alterations observed in the given dataset under analysis, especially at the
brain network level.
• Materials and Methods: Dataset is composed by 32 subjects affected
by glioma at different stages. The first aim is to choose the algorithm that
better traces the WM tracts. The four tracking algorithms are applied with
the default cut-off on 11 subjects. So, we generate the SC matrices with
two metrics, using the Schaefer functional atlas with 100 parcels for each
hemisphere. Then, after having decided which algorithm gives the wealthier
information in terms of streamlines and, applying a clustering analysis,
which algorithm provides more plausible results from a physiological point of
view, we select the algorithm. Once we have selected the proper algorithm,
we want to understand if some algorithm’s parameters can impact on the
3
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estimation of the SC matrices, thus the threshold for tracking termination
criteria. For the same sub-sample of 11 subjects, the tractograms with the
proper algorithm and the respectively SC matrices, are generated with cutoff values equal to 0.1, 0.09, 0.08, 0.07, 0.06, and 0.05. The Krzanowski test
and the PCA analysis provide the choice for the threshold cut-off.
Finally, since a validation procedure to validate the SC matrices does not
exist, we relate the SC alterations with the lesion that causes them. We
consider a statistical description of the distribution of the possible values,
using the Median and the MAD matrices and setting a significant threshold
value.
• Results: The chosen algorithm is the iFOD2. Then, since the different
values of the cut-off do not impact in the estimate of the SC matrices, we
keep the default cut-off. To conclude, we obtain the altered connections
with the significant threshold value. We see that, the larger is the tumour
surface, the higher is the number of affected connections. We also see that
the oedema plays a role in this correlation. Then, we observe a major
number of alterations in the hemisphere where the tumour is collocated.
• Conclusions: The chosen algorithm is that suggested by the literature.
Moreover, we see that the cut-off does not impact on the estimate of the
SC matrices. For this reason, we set the default, as suggested for the general
cases by the literature.
Then, we observe that the results about the altered connections coincide
with the expected results, either at single subject and group level. Indeed, we see that there is a major correlation when considering the oedema
area. Thus, as literature has already demonstrated, under the oedema some
connections remain. Finally, obtained results of altered connections are coincident with what was expected: the tumour impacts more the connections
of the hemisphere in which it is located.
For the future works, applying a PET analysis, we want to understand if
there is a relationship between the highlighted alterations and the regional
variations of the metabolism. Physiologically, it is expected that the deafferent areas coincident with the tumour areas, burn less energy in terms
of metabolism.
4

Sommario
• Contesto: Considerando un paziente affetto da glioma, un obiettivo può
essere quello di delineare i tratti di materia bianca. Questa ricostruzione
puó essere utile per i neurochirurghi, per resecare il tumore applicando
il principio della massima resezione, ma anche per studiare l’impatto del
glioma sulla connettivitá strutturale. Infatti, i tratti di materia bianca
possono essere spostati, infiltrati o interrotti dal tumore. Fino ad ora,
i dati di diffusion-weighted magnetic resonance imaging (dMRI), assieme
all’algoritmo di tracciamento, sono le uniche tecniche in grado di ricostruire
la struttura cerebrale in modo non invasivo.
Nella nostra ricerca, vogliamo studiere l’andamento dei fasci di materia
bianca inficiati dalla presenza di lesioni espansive, tali le neoplasie. Sappiamo che esistono diversi algoritmi, tuttavia, in letteratura, non é presente
un gold standard per affrontare questo tipo di problema. L’approccio piú
promettente sembra essere quello probabilistico, tuttavia, sappiamo che la
presenza di lesioni ed edemi puó influenzare la nostra capacitá di ricostruire
l’intero trattogramma in modo fisiologico.
Pertanto, l’obiettivo della tesi é quello di implementare una pipeline di analisi che, partendo dai dati grezzi, ci permetta di ottenere, in pazienti affetti
da glioma, una matrice di connettivitá strutturale credibile, selezionando in
particolare l’algoritmo migliore e i parametri ottimi. Vogliamo verificare le
perfomances della pipeline valutando se le matrici di connettivitá struttutali
sono affidabili. Inoltre, vogliamo caratterizzare le principali alterazioni di
connettivitá strutturale osservate nel dataset in analisi, in particolar modo
a livello di network cerebrali.
• Materiali e Metodi: Il dataset é composto da 32 soggetti affetti da glioma
a diverse fasi. Il primo obiettivo é quello di scegliere l’algoritmo che meglio
delinea i tratti di materia bianca. I quattro algoritmi di tracciamento sono
applicati, con il cut-off di default, su 11 soggetti. Quindi, generiamo le
matrici SC con due metriche, utilizzando l’atlante funzionale di Schaefer
caratterizzato da 100 parcelle per ogni emisfero. Successivamente, dopo
aver deciso quale algoritmo fornisce piú informazioni in termini di numero
di streamlines e, applicando un’analisi di clustering, capendo quale algo5
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ritmo fornisce i risultati piú plausibili da un punto fisiologico, si seleziona
l’algoritmo.
Una volta selezionato l’algoritmo corretto, vogliamo capire se alcuni parametri
di esso possono avere un impatto sulla stima delle matrici di connettivitá
strutturale, ovvero la soglia applicata dai criteri di terminazione dei tratti.
Per lo stesso sottocampione di 11 soggetti, generiamo i trattogrammi con
l’algoritmo scelto e con i valori di cut-off pari a 0.1, 0.09, 0.08, 0.07, 0.06 e
0.05. Generiamo anche le rispettive matrici di connettivitá strutturale. Il
test di Krzanowski e l’analisi di PCA forniscono la soglia del cut-off. Infine,
poiché non esiste una procedura di validazione per convalidare le matrici di
connettivitá strutturale, mettiamo in relazione le alterazioni della matrici
di connettivitá strutturale con le lesioni che le provoca. Conderiamo una
descrizione statistica della distribuzione dei possibili valori utilizzando le
matrici Mediane e MAD, impostando inoltre una valore di soglia significativo.
• Risultati: L’algoritmo scelto é l’iFOD2. Inoltre, dal momento che i differenti valori di cut-off non incidono sulla stima delle matrici di connettivitá
strutturale, scegliatmo il cut-off di default.
Per concludere, selezioniamo le connessioni alterate applicando il valore di
soglia significativo. Vediamo che, maggiore é la superficie del tumore, maggiore é il numero di connessioni alterate. Inoltre, osserviamo che l’edema
ha un ruolo in questa correlazione. Infine, osserviamo un numero elevato di
alterazioni nell’emisfero in cui si colloca il tumore.
• Conclusioni: L’algoritmo scelto é quello suggerito dalla letteratura. Inoltre, vediamo che il cut-off non incide sulla stima delle matrici di connettivitá
strutturale. Per questo motivo, abbiamo impostato il cut-off di default,
come viene generalemente suggerito dalla letteratura. Successivamente, osserviamo che i risultati sulle connessioni alterate coincidono con i risultati
attesi, sia a livello di singolo soggetto che di gruppo. Infatti, notiamo che é
presente una maggiore correlazione quando consideriamo l’edema. In questo
modo, come giá mostrato dalla letteratura, verifichiamo che sotto l’edema
rimangono alcuni tratti di materia bianca.
Possiamo concludere dicendo che otteniamo dei risultati di connessioni al6

terate concordi con ció che ci si aspettava: il tumore impatta maggiormente
le connessioni che appartengono all’emisfero in cui é collocato. Sviluppi futuri si prefiggono, mediante l’applicazione di un’analisi PET, l’obiettivo di
capire se c’é una relazione tra le alterazioni evidenziate e le variazioni regionali di metabolismo. Fisiologicamente, ci si aspetta che le aree coincidenti
con le aree tumorali, consumino meno energia in termini di metabolismo.
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Chapter 1
Tractography applied to tumours
1.1

Gliomas

Glioma is the most common primary brain tumour [1]: about 33% of all brain
neoplasms are gliomas. The origin is in the glial cells that support and surround neurons in the brain. Histologically, gliomas can affect astrocytes, oligodendrocytes and ependymal cells. Gliomas labels are based on these morphologic
appearance just described.
Gliomas are called intra-axial brain tumours due to their growth within the
tissue types of the brain. They are often mixed with healthy brain matter.
Gliomas can affect all ages, even though there are two age ranges most affected:
the former is the group from 0 to 8 years [2], the latter is the group from 50 to
70 years [3]. Gliomas seems to occur, altought slightly, more often in men than
women, and are more diffused in Caucasians than in African and Americans [4].
There are different types of gliomas, depending on position, cell types involved
and other features. Moreover, there are different grades of gliomas, concerning
their aggressiveness and growth potential.
Gliomas proliferate rapidly: this highly proliferative phenotype is due to the
loss of multiple cell-cycle inhibitors, as well as to increased signalling from multiply growth factor receptors, that act through downstream effectors to exert
positive effects on the regulation of the cells cycle. In addition, gliomas are invasive tumours [5].
Nevertheless, surgical biopsy is requested to determine whether the tumour
is a glioma and to diagnose the tumour type and grade. Grades go from I to IV,
11
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according to the World Health Organization (WHO) criteria.
Different types of gliomas are listed below:
Astrocytomas are glial cell tumours most differentiated and with a slow decrease. Nevertheless, they easily infiltrate large areas of the brain propagating in both hemispheres through the corpus callosum [6].
Brain stem gliomas represent less than 2% of cerebral tumour. Children are
at least 2/3 of patients [7].
Ependymomas are very large fixed and solid tumours that cover the fourth
ventricle. They have a vascular nature [8].
Oligo-astrocytomas are heterogeneous tumours which can be composed of
more than one type of glial cell [8].
Medullablastomi are those tumour least differentiated in cerebral tissue. They
often occur in children and teenagers, lesioning the cerebellum worm and
tending to expand both in the fourth ventricle and in the cerebellar hemispheres [7].
Optic pathway gliomas are a type of low-grade tumor found in the optic nerve
or chiasm. They are characterized by slow growth [8].
Glioblastoma (GMB) are the type of tumour more quickly infiltrating and
affecting large areas [6]. Indeed they are characterized by the presence of
high-grade astrocytic neoplasm with either tumour necrosis or microvascular proliferation [9]

12

1.2

Tractography in clinical

It is notoriously hard to resect gliomas surgically. Finding the perfect resection
boundary without damaging the healthy brain tissue is challenging, because of
the infiltrative behaviour of primary brain tumours. The aim of the neurosurgeon
is to remove as much of the pathological tissue as possible, while preserving the
healthy surrounding matter to conserve quality of life and to minimize a possible
functional loss. So, the surgeries follow the so called principle of maximal safe
resection [10].
In fact, due to their infiltrative and recurrent nature, glial tumors are particularly hard to treat. What happens is that tumour’s cells migrate invading
functional surrounding matter, such that the edge that separate the healthy tissue by parenchyma is blurred [11]. In fact, studies show that glial tumor cells
can move far away multiple centimetres from the tumor core: this fact causes
the incapability of detecting isolated cells [12]. An example of blurred border is
reported in figure 1.1.

Figure 1.1: T1-enhanced gadolinium image of a glioma. The boundaries between
tumour and normal tissue are difficult to distinguish. Image derived from [13]

Given that, the characteristics of glial neoplasiasm make it difficult to achieve
as large percentage of resection as possible without injuring the functionality
of the brain. Altough, it is known that extent of resection (EOR) has to be
established in a way to guarantee as much as possible the overall survival of
patient in both low-grade gliomas and high-grade gliomas [14].
One technique that has shown promising results, capable to get the purpose
of following the principle of maximal safe resection, is white matter diffusion MRI
tractography. Knowledge of the location and structural integrity of WM tracts
with respect to intracranial tumour lesions is crucial to identifying articulate and
fundamental areas and to defining precise surgical access point [15].
13
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Several surveys [16] [17] tried to demonstrate if dMRI, in complement with

neuro-surgery, is a technique able to significantly impact the patient’s outcome.
Wu in his studies [17], demonstrated that DTI-based functional neuro-navigation
makes a contribution in maximal safe resection of cerebral gliomas with involvement of the pyramidal tract, thereby decreasing postoperative motor deficits for
both low-grade gliomas and high-grade gliomas, and even increasing high-quality
survival for high-grade gliomas. Nevertheless, some researchers, such as in [18],
were not convinced, in terms of improving clinical outcomes, by the reliability of
tractography as a guide in the operating room.
In light of what illustrated previously, the real challenge of glioma surgery is
finding a compromise between function conservation and lesion resection. Looking
at the outcomes of the last decades, what is surely established is that the higher
the resection, the better the survival rates are: even the definition of different
removal percentage threshold leads to variable results. Gross total resection of
glioma reduces the risk of relapse and allows to chemotherapy and radiotherapy
treatments to be more efficient [19].
EOR has been shown to be an important prognostic factor for survival [20]
in patients undergoing initial resection of low-grade gliomas [21] and high-grade
[22] neoplasm, bearing in mind that, particularly at the sub-cortical level, the
major limitation to achieve a complete resection is due to the infiltrative growing
pattern of glial lesions. Such considerations, remain true as long as the cognitive
status, the subject functions, and neurological functions are maintained, keeping
a tolerable risk of damaging functional tissue. In general, it is worth remembering
that when the surgeon procedes with a gross total resection, it is in important
aspect to find out a compromise betweeen the quality of life alterations and the
patient survival. As demonstrated by McGirt in [23], consequences of mistakes of
such type could lead to a decrease in life quality and, in the worst case, surgical
morbidities that may also affect existence. This challenging compromise is linked
to the ability of surgeon to preserve both subcortical connectivity and critical
cortical areas, as highlighted by De Benedictis in [10].
Complex neurocognitive functions do not derive from a single brain area, but
depend on the dynamic interactions of dispersed brain areas operating in largescale networks. This is especially important in neurosurgery, where mistakes
of intervention within a spatially localized area may indirectly lead to unwanted
14

effects on distant areas. In fact, even if the consequences of the surgeon’s mistakes
involve the WM tracts without causing visible deficit, it does not mean that severe
damages are caused [24].
Duffau, in his research [25], has shown that neoplasm residual after resection is more frequently located along pathways which are critical for functional
processing. Then, as expected, damage along these structures causes persistent
deficits more frequently.
As a matter of fact, tracking streamlines can be a promising and complementary tool to other techniques to execute an optimal resection: also loss of
potential pathways for neural plasticity and loss of functional connectivity cause
deficits. Additionally, in the sub-cortical regions there are soft consistent and
homogeneous aspects of brain matter, that do not allow to distinguish or orient
the surgical resection along them to be executed. Moreover, each patient has a
unique tumour shape, given by the combination of distortion of adjacent normal
brain matter and glioma cells infiltration. So, surgeons are in need of an imaging
tool to treat each patient with a view of personalised medicine.
About the interaction of tumours and white matter tracts, WM connections
may be pathologically altered by lesions in several ways: in fact, tracts can be
classified as displaced, infiltrated and disrupted. Displaced if the tract shows expected or only little decreased fractional anisotropy (FA), with abnormal location
and/or direction, resulting from bulk mass displacement. Infiltrated is the tract
shows reduced anisotropy but remains identifiable on DTI color maps. In fact, a
tissue’s invasion is often caused by the tumour or oedema. Disrupted if the tract
shows isotropic, or near-isotropic diffusion such that it could not be identified on
directional color maps [15].
Displacement or infiltration of tracts happen more in high-grade gliomas, as
demonstrated by Dubey [15]. Indeed, if the WM tracts are only displaced, a
complete resection is mostly performed. These facts were found even in previous
studies. A graphical representation is reported in figure 1.2. Then, high-grade tumour typically produce oedema, which enlarges the gap betweem fibers, reducing
axonal density and lowering FA, causing tractography to stop prematurely, especially with DTI based algorithms since, as will be explained in the next sections,
they depend on FA values, thereby producing false negatives results [26].
Precisely, Jellison et al [27]. described four categories of tumour effects on
15
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Figure 1.2: Displacement, infiltration/disruption of the white matter tracts associated with grade of the tumour. HGG indicates high-grade tumour, LGG indicates lor-grade tumour. Image derived from [15].
white matter pathways, being specific for what happens when tumour presents
oedematous area. There can be a bulk mass displacement (FA is normal, direction changes), a vasogenic edema (FA decreases while location/direction does not
move), a infiltration by the glioma (FA decreases causing the directions changes),
and finally a total disruption (isotropic map, no tract identification). A summary
is reported in figure 1.3.

Figure 1.3: Potential patterns of WM fiber tract alteration by cerebral neoplasms.
Figure taken by Jellison’s work [27].
Whereas, in low-grade tumours, fibers are mostly displaced by the tumour
while keeping their structural integrity. Moreover, low-grade gliomas infiltration
can cause false negatives, especially in DTI, while, as will be explained after, CSD
has overcome this limitation.
In conclusion, in clinical settings it is necessary to pay attention to false
positives and false negatives reconstructed tracts. In particular, DTI is able to
track large white matter pathways but fails with crossing fibers or highly curved
16

tracts. Some improvements are obtained with HARDI acquisition protocols. A
study of Maier-Hein demonstrates that there are more false positives than true
positives [28].

17
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1.3

Tractography in research

Tractography based on diffusion-weighted MRI is widely used for mapping the
structural connections of the human brain. To date, few researchers have investigated pathology’s impact at all brain level. Until now, investigators were
worried about obtaining accurate maps of human anatomical connections. However, assessing the anatomical accuracy of dMRI-based tractography is challenging, because of the lack of independent knowledge of the true anatomical links in
human.
The topic of interest of scientists is to represent interregional anatomical connections of large-scale brain networks. This has gained a fundamental role in
deeply understanding brain function.
Scientists are motivated by the fact that the pattern of connections and the
elements captured by the connectome give specific constraints on brain dynamics,
and this shapes the operations and processes of human cognition [29]. Moreover,
recording the activity of the human brain combined with the structural model
provided by the connectome, will help to discern causal interactions in large–
scale brain networks [30]. Another use of the human connectome should be of
providing structural information fundamental in large-scale computational models: if the connectome is sufficiently comprehensive and accessible, it could also
provide a set of structural benchmarks that might facilitate the comparison and
integration of the numerous specialized and structurally based models that have
already been proposed in computational neuroscience. In this way, the human
connectome could potentially have a major impact on our understanding of brain
damages and subsequent recovery in hospital. The effects of developmental variations or abnormalities, traumatic brain injury, or neurodegenerative disease can
all be captured as specific structural variants of the human connectome. The
functional consequences of network perturbations will allow a better understanding of structural causes of dysfunctions, and may allow the design of strategies
for recovery based on network analysis. Understanding the basic network causes
of brain diseases may also open new avenues for therapy and prevention by harnessing inherent network mechanisms that ensure robustness and compensation
[29].
With the advent of tractography, researchers gained significant insights into
the organization of all brain networks, as well as their individual conformation.
18

Diffusion tractography is a unique technique that can be used to study the structural connectivity among a variety of situations, both pathological and physiological [31].
Since the introduction of diffusion tensor imaging, the tracking technique was
used to study the white matter architecture and integrity of the normal and
diseased brains (stroke, multiple sclerosis, dementia, aging, glioma, schizophrenia,
others neoplasms, and others. [32])
Hagmann in his studies has proposed an efficient methodology to generate
large, comprehensive and individual white matter connectional dataset of the
living or dead, human or animal brain. Hagmann has developed a non-invasive
tool with which it is possible to study the basic and potentially complex network
properties of the entire brain [33]. The basic fact on which he is based on is that
biological neuronal networks, and particularly the human brain, are remarkable
natural system capable of complicated patterns of behaviour. This capability
derived from the combination of enormous computational capacity, provided by
the huge amount of neurons and highly evolved communication network [33].
What he has built is a graph representing the connectivity of the brain at the
neuronal level: it would be optimum if each neuron was a separate node in the
graph and physical connections between nodes were edges, although, a graph
with 1011 nodes and 1016 is not feasible. For this reason a node comprehends
thousands or millions of neurons grouped together. Hagmann has proposed a
methodology that maps at a millimetre scale the structural connectivity provided
by white matter of the whole brain. The resulting network consists of nodes
representing small areas of white matter-gray matter interface, and weighted
edges that capture long distance connection densities between these areas. The
methodology has a relatively high resolution, since there are thousands of nodes,
non-invasive, individual network can be inferred, allowing to compare different
subjects individually or groups of subjetcs, and finally efficient, as it only requires
diffusion-MRI scan. He has evaluated degree and strength from nodes and weight
and length from edges.
With Hagmann discovery, for the first time brain connectivity has been globally characterized wuth individual tract properties or network statistics in an
individual living subject [34].
These studies can contribute to the discovery of the general principles regu19
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lating communication, evolution, development and welfare of the brain.
In a review [35], it has been written that scientist has applied DTI to demonstrate brain abnormalities missed by conventional radiological assessment. Moreover, he has proven that DTI distinguishes between different levels of consciousness but also correlate with coma Recovery Scale : in this way treatments and
rehabilitation of patients in whom aware neural activation were founds [36] [37].
Common thinking of many scientists is that mapping human brain structural connectome is essential for a better understanding of the brain function
and pathologies. Firstly, white matter has been mainly delineated by means of
post-mortem dissections, in order to document the main pathways. These studies
provided a rough classification of the WM into commissural, projection and association connections. Association connections are the links connecting different
areas within a same brain hemisphere, and can be subdivided into short and long
links. To be specific, short connections hook-up close-by areas (often neighboring
gyri) surrounding the cortex sulci, and are called also superficial white matter
(SWM) or U-fibers. On the other hand, long fibres connect far away areas of the
same hemisphere by leaving the cortex and traversing deeply the white matter
of the hemisphere: for this reason, they are called deep white matter (DWM).
These fibers are organized into large bundles that are stable across several subjects, helping in their study. Little is known about the SWM fasciculi, since
their small size and their proximity to the cortex pose a challenge to study. In
post-mortem studies, those features make their dissection difficult by removing
the cortex without interfering with the fibers configuration. These structures are
among the last parts of the brain to myelinate, process which may extend into
the fourth decade of life, making these bundles more vulnerable to damage during the brain maturation. Although their general function is still unknown, their
relationship with different pathologies has been described in some studies [38].
In [39], it has been established that you need three steps to develop connective
tractography:
1. the estimation of local fiber orientations;
2. linking together these local fiber orientations to generate streamlines that
represent the long-range trajectories of white matter fibers;
3. assigning streamlines to pair of nodes to build a connectivity matrix.
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1.4

Deterministic and probabilistic tractography

In our research we have taken into account deterministic and probabilistic tracking techniques. Multiple white matter fiber bundles are used to make a wholebrain reconstruction constituting the Human connectomics. Scientists that study
these methodologies are trying to solve tracking challenges, such as controlling
for gyral biases, reducing to minima spurious connections, and identifying fiber
terminations and acceptance criteria. Sarwar in [39], has carried out a survey
which shows which of the two major classes of tractography algorithms, like deterministic and probabilistic, is more suitable to mapping connectomes.
In Deterministic streamline tractography, the best fit for fiber is selected at
each point and traced exactly. These algorithms do not take into account the
uncertainty of orientations, and, also due to small amounts of noise in the data,
they can therefore fail to reconstruct connections between distant regions [40]:
deterministic streamline tractography is thus susceptible to noise [41].
To reconstruct the fiber trajectories, deterministic approach follows the major
fiber path derived by the principal direction [42] of the fiber orientation model
[38]. In other words, in deterministic tractography at each voxel streamlines are
tracked according to a fixed direction [39].
Deterministic streamline fiber tractography mainly relies on four steps [43]:
1. Seed-point selection: identification of reliable and suitable position from
which to start the algorithm,
2. Track propagation: propagation of the tract along the estimated fiber orientation,
3. Track-Editing: introduction of prior knowledge to apply to refine fibertracking results,
4. Track Termination: termination of the tract when appropriate termination
criteria are satisfied.
Also, deterministic technique can be used for either single and multiple fiber
orientations. However, contrary to probabilistic tractography, deterministic methods are incapable to take into account uncertainty in the estimates of fiber orientations [42].
21
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Probabilistic tractography, given the available diffusion data, takes into ac-

count the uncertainty in the calculation of the fibre orientations, and constructs
statistical samples from these distributions [44]. The distribution of the direction
is estimated around the maxima. Then, using at each repetition slightly different orientations, streamlines are traced more times. These different pathways
are seen as a measure of the likelihood or probability connection. So, given this
functioning, tractography evaluates a bigger number of trajectories: the approach
increases the probability to catch mostly the anatomical bundles, discarding with
higher probability the wrong pathways, with respect to the deterministic tracking
algorithms [38].
For each voxel it is estimated a distribution of fiber orientations: to determine
the pathway of streamline propagation, the chosen sample is randomly taken from
the obtained distribution. Probabilistic approaches better use the uncertainty of
diffusion data, but they are a more expensive computation method than deterministic tractography.
Generally, probabilistic technique is favourite with respect to deterministic
method: given also a confidence interval, it has a major power of dissecting and
rebuilding individual white matter tracts [45].
Some studies made a comparison between probabilistic and deterministic fiber
tracking in patients with brain tumour.
Jenabi et al. in his survey [46] has evaluated the cortico-bulbar tract (CBT)
among 50 patients, enabling a comparison between deterministic and probabilistic DTI-based streamlines results. In deterministic tracking there are fiber crossing problems, intricate branching organization and modified tissue organization
caused by tumour. Whereas, probabilistic tractography see an increase number of voxels on the tumour’s side and an increase mean degree of connectivity.
Probabilistic tracking streamlines is able to identify tongue- and face-associated
CBT.
Mormina et al. [47] has investigated optic radiations (ORs) in 12 patient
affected by occipito-temporo-parietal high-grade gliomas, applying constrained
spherical deconvolution (CSD) and diffusion tensor imaging (DTI). The deterministic DTI highlighted poor involvement or absence of involvement with respect
to the deterministic CSD. The probabilistic DTI obtained better performances
with respect to the deterministic CSD. Moreover, the deterministic CSD-based
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showed poor involvement or also an absence of involvement,with respect to the
probabilistic CSD-based algorithm. Then, probabilistic DTI and deterministic
CSD provided similar results (except at 10%, where the deterministic CSD was
outperformed by the probabilistic DTI). Finally, the probabilistic CSD provided
an higher robustness at all cut-off levels, as compared to the probabilistic DTI.
So, he demonstrated that CSD gave more robust results if compared to DTI. In
general, probabilistic CSD provided the best tracts reconstruction.
Münnich et al. [48] has determined which combination of parameters (time,
seed and fiber tracking algorithm) depicted most realistically the CST, to increase
patient safety. Correlation value R2 and distance between fiber reconstruction
location and post-intraoperative magnetic resonance imaging (IMRI) site were
evaluated. He obtained the best result using the segmented motor cortex as
seeding ROI and applying a probabilistic DTI-based tracking algorithm on the
pre-operatively data.
Kieronska et al. [49] made a review with the aim to illustrate clinical usefulness and contemporary possibilities of DTI for arranging of brain pathology
surgeries to preserve quality of life, speech and motor function. Taking into account the CST, arcuate fasciculus and frontal aslant tract, in the review it is
emerged that several authors prefer probabilistic methods because these return
WM adjacent to pathology changes. Then, it has been seen that the deterministic
approach is chosen less, even though deterministic model gives a better visualization of CST near the tumour of the medial frontal lobe.
Voets et al. [50] has proved the essential role that white matter connections
play in complex human behaviour, focusing in fibre tracts near the frontal lobe.
The majority of DT analysis are based on minimal data (six direction). Analysis with deterministic approaches fail in areas of oedema or crossing fibers. In
terms of anatomical complexity, the probabilistic tractography and the multifibre models obtain better results in cortical terminations, giving better surgical
outcomes.
Schult et al. [51] has compared deterministic continuous tracking (FACT)
algorithm and probabilistic CSD tracking methods to a local connectivity mapping approach (A-Glyph LIC algorithm) on WM tracts near the brain tumours
(peritumoural oedema and tumour infiltrated tracts). Deterministic algorithm
has produced strikingly smooth fibres, false positives tracts, and it is unable to
23
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correctly tract crossing fibres. Probabilistic algorithms have also produced false
positives tracts and require a fine parameter-tuning, but they have obtained better performances.

24

Chapter 2
State of the art of tractography
algorithms
2.1

Fibre orientation distribution in diffusion MRI

The diffusion-weighted magnetic resonance imaging (DW-MRI) has gained success in clinical neurodiagnostic and has enabled new applications for studying
the anatomy of the brain in vivo. As a matter of fact, DW-MRI can probe,
non-invasively and well beyond the usual image resolution, the microarchitecture, the microstructural organization and the orientation of biological tissue in
vivo [37]. Encoding of molecular diffusion effects in the NMR signal is allowed
by the application of bipolar magnetic field gradient pulses.
A variety of diffusion imaging methods have been developed, such that it
is possible to study the living human brain. All these techniques are based on
the sensitivity to the random thermal motion, more precisely called intra-voxel
incoherent motion (IVIM) or Brownian motion [52], of water molecules on a
distance scale comparable to that of typical cellular structures [53].
Biological tissues are highly heterogeneous media, composed by different compartments and barriers of dissimilar diffusivity. Causing the reduction of diffusion
distance with respect to what happens in unrestricted diffusion, water molecules’
movement is constrained by these compartmental boundaries and other molecular obstacles [54]. Especially, neuronal tissue consists of tightly packed and
coherently aligned axons that are surrounded by glial cells and often organized
in bundles. During a typical diffusion time of almost 50 msec, water molecules
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move on average of 10 µm, interacting, crossing or even bouncing with macromolecules, cell membranes and also fibers. So, the micro-metric movement of
water molecules are mostly hindered in a normal direction of the axonal orientation than to parallel direction. Due to the presence of the cell membrane and
myelin, molecular diffusion is anisotropic in white matter: the density of cellular packing and degree of myelination of the single axons appear to modulate
anisotropy [54].

Accordingly, without influencing the diffusion process itself, for each voxel, the
diffusion MR image reflects the displacement distribution within the same voxel,
providing a high resolution access to both deep and superficial organs [37]. The
molecular displacement occurs along the direction of the gradient pulses applied.
As a matter of fact, the effect of diffusion anisotropy can be probed by observing
the variations in the diffusion measurements due to gradient pulses’ direction
changes.

The orientations of the axonal bundles, as many other properties, can be estimated by collecting, in a number of non-collinear directions, a series of images
based on the diffusion of water, and elaborating data with precise mathematical
models. The purpose is to use these properties to infer the structural connectivity of the human brain in-vivo. Knowing the local orientations given by the
underlying diffusion signal, and tracing a three-dimensional path, it is possible to
obtain the total path of a bundle of fibers, also known as streamline, that follows
main orientations until some termination criteria is achieved. By repeating the
process just explained from a distribution of singular starting points throughout
the brain, the tractogram, seen as an estimate of the structural connections of the
whole brain, can be reconstructed.

In the following, we will talk about diffusion tensor imaging, also indicated as
DTI, the first model to be widely adopted in clinical and neuroscience research,
and constrained spherical deconvolution approach (aka CSD), method able to
provide a direct estimate of fibre limitations when mapping complex configurations, such as crossing fibres [55].
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2.2

DTI based tracking algorithms

Diffusion tensor imaging was the first approach available to non-invasively study
the three-dimensional architecture of white matter tracts [26]. DTI exploits,
extracts and characterizes the diffusion anisotropy effects in diffusion MRI data,
providing details of tissues microscopy [37]. One of the most advanced application
of DTI is fiber tracking in the brain, which allow us to quantify important matrices
of structural connectivity.
As reported by Masutani in [56], diffusion tensor imaging gives the measurement of incoherent directional distribution of diffusivity, that is anisotropy, for
visualizing white matter fiber tracts.
Masutani, in [56], has also explained that the signal intensity S of diffusion
weighted images is related to the signal value S0 , signal collected without the
gradient, by the equation (2.1):
−γ 2 G2 δ 2 (∆−

S = S0 e

δ
)Dapp
3

(2.1)

where:
γ: gyromagnetic ratio of proton,
δ: duration of the motion probing gradient (MPG),
G: magnitude of the motion probing gradient,
∆: time between the centers of the pair of gradient pulses,
Dapp : scalar value called apparent diffusion coefficient ADC which reflects molecular diffusivity under motion restriction such as fluid viscosity.
Taking into consideration the directional dependence of ADC, which can be
mathematically described with a tensor, we can substitute a part of equation
(2.1) with the relation (2.2):
G2 Dapp = gT Dg

(2.2)

where:
g: vector for motion probing vectors of which magnitude corresponds to G,
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D: diffusion tensor, 3x3 symmetric matrix reported in (2.3).
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(2.3)

The diffusion sensitization, represented by the bvalue, can be rewritten by the
relation (2.4):
δ
b = γ 2 G2 δ 2 (∆ − )
3

(2.4)

At this point, the equation (2.1) can be rewritten as:
S = S0 e−bg

T Dg

(2.5)

Diffusion tensor imaging is based on this diffusion tensor (2.3): it characterizes
the entire diffusion in 3D space. The diffusion tensor is usually represented by an
orientation distribution function or an ellipsoid (figure 2.1). The minimum number of non-collinear directions of the employed magnetic pulse gradient (MPG)
sequence is six, since six are the independent elements of the diffusion tensor.
Pairs of eigenvectors and eigenvalues can be obtained diagonalizing the diffusion tensor, respectively ei and λi , with i = 1, 2, 3.
Looking at the figure 2.1, it is understandable the reason why the diffusion
tensor can be represented as an ellipsoid approximating the directional anisotropy
of diffusion, which shows distance covered in 3D space by molecules in a certain
diffusion time.

Figure 2.1: Ellopsoidal approximation of directional anisotropy. Figure adapted
from [56]
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There are several diffusion anisotropy measures derived from diffusion tensor,
such as volume ratio, relative anisotropy and so on. The most common used is
fractional anisotropy (FA), whose formula (2.6) is reported here:
√︄ √︂

FA =

3
2

(λ1 − λm )2 + (λ2 − λm )2 + (λ3 − λm )2
√︂

λ1 2 + λ2 2 + λ3 2

(2.6)

λ1 + λ2 + λ2
.
3
We have seen that DTI provides two types of information about the property
where λm is the mean eigenvalues

of water diffusion: the extent of diffusion anisotropy and its orientation. Bearing
in mind the assumption that the largest principal axis of the diffusion tensor D
aligns with the predominant fiber orientation in an MRI voxel, we can obtain a
2D or 3D vector field that represents the fiber orientation at each voxel. The
tractography is the natural extension of these vector fields, being the 3D reconstruction of tract trajectories. Considering a voxel, its size is usually small enough
to distinguish white and gray matter. The white matter consists of tracts large
enough to be visually distinguishable: exemplifications are shown in figure 2.2(B)
and 2.2(C). White matter tracts are composed mostly by densely packed axons
(i.e. neuronal projections), various types of neuroglia and other small populations
of cells. However, when studying axonal architecture using DTI, there are some
limitations deriving from the inhomogeneity of the water diffuse environment. In
fact, DTI may not be able to analyse a voxel containing more than one population of axonal tracts with different orientation. Moreover, DTI cannot cannot
provide information on cellular-level axonal connectivity. Indeed, DTI can not
discern afferent and efferent pathways of axonal tracts, since it can not be judged
from the direction of water diffusion. Nevertheless, tractography based on DTI
provided new possibilities to investigate the structures of the living brain and to
find out changes due to brain disease.

2.2.1

Tensor_det algorithm

Tensor_det [57] is the tracking algorithm based on the information provided by
the diffusion tensor data. This algorithm represents the white matter fiber tract
as a 3D space curve: it is represented as vector r(s), where s is the arc length of
the trajectories.
The evolution of r(s) is described by the Frenet equation 2.7
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Figure 2.2: Schematic diagram of the white matter structure and its relationship
with the information provided by DTI-based images. Figure adapted by [26]

dr(s)
= t(s)
ds
Where t(s) is the unit tangent vector to r(s) at s.

(2.7)
The idea on which

Tensor_det algorithm is developed is that the tangent vector t(s) is equal to
the unit eigenvector ϵ1 calculated at position r(s) ( ϵ1 is eigenvector of diffusion
tensor D).
t(s) = ϵ1 (r(s))

(2.8)

Combining equations 2.7 and 2.8, and setting as initial condition r(0) = r0 ,
we obtain 2.9
dr(s)
= ϵ1 (r(s))
(2.9)
ds
The solution can be found by applying the numerical Runge-Kutta Method,
precisely a 4th-oder Runge-Kutta scheme [59].
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The TENSOR_DET algorithm fails more often in those voxels characterized by
anisotropic tissue. In the anisotropic voxel, the eigenvector associated with the
highest eigenvalue provides a wrong estimation of the principal direction. In fact,
with these types of voxels the eigenvector associated to the largest eigenvalue
represents an average fibers direction within the voxel. Other fails are encountered
in voxels containing curved fiber tracts: even the reduction of the voxel size
does not solve the problem. The insolvency is even more accentuated in voxels
containing merge, branch, kiss or cross fiber tracts.

2.2.2

Tensor_prob algorithm

The probabilistic counterpart implemented enabling DTI-based data is called
Tensor_prob algorithm. This probabilistic approach is developed using bootstrap method. It is a rearrangement of original bootstrap-style analysis, and it
is indicated as wild bootstrap: the data uncertainty is derived directly from the
available data [58]. Advantages are several, with the most important being that
acquisition time return is clinically feasible, as the collection of extra data is not
required. The fiber tractography can be divided into two main steps: first, for
each volume, a series of seed points is defined as starting point of bidirectional
streamlines, whose propagation is obtained applying, as for the deterministic
counterpart, a 4th-order Runge-Kutta algorithm [59]. Then, from ϵ1 , it is constructed a 95% cone of uncertainty at each vertex of the generated streamline
[60].
Wild bootstrap allows to build confidence intervals useful for the quantification of the uncertainty of DTI-based tracking. Nevertheless, some limitations are
present: analysing data distribution, it is not possible to find out data artefacts.
Indeed, the obtained estimated of orientational confidence interval is characterized by a negative bias [61].

2.3

CSD based tracking algorithms

Tournier in [62] has presented the spherical deconvolution technique. This method
is capable of estimating the distributions of the fibers orientations without requiring the application of a wide range of b-values. In fact, the use of an high number
of b-values could lead to unworkable scan times and an hard work of the com31
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puters. These difficulties are encountered even without asking for large b-values
amplitude, that moreover could be difficult to apply in clinical purposes.
Deconvolution techniques (DC) allow to estimate directly the distribution of
the fiber orientations within a voxel, abbreviated as FOD, taking into consideration a high angular resolution diffusion-weighted MR data (HARDI), barring
the requirement for prior hypotheses regarding the number of fiber populations
present in the voxel [62]. The measured diffusion-weighted signal can be approximated as the independent sum of the signals emitted from each region of the
given sample: as already illustrated, during a diffusion-weighted experiment, the
average displacement of water molecules around the order of 10 µm, so it can
be taken as assumption that there is not exchange between spatially split fibre
bundles. Another fact concerns the curved fibres. Curved fibers reconstructions
needs for the assumption that white matter structures are coherently oriented
over their length scales. Moreover, diffusion characteristics of all fibres populations of the brain are considered as identical. During a high-angular resolution
diffusion-weighted experiment, the diffusion-weighted signal attenuation S(θ, ϕ)
is sampled along a large number of directions. Knowing the axially symmetric
response function R(θ) at priori, the fiber orientation density function (fiber ODF
of fODF) F (θ, ϕ) can be obtained by performing the spherical deconvolution of
R(θ) from S(θ, ϕ). Given data collected by measuring the diffusion-weighted
signal profile in regions that should contain a single coherently orientated fiber
population, the response function should be estimated directly from them (i.e.,
largest diffusion anisotropy characterise those regions). There are several advantages in using SD technique: optimal results are obtained for high spatial
resolution, high SNR, high angular resolution data acquisition and a highly high
bvalue (it is worth noticing that from this depends the images’ SNR). In addition, no a priori information regarding the number of fibre populations present is
necessary. Finally, since only linear operations are implemented, the method is
computationally easy and extremely fast. Another considerations is based on the
fact that MR signals are the same for all fibre population of interest, so unlike
DTI, it does not depend on any assumed model of diffusion.
Nevertheless, one drawback is that this method is susceptible to noise and is
ill-posed: the estimated fibre orientation distribution could show some artefactual
negative regions in the FOD (this fact is clearly physically infeasible). This
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problem can be solved applying low-pass filtering, even though also the high
angular frequency components in the FOD are eliminated or attenuated.
As a matter of facts, Tournier in 2007 introduced Non-negativity constrained
super-resolved spherical deconvolution [63]. This is an iterative method to perform spherical deconvolution. It preserves the angular resolution while it provides
prior information to estimate FOD with higher resolution (fact that would not be
possible from data alone, and in fact would have required low-pass filtering), and
whereas maintaining robust to noise effects. The constrained spherical deconvolution method, indicated ad CSD, penalises any negative values, strongly attenuating also the high frequency noise that generates them. A modified Tikhonov
regularisation method is applied. Looking at the formula 2.10, this regularisation
involves the minimisation of the weighted sum of two terms:
′

||Af − b||2 + λ2 ||L(f − f )||2

(2.10)

A = QR

(2.11)

with:

where:
f : SH coefficients of the FOD to be estimated
b: measured signal intensities
Q: maps spherical harmonic coefficients to the corresponding intensities along
the DW directions
R: performs the spherical convolution with kernel R(θ)
λ: regularisation parameter
L: constrained matrix
Here f ′ is set to zero, and matrix L, used to maps f onto a set of orientations
along which FOD„ is assumed to have zero amplitude. The solution applied in
this study consist in iteratively refine an initial estimate of assumed directions,
since these direction are assumed to be unknown at priori, in such a way that:
fi+1 = argmin(||Afi − b||2 + λ2 ||Lfi ||2 )
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(2.12)
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this iterated FOD fi+1 is then used to build a new matrix L and the process

is repeated until no further changes in L matrix can be seen. At this point, the
set of directions that can be assumed to have zero fibre density is established
(typically 5 o 10 iterations). Studies [63] have shown that, for the constraint
on the negative values, the reconstructed FOD is mainly insensitive to small
changes in the regularisation parameter λ. Usually, λ is chosen such that the
negatives lobes are attenuated to levels insignificant with respect to the positive
lobes. Moreover, large values of λ causes worse in the angular resolution of the
estimated FOD. Moreover, for this reason soft constraint should be better than
hard constraint: the larger is λ, the more strictly is applied the non-negative
constraint.
All improvements following to CSD, lead to the development of more robust
tractography algorithms, capable of tracking reliably through regions containing
multiple fibre population and regions of crossing fibers [64].
Finally, a study carried out by Jeurissen [65], shows the key role played by
the multi-shell diffusion MRI data for multi-tissue constrained spherical deconvolution. MSMT-CSD improves the analysis results as it considers separate compartments for white matter, gray matter and cerebro-spinal fluid tissue types.
Maps of the white matter, gray matter and cerebro-spinal fluid volume fractions
are produced by MSMT-CSD directly from the DW data, utilising them as additional quantitative measures. Indeed, it provides a better and more completed
model to manage DW signal results, and also it gives, among the tissue interfaces,
a more exact orientation estimate. These characteristics mostly supply a more
precise and reliable fibre tracking pathways in a large variety of brain areas [65].
In conclusion, given that DTI is incapable of solving voxels containing multiple
fibre orientations, instead CSD based algorithms are able to reduce false positives
and false negatives, eliminating spurious tracts and identifying real tracts. In fact,
almost 90% of voxels are crossing fibers voxels [66].
At this point, two SD-based tracking algorithms implemented in MrTrix are
illustrated.

2.3.1

SD_STREAM algorithm

The deterministic streamline algorithm based on CSD method is called SD_STREAM
[67]. This algorithms, considering the current direction of tracking, works by
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stepping along the local fibre orientation closest to this direction. With NewtonRaphson gradient ascent algorithm modified to be fitted on a sphere, the algorithm identifies the nearest peak of FOD to obtain an estimate of the fiber
orientation. The peak’s direction is near to the current direction of tracking since
the gradient ascent algorithm, starts from the previously estimated tracking direction, at each iteration. There are some problems with the curvature constraint:
the interested FOD peak may merge with an adjacent peak along a curvature. If
this happens, if the adjacent peak is much major than the interested peak, the
direction of the peak changes immediately. Finally, the maximum angle values
is set to 45◦ because, if the curvature constraint is too strictly, the track could
terminate [67]. Given S as the step size, the equation that relates R, the radius
of curvature, and θ, i.e. the angle between the two streamline tracked, is:
θ = 2 sin−1 (S/2R)

(2.13)

A representation of equation 2.13 is in figure 2.3:

Figure 2.3: Relationship between the step size S, the radius of curvature R and
the angle θ. Figure taken by Jellison’s work [67].

2.3.2

iFOD2 algorithm

The probabilistic algorithm based on CSD is one of the most appreciated algorithms to generate streamline tractography. Its features consist in fast implementation, more effective resolution of crossing fibers regions, and efficient dealing
with the noise present in DW data. iFOD2 algorithm is new higher order probabilistic streamlines method, that relies on a 2-nd order integration over fibre
orientation distributions [68].
35
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iFOD2 algorithms, at each current point of the curvature, steps, tangent to

the taken direction, along a path whose shape is a circle or an arc of fixed length
(i.e. step size). The direction is free chosen by sampling a probability density
function where each probability value is the product of every infinitesimal step
encountered in the path under analysis [68]. Probability values are approximated
by the FOD amplitude product, measured at regular distances along the tangent
direction of the path. At each point, the FOD is parametrized by a tri-linear
interpolation from the 8 nearest neighbours. Simple rejection sampling algorithm
is the technique adopted to obtain independent sample from the estimated probability density function defined among orientations. In figure 2.4 the concept of
2-nd order integration probabilistic integration is represented.

Figure 2.4: The graph shows that the curve with major joint probability corresponds to the most relistic path. Figure taken by Tournier’s work [68].
As a matter of all these characteristics, this probabilistic algorithms solves,
with a suitable step size, both crossing-fibers regions and highly-curved white
matter tracts. It is worth noticing that a useful step-size can be equal to the
voxel size: with this feature, and applying prior information about curvature, the
algorithms reconstructs only few unrealistic pathways applying [68].
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(a)

(b)

Figure 2.5: In (a) it is appreciable that the tracks tend to follow the exact curvature with a step size of 1 mm. In (b) it is appreciable that the tracks are well
directed despite the FOD shape. Figure adapted from [68].

2.3.3

Structural Connectivity

Structural connectivity matrix are generated to gain quantitative information on
how strongly atlas regions are linked one to each other. Human connectome is
summarized by structural connectivity matrices characterizing different metrics.
Assuming to have generated a whole-brain tractogram, after having overlayed
the atlas-based parcellation onto the product tractogram, brain structure can be
evaluated by analysing structural connectivity matrices.

2.3.4

Aim of the thesis

The aim of my work consists in observing how structural connectivity is altered
because of the presence of the glioma neoplasm. Thesis project had the target of
delineate an analysis pipeline to whom a credible and reliable setting parameters
has been carried out.
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Part III
Materials and Methods
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Chapter 3
Dataset and methods
3.1

Dataset specifications

In our research we have taken into consideration 32 subjects with glioma of different grades. Diffusion weighted images of these patients have been scanned at
the Policlinico universitario di Padova. Data have been acquired on a Siemens
Biograph mmR syngo MR B20P scanner at 3 T, with TE of 104 ms, TR of 5355
ms and a voxel size of 0.2mmx0.2mmx0.2mm. Each volume was composed of 68
slices, acquired in interleaved mode with a multiband accelerator factor of 2. Dimensions of each slice were of 256x256. The diffusion MR sequence implemented
is called "cmrr_mbep2d_diff".
For each subject, 200 DWI images have been collected: 100 images acquired
with anterior-posterior (AP) phase-encoding direction, while the other 100 collected with posterior-anterior (PA) phase-encoding direction. Diffusion weighting of b = 710 s/mm2 and b = 2855 s/mm2 were applied in different directions.
Specifically, for each phase-encoding (PE) direction, 30 images were acquired with
b = 710 s/mm2 , whilst 60 images were acquired with b = 2855 s/mm2 . Moreover, 10 images in both AP and PA directions were acquired without diffusionsensitizing gradients (so b = 0 s/mm2 , in fact these images are called b0 images).
Diffusion gradient directions of both shells were chosen in accordance with the
sampling schemes illustrated by Caruyer [69], characterized by an optimal angular coverage. While varying the b-value, the diffusion time (∆) and the diffusion
pulse duration (δ) were kept fixed.
The analyses have been carried out on each single subject. The research has
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been developed in the specific subject direction, in the view of a personalized
medicine for single patient.

3.2

Methods

Analysis have been developed utilizing Matlab [70], MRtrix [71], ANTs [72] and
FSL [73] software. The study is subject specific, in the direction of a personalized
medicine.

3.2.1

Preprocessing

Diffusion imaging is inherently a noisy technique, and this introduces uncertainty
into the results [53]. DWI is a low-resolution and low-SNR technique, moreover,
image quality problems are worsened by DWI’s high sensitivity to physiological
motion. In fact, DWI is sensitized to translational motion of water molecules,
which is of the order of 5 − 15 µm given typical measurement times. Signal
shift and signal loss could be caused bay a small amount of subject motion, even
cardiac pulsation, affecting image quality. The images are further distorted due
to B0 susceptibility effects and are prone to eddy-current-induced distortions,
introduced by the rapid switching of the large diffusion gradient pulses. DWIs
are also probably influenced by the fact that high b-value DW images clearly
have reduced signal-to-noise ratio, due to the higher attenuation induced by the
diffusion weighting, but also the longer echo time needed to accommodate the
long DW gradients needed to achieve that b-value. Several processes, such as
echo-planar imaging (EPI) readout techniques, and enhancement on acquisition
procedure, such as the chosen of an optimal number and distribution of gradient
directions, have been applied to solve all the explained problems, nonetheless,
some preprocessing steps have to be applied to improve further data quality.
In the following paragraphs the preprocessing levels employed to DWI data are
explained and analysed.

Denoising: First, it has been applied denoising [74] [75], to estimate the
spatially varying noise map, both for AP and PA images. Then, all b-images have
been concatenated into a MRtrix’s specific data format, the so-called .mif image,
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such that it contains both bvecs and bvals data. Next, AP and PA denoised
volumes have been concatenated into a unique file.
Motion and distortion correction: At this point, it is necessary to apply
a motion and distortion correction step.
Specifically, the first sub-level is to apply an EPI-distortion correction, using
a pair of bzeros images to correct either phase encoding (PE) and reversed PE.
This is a necessary step because, in EPI, strong distortion occurs along the phaseencoding direction, caused by the relative long time difference of the k-spacereadout. Topup tool of FSL takes care of this procedure [76].
It is worth noticing that Single-shot EPI is one of the most efficient magnetic resonance imaging (MRI) acquisition schemes, producing relatively highdefinition images in 100 ms or less. Nevertheless, EPI suffers from severe spatial
and intensity distortion due to the B0 field inhomogeneity, induced by magnetic
susceptibility variations. For this reason, several b0-images were acquired in both
PE directions: by taking the mean for both direction, a cleaner b0-image is obtained. Further, this step requires to concatenate in order the mean b0-images
acquired in AP and the mean b0-images acquired in PA, into a unique file.
Then, the second and third levels are respectively B0-field inhomogeneity
correction and eddy-current and movement distortion correction. As the B0 field
suffers from local instabilities due to the magnetization of different molecules,
it is necessary to correct for the distortions this effect causes [76]. So, the rpe_all option specifies that every DWI image has been acquired with opposing
phase-encoding. This information is used to perform a recombination of image
volumes (each pair of volumes with the same b-vector but different phase encoding
directions will be combined together into a single volume). Consequently, it is
assumed that the second half of the volumes in the input DWI images have
corresponding diffusion sensitisation directions to the first half, but were acquired
using the opposite phase-encoding direction. Then, it has to be explicit that
the phase encoding direction of the input series is AP. Addictionally, as already
mentioned, strong gradient pulses are quickly switched on and off during DWI:
this induces spiral-shaped currents whose effect is to lead to geometric distortion
of the MR images. For this reason, motion artifacts, caused by the fact that
phase shifts induced by the gradients happen at a microscopic scale, have to be
corrected [77] [78]. The solution of all these limits are applied with a FSL’s eddy
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tool [79] called by MRtrix’s preprocessing tool dwipreproc.
Brain mask estimation: The last step of preprocessing procedure has the
purpose to create a binary mask of the brain. As it will be explained in the
next sections, its computation will be useful with subsequent analyses, that will
be performed within the mask of the brain to improve biological plausibility of
streamlines and reduce computation time.

3.2.2

Tractography generation

After having applied data preprocessing, the generation of the streamlines can
proceed. We have decided to generate tractography taking into account two different methods, able to extract white matter fiber orientation’s information from
diffusion-weighted MRI data. The first method used is the DTI technique, the
earliest widely approach employed to obtain white matter orientation. The second method taken into consideration is the CSD, that has overcome the crossing
fibre limitations inherent in the diffusion tensor model.
Common to both methods is the employment of a mask for streamline termination, with the involvement of Anatomically Constrained Tractography (ACT),
and the application of a mask of streamline seeding.
Preparing Anatomically Constrained Tractography
Throughout the use of ACT, it is possible to increase the biological plausibility
of downstream streamline creation. There are two types of criteria to improve
quality and reliability of streamlines creation, such as the creation of a mask for
streamline termination and the preparation of a mask of streamline seeding.
Preparing a mask for streamline termination: ACT is a supplementary step that allows us to further increase the biological plausibility of streamline
creation: it rejects those streamlines that end in cerebro spinal fluid (CSF), or
other regions where it is known that WM fiber tracts do not end. ACT makes
more effective use of the information available from anatomical image segmentation and the known properties of the neuronal axons being reconstructed, to
apply biologically realistic priors to the streamlines generated [80]. Studies [80]
indicate that some of the false positives associated with tractography algorithms
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are prevented. In fact, DW-images provide useful fibre orientation information
from the underlying axonal populations, but they do not supply an appropriate
contrast for precisely identifying where axon fibres should end. Consenquently,
some criteria to determinate appropriate terminations points for the streamline
have been proposed, such as FA or FOD amplitude, local curvature of the streamlines or binary tracking mask. As these criteria for streamline termination are
imperfect, it is useful to apply an addition to streamlines tractograhy, such that
it makes effective the use of some informations, provided by segmentation of an
anatomical contrast image, to apply biological realistic priors. ACT considers the
biological properties of the tissue types and fluid within the brain [80].
Because of the procedure that is applied to construct these prior, ACT can be
applied independently from the particular diffusion model or streamline algorithm
used. ACT does not influence the direction of tracking in any way, as it is the
diffusion model that provides this knowledges. ACT influences the streamlines
providing the mechanism by which the streamlines terminate and the criteria
by which streamlines are either accepted or rejected based on their biological
plausibility. Tractography reconstructs long neuronal axonal bundles of the white
matter: these structures connect spatially far processing areas of the central
nervous system (CNS), allowing the functional integration of different anatomical
structures of the gray matter. As such, it should be expected that most of the
endpoints of these links occur within cortical or sub-cortical grey matter. Some
may project to the spinal chord (such as the cortico-spinal tract), but they should
never terminate within brain white matter. Furthermore, axons do not enter CSF
regions of the brain [80].
ACT requires data derived from high-resolution T1-weighted image: it is asked
to create the so-called 5tt-image, a 4-dimensional preprocessed T1-weighted image
with 5 different tissue types (cortical gray matter, subcortical gray matter, white
matter, CSF and pathological tissue, which in our research is the subject’s binary
tumour mask). The presence of binary tumour mask is required as we work in
the field of brain tumours. To be more precise, complete gray matter mask has
to be multiply to this latter mask. It is important to highlight the necessity
of using -nocrop option, since the T1-image has been already elaborated with
FSL software to remove the skull from the image. Having been created from T1image, by preprocessing and segmentation into five tissue types, this 5tt-image
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has been brought in the DWI space applying a co-registration procedure, since
this information will be used to improve fiber tracking. This co-registration step
was applied with ANTs software, a complex and powerful performance registration
software. A rigid and an affine transformations were applied consequently. A
"rigid" registration is characterized by 6 parameters, then it does not deform or
scale the brain, it only rotates and moves it (the whole image is considered a
rigid object). Instead an "affine" registration, characterized by 12 parameters,
allows not only rotation and motion, but also shearing and scaling. This, further,
allows to match brains in size. The "rigid" and "affine" registrations are also called
linear registrations, because these types of transformations can not model local
geometric differences between images. For both algorithms Mutual Information
(MI) was employed as the metric to minimize. The co-registration is divided
into two steps: a T2-weighted image already brought into T1 space, that we
called T2-to-T1 image, was moved to DWI space throughout a linear interpolation
algorithm, producing a transformation matrix that will be applied on the 5ttimage. Specifically, this T2-to-T1 image has a contrast so similar to b0 image
contrast, i.e. it is an image with an higher resolution, and provides better coregistration results. The target image is the b0-mean image, such as the bestsuited image since it is not diffusion-weighted. Because of for each patient several
b0-images were acquired, their was taken. At this point the moving image, 5ttimage, is moved on the target image, b0-mean image, applying the transformation
matrix obtained in the previous step.

Preparing a mask of streamline seeding The biological plausibility of
streamline creation can be improved even further defining where streamlines
should start. In our research we have decided that gray-matter/white-matterinterface, either cortical or sub-cortical, can be a reasonably starting point. So
we have created a mask of the gray-matter/white-matter-boundary as mask for
streamline seeding, instead of a more commonly-used white matter seeding. Researches [80] show that by seeding from GM-WM interface instead of throughout
the white matter, the homogeneity of track density throughout the white matter
(in particular the gross intensity difference between deep and superficial white
matter) is improved. Moreover the homogeneity of streamline terminations over
the cortical ribbon is improved.
46

Back-tracking: Another type of anatomical prior used for ACT is the backtracking option. If a deterministic algorithm is used, this option deals with
streamlines that encounter terminations that are poorly supported by the image data, and that would have been rejected according to the criterions explained
in the previous paragraphs: any streamline seeded from any point along the already rejected path, is destined to encounter the same termination by design and
so it is also rejected. Instead, for a probabilistic streamline algorithm, the backtracking option truncates the streamline to a point before a poor termination is
encountered, and re-samples from the uncertainty in the underlying orientations
in an attempt to find a more suitable termination point [80].

3.2.3

Constrained Spherical Deconvolution based tractography

Over the last decade, a range of so-called "higher-order" methods have been developed with the capability of estimating the orientations and relative contributions
of the fibre populations within each image voxel, without any explicit assumption
regarding the number of underlying population. These methods often represent
these orientations as a continuous function on the sphere for each voxel, known as
Fibre Orientation Distribution (FOD), or alternatively fibre Orientation Distribution Function (fODF). By probing the shape of these FODs and applying some
simple prior, streamlines tractography can be performed even in white matter
regions containing complex fibre architecture.
CSD based algorithm is based on the response function, a so-called response
function (RF), already described with FOD acronym.
Fiber Orientation Distribution
Before tracking the orientation of the fibers in each voxel needs to be estimated.
To perform a CSD, it is necessary to obtain the RS, used as kernel for deconvolution.
Response function estimation: Brain tissue can be divided into white
matter (WM), gray matter (GM) and cerebro spinal fluid (CSF). It is possible to
specifically estimate different response functions for different tissue types. This
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is done to improve streamlines’ reconstruction in voxels characterised as partial
volumes, as they are composed of different tissue phases. For this reason, our data
have been collected applying multi-shell multi-tissue CSD (MSMT-CSD)
technique [81].
MSMT-CSD can improve results in such regions where there are been estimated different RFs for different tissue types: different tissue classes are best
sensitive for different b-values.
The angular resolution of white matter, i.e. angular resolution, can be estimated only from data with diffusion gradients switched on. The higher the
b-values, the higher the angular resolution and so the more we appreciate the
anisotropy of white matter. Further, the flatter the RF, the higher the angular
resolution and so, the smaller crossing-fiber-angles can be resolved [82]. Gray
matter is isotropic by nature: for larger b-values we get smaller RF amplitudes.
CSF is again isotropic by nature, but its RF has an amplitude appreciable only if
RF is estimated from the b-zero data. In this way CSF can be differentiate from
gray matter. With this information, the downstream fiber orientation distribution and tracking are improved for those voxels characterized by partial volumes
[83].
Estimation of Fiber Orientation Distributions: The next step consists
of estimating the orientation distribution in each voxel (FOD), taking into considerations the different response functions for the different tissue-types at hand
and the brain mask obtained in paragraph 3.2.1. The command used is dwi2fod.
Intensity Normalization: The last step applied before streamline creation
is the correction for global intensity differences, with mtnormalise command. This
is particular important when performing group studies.
Creating streamlines
Now we create a whole-brain tractogram, both probabilistic and deterministic,
employing FODs estimated in the previous step. The relevant MRtrix command
is tckgen. Specifically, we have decided to generate tractograms, composed of 100
millions tracts, for both probabilistic and deterministic algorithm. As deterministic algorithm, we have applied SD_STREAM algorithm, that stands for Streamlines
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tractography based on Spherical Deconvolution. As explained above, it is a deterministic algorithm that takes as input the FOD image represented in the Spherical
Harmonic (SH) basis, estimated in the previous level. At each streamline step,
the local (trilinear-interpolated) FOD is sampled, and from the current streamline
tangent orientation, a Newton optimisation on the sphere is performed in order
to locate the orientation of the nearest FOD amplitude peak. Other tracking
parameters are as follows: step size 0.25 mm for voxel size, maximum curvature
per step 60◦ , maximum length 100 mm per voxel size and cut-off value. As probabilistic algorithm, we have instead applied the iFOD2 algorithm, whose acronym
is derived by Second-order Integration over Fiber Orientation Distributions. As
explained in section 2.3.2, it is the default MRtrix probabilistic algorithm, that
also takes as input a FOD image represented in the Spherical Harmonic (SH)
basis. But, candidate streamline paths (based on short curved "arcs") are drawn,
and the underlying (trilinear-interpolated) FOD amplitudes along those arcs are
sampled. It is more probable that a streamline follows a path where the FOD
amplitudes along the given path are large; however, it may also rarely traverse
orientations where the FOD amplitudes are small, as long as the amplitude remains above the FOD amplitude threshold along the entire path. Other tracking
parameters are as follows: step size 0.5 mm for voxelsize, maximum curvature
per step 45◦ , maximum length 100 mm per voxelsize and cut-off value. Applying
both these algorithms we have decided to include the ACT (in paragraph 3.2.2)
framework during tracking, providing the 5tt image with patient’s tumour mask
in fifth position. This has be done with the -act option. Moreover, we have
set, with the option -seed_gmwmi, to seed from the grey matter-white matter
interface. Besides, only for iFOD2 algorithm, we have set the -backtrack option,
whose reasons have been explained in paragraph 3.2.2, that has allowed to the
tracks to be truncated and re-tracked if a poor structural termination has been
encountered. The unique parameter that we have decided to vary for iFOD2 algorithm is the cut-off, that represents the FOD amplitude for terminating tracks.
Different cut-off values have been applied: 0.1 (default value), 0.09, 0.08, 0.07,
0.06, 0.05. Give our dataset, for 11 subjects we have generated tractograms with
iFOD2 algorithm and all listed cut-off. Always for the same patients, we have
also generated tractograms with SD_STREAM algorithm and default cut-off (value
equal to 0.1). For the remaining 21 subjects, we have generated only tractograms
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with iFOD2 algorithm and default cut-off.
Reducing the number of streamlines
Tractograms obtained applying methods based on spherical deconvolution, are
characterized by an overestimation of longer tracks compared to shorter tracks.
For this reason, it is suitable to filter the tractograms to reduce CSD-based
bias: this is translated in a reduction of the number of streamlines. Sphericaldeconvolution informed filtering of tractograms SIFT is a method to retrospectively improve the accuracy of these reconstructions, by selectively filtering out
streamlines from the tractogram in a manner that improves the fit between the
streamline reconstruction and the underlying diffusion images [84]. In this way,
data processed by SIFT show a marked reduction in known reconstruction biases, improving biological plausibility. These biases are mainly introduced in the
tractogram by:
• Streamline seeding: longer white matter pathways present a greater volume
from which to seed, and therefore tend to be over-defined by streamline
reconstruction.
• Selection of fibre orientation: in regions of complex architecture, most
streamline algorithms simply follow the most collinear fibre orientation. In
the case of a branching tract, streamlines will tend to follow the straightest
path, introducing an imbalance in the streamline densities.
• White matter volume: because individual streamlines do not have a volume associated with them during streamline tractography, the physical
constraint of fitting the volume occupied by structural connections into
the relevant white matter volume is not taken into account.
One common effect of these biases is that the density of reconstructed streamlines does not represent the density of underlying biological connections. SIFT
uses the results of spherical deconvolution of the diffusion signal to determine
which streamlines to remove from the data set. Specifically, SIFT exploits the
fact that the size of the FOD is proportional to the DW signal arising from the
MR-visible tissue aligned in that orientation, which is in turn proportional to the
volume of that tissue within the voxel. So, SIFT applies streamlines removal such
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that FOD volume of each voxel matches volume of streamline reconstruction. A
cost function is defined to evaluate any deviations from the unbiased whole-brain
tractogram reconstruction. A proportionality coefficient (3.1), indicated as µ,
allows comparable FOD lobe integrals with streamline density.
∑︁

V (P MV

∑︁LV

µ = ∑︁

V (P MV

F ODV,l )
l=1 T DV,l )

l=1

∑︁LV

(3.1)

where F ODV,l is the FOD integral of lobe number l in voxel V , T DV,l is the
track density attributed to that particular lobe, LV is the total number of FOD
lobes in voxel V , and P MV is the value of the processing mask in voxel V . The
cost function f has equation:
f=

∑︂

LV
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V

l=1

(P MV

(µT DV,l − F ODV,l )2 )

(3.2)

Streamlines are iteratively removed from the data set in manner that improves
the model fit (so the removal of a streamline is provided by the minimization of
equation (3.2)), but it is guaranteed that the filtered reconstruction will never
provide an inferior model fit to the original data. However, there is no straightforward recommendation on how much filter.
In any case, major problems fall in the fact that the density of long tracks is
overestimated compared to short tracks (for example a longer track will get more
"hits" during probabilistic streamline creation, just because it is longer and the
probability of a "hit" is more likely). Similarly, in regions of crossing or branching
fibers, most streamlines will follow the straightest path, thus generating a bias
towards streamline density of the straight track.
In our implementation, we chose to reduce our 100-million-track file by a factor
of 10, so to keep 10-million of streamlines by -term_number option. Again,
we use the ACT option to improve the biological plausibility and we use the
normalized white-matter fiber orientation distribution, obtained in paragraph
3.2.3, to estimate the density of each tract.

3.2.4

Diffusion Tensor Imaging based tractography

The diffusion tensor is the first proposed method for characterising the underlying tissue microstructure in terms of the measured diffusion signal. The diffusion
tensor is however only capable of representing a single fibre orientation per voxel;
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in circumstances of complex fibre architecture (such as bending, crossing and kissing fibres, or partial volume contamination between adjacent fibre populations),
the diffusion tensor is a poor representation of the underlying structure, and
therefore leads to errors in the estimation of fibre orientations (with concomitant errors in the attempted reconstruction of the underlying fibre pathways).
Research suggested that 90% of white matter voxels in the brain contains such
complex architectures [85]. In tensor-based algorithms: streamlines are generated
starting from 4D diffusion-weighted image (DWI) series, data already available
in dataset because previously computed.

Creating streamlines
Now, we create a whole-brain tractogram, both probabilistic and deterministic,
employing 4D diffusion-weighted image (DWI) series already available. As before, the relevant MRtrix command is tckgen. Specifically, we have decided to
generate tractograms composed directly of 10 millions tracts, for both probabilistic and deterministic algorithm. As deterministic algorithm, we have applied
the TENSOR_DET algorithm. As explained above, this algorithm takes as input
a 4D diffusion-weighted image (DWI) series. At each streamline step, the diffusion tensor is fitted to the local (trilinear-interpolated) diffusion data, and the
streamline trajectory is determined as the principal eigenvector of that tensor.
Other tracking parameters are as follows: step size 0.1 mm for voxelsize, maximum curvature per step 60 ◦ , maximum length 100 mm per voxelsize and default
cut-off value, that represents the FA amplitude cut-off equal to 0.1 for terminating tracks. For what concerns the probabilistic algorithm, we have applied
TENSOR_PROB algorithm. It is a probabilistic algorithm that takes, again, as input
a 4D diffusion-weighted image (DWI) series. Within each image voxel, a residual
bootstrap is performed to obtain a unique realisation of the DWI data in that
voxel for each streamline. These data are then sampled via trilinear interpolation
at each streamline step, the diffusion tensor model is fitted, and the streamline
follows the orientation of the principal eigenvector of that tensor. Other tracking
parameters are as follows: step size 0.1 mm for voxel size, maximum curvature
per step 60 ◦ , maximum length 100 mm per voxel size and default cut-off value,
that, as for TENSOR_DET algorithm, sets tensor FA cut-off equal to 0.1 for terminating tracks. Applying these algorithms we have decided to include the ACT
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(paragraph 3.2.2) framework during tracking, providing the 5tt image with the
patient’s tumour mask in fifth position. This has be done with the -act option.
Moreover, we have set, with the -seed_gmwmi option, to seed from the grey
matter-white matter interface. Tractograms with TENSOR_PROB and TENSOR_DET
algorithms were generated only for the eleven subject mentioned in 3.2.3.
To be noticed the fact that for tensor-based algorithms it cannot be applied
SIFT algorithm, since it works on FOD.

3.3

Structural Connectivity analysis

3.3.1

Preparing an atlas for structural connectivity analysis

The focal point of our research has focused mainly on the analysis of Structural
Connectivity (SC) matrices. Thereby, a fundamental step is to obtain a volumetric atlas-based parcellation image, co-registered to diffusion space for downstream
SC matrix generation. In this work we chose the Schaefer atlas. We have chosen
the Schaefer atlas because it is scalable, as it can be composed by from 100 to 800
parcels and divided into 7 or 17 different networks. Additionally, it is a functional
atlas that allows us to carry out single network analysis, enabling the investigation of structural-functional integration inside the brain. Besides, its resolution
(2mmx2mmx2mm) matches the DWI dataset at hand. Specifically, in our analysis the Schaefer chosen is composed by 200 parcels, and networks partition is
in 7 or 17 labels. The chosen skeleton is the MNI152_T1_2mm_brain. This
population averaged T1w image has a much good contrast between white matter
and grey matter, and it is composed only by the skull-stripped brain. It is worth
remembering that the Schaefer was not interpolated at each co-registration step,
it was interpolated only one time to solve the known problems. It is necessary to
implement a co-registration of the atlas to the diffusion space: as the contrasts
between MNI and the diffusion space are too different to carry out a single step,
we followed three steps to co-register the Schaefer to b0-space.
1. MNI co-registration to T1 space: The moving image is the MNI152_T1_2mm_brain
image, the target image is the T1w_N4_brain image. With a linear interpolation, there have been applied in sequence rigid then affine then Syn al53
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gorithm, with respectively MI, MI and Cross Correlation (CC) metrics. It is
necessary to include a mask, i.e. the image difference between the BrainExtractionMask and the Tumour_mask, both on T1 space (to be noticed the
fact that all voxels of image difference equal to −1 are set to zero, because it
is not acceptable to consider voxels individuate by the tumour mask and not
individuated by the brain mask). Transformation matrices obtained are applied to Schaefer2018_200Parcels_17Networks_order_FSLMNI152_2mm
image with a NearestNeighbor interpolation.
2. MNI_2_T1 co-registration to T2 space: Here transformation matrices were
already available: The moving image is the MNI152_2_T1 image, the target image is the HEAD_T2_SPC_1_ISO_N4_brain image. With a linear
interpolation, there have been applied in sequence rigid then affine algorithm, with respectively MI, MI. Same transformation matrices are applied
to Schaefer_2_T1 with a NearestNeighbor interpolation.
3. MNI_2_T2 co-registration to b0 space:
Also in this case transformation matrices were already available, they have
been obtained with rigid then affine algorithm, both applying MI metrics.
To move MNI152_2_T2 image to b0 space we have applied a linear interpolation. To move Schaefer_2_T2 image to b0 space we have applied a
NearestNeighbor interpolation.

3.3.2

Structural Connectivity Matrix generation

At this point, we use the atlas-based parcellation image to gain quantitative
information on how strongly each of those regions connects to all others. The
idea is to overlay the atlas-based parcellation onto the whole-brain tractogram
and evaluate the connection strength applying three metrics: the first two have
been applied for all algorithms, the last one has been applied only for TENSOR_DET
and TENSOR_PROB algorithm. Options common to all matrices generation are symmetric and -zero_diagonal, that respectively make matrices symmetric on
output and set matrix diagonal to zero on output. Here is reported a description
of the three employed metrics:
• Generate a matrix consisting of the number of streamlines between each
node pair. This matrix will be called Number of streamlines SC matrix.
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• Generate a matrix consisting of the mean streamline length between each
node pair: the process consists in multiplying the contribution of each
streamline to the connectome by the length of that streamline, and then, for
each edge, computing the mean value across the contributing streamlines,
one obtains a matrix where the value in each entry is the mean length across
those streamlines belonging to that edge. Options applied are -scale_length
and -stat_edge. This matrix will be called Mean streamline length SC matrix.
• Generate a connectome matrix where the value of connectivity is the "mean
FA": here, a connectome matrix that is "weighted by FA" is generated in
multiple steps: firstly, for each streamline, the value of the underlying FA
image is sampled at each of its points, and the mean of these values is
calculated to produce a single scalar value of "mean FA" per streamline;
then, as each streamline is assigned to nodes within the connectome, the
magnitude of the contribution of that streamline to the matrix is multiplied
by the mean FA value calculated prior for that streamline; finally, for each
connectome edge, across the values of "mean FA" that were contributed by
all of the streamlines assigned to that particular edge, the mean value is
calculated. This matrix will be called Mean FA SC matrix.
A work-flow, reassuring all steps performed until now is shown in figure 3.1.
Tracking algorithms comparison
We have decided to carry out an analysis on the eleven subjects, for which tractograms of iFOD2, SD_STREAM, TENSOR_DET and TENSOR_PROB algorithms with
default cut-off value of 0.1 are present. At this point, it is fundamental to select a single algorithm with which the Structural Connectivity analysis will be
performed. We have applied quantitative and statistical methods to take this
decision, employing the same procedure on the Number of streamlines SC matrix
and the Mean streamline length SC matrix. For a priori hypothesis would be
to expect the iFOD2 algorithm to generate more complete tracts with an higher
adherence to physiology.
Entropy computation Shannon Entropy [86] characterizes the wealth of
information of the four tracking algorithms. For each metric, we have decided to
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Figure 3.1: Schematic representation of overall steps applied to obtain SC matrices.
compute the entropy value of each SC matrix obtained from each of these tractograms for all eleven patients. Then, we have computed mean entropy between
entropy values of single SC matrix of eleven subjects within the same tracking
algorithm, such that to obtain four entropy mean values. Precisely, we have
taken the histogram of each SC matrix, such that it can be approximated to a
probability distribution. Then we have applied the entropy formula:
H[x] =

∑︂

p(x) log2 p(x)

(3.3)

x

where x is the variable and p(x) is the probability value of each realization
of variable x. Histogram has been created with 500 and 1000 bin, to investigate
if there are noticeable differences. Then mean entropy computation inter 11
56

subjects has been achieved for the four tracking algorithms. This index provides
a quantitative value to highlight how rich the SC matrix is between the evaluated
algorithms.
To check and better evaluate the result we have computed the mean connections’ trend to the variation of the number of streamlines for each algorithm, and
the histogram of mean number of connections inter subjects for different ranges
of number of streamlines.
Streamlines clustering A second method implemented to compare the
four different algorithms is the streamline clustering. Dott. Villani has implemented a pipeline for fiber clustering, whose parameters were based on [87]. For
each algorithm of each patient, the clustering pipeline has been applied. Obtained
results were compared to the tract-based white matter atlas got by Zhang [87]:
being composed of 256 white matter tracts, it is one of the most complete and
well structured tract-based white matter atlases, able to cluster almost all brain
white matter pathways. Deeper details and results of the clustering analysis are
reported in Appendix A.
Optimum cut-off parameter selection
After having decided which algorithm gives the wealthier information in terms of
streamlines and clustering, the following choice is the cut-off value to apply for
termination tracts. Even for this analysis, dataset was composed by tractograms
of the same 11 patients for which tracking algorithms comparison procedure has
already been explained. For all the analysis illustrated in the following sections,
we have taken away bias given by zero streamlines connections, and connections
constituted by a single streamline, because not considered reliable (they all have
been set to NaN). To be underlined the fact that have been removed even elements of Mean streamline length SC matrix whose positions correspond to the
connections of Number of streamline SC matrix composed by a single streamline
(again, they have been set to NaN). Our dataset is composed by gliomas patient,
thus, since there are not studies about primary brain tumour where cut-off parameters were tested in this values range, we want to understand if it is present
a sensibility to cut-off parameter. If this is not, default value is the literature
recommendation.
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Scatter plot: The first type of feature that we can evaluate is the visual

behaviour of data of SC matrix with cut-off 0.05 with respect to the behaviour
of data of SC matrix with cut-off 0.1. We plot the so called scatter plot, to check
if some correlation trends are present between these two matrices. It has been
reported even data fit. This plot is visualised for each of the eleven subject for
each metric.
Ttest: With ttest we want to characterize if there exists a relevant difference
of a cut-off rather then some others cut-off values. A ttest has been applied for
each patient, taking as input data the histogram values of the image difference
between upper triangular SC matrix obtained from tractogram with 0.1 cut-off
value and upper triangular SC matrix obtained from tractogram with 0.05 cutoff value. Applying the ttest in the classic formula, we check whether he null
hypothesis (H0) is accepted or rejected. If H0 is accepted, it would confirm our
hypothesis of similarity between SC matrices with the same tracking algorithm
but different cut-off values. This test is repeated for each of the eleven subject
for each metric. We accept the null hypothesis if the p-value is higher than a
significance threshold of α = 5%. Nevertheless, we are conscious of having a huge
sample size, and this fact could lead to unreliability in our results.
Violin Plot: A Violin plot is a more readable substitute for a box plot, that
replaces the box shape with a kernel density estimate of the data, and overlays
the data points themselves. The original boxplot shape is still showed as a grey
box/line in the center of the violin. Violin plots are a superset of box plots,
and give a much richer understanding of the data distribution, while not taking
more space. They can be used to instantly spot too sparse data, or multi-modal
distributions, which could go unnoticed in boxplots. In our research, Violin plots
shows the concentration of points as the percentiles vary, allowing the study of
data distribution qualitatively. This kind of visualisation is reported for each
combination metric-algorithm.
Anova test: Here we perform one-way ANOVA. For each metric, Anova
tests the hypothesis that the samples of the six matrices are drawn from populations with the same mean against the alternative hypothesis that the population
means are not all the same. The test returns the p-value. Anova test performs a
58

quantitative evaluation of data distribution.

Krzanowski test: At this point, it is necessary to find out a similarity test
that takes care of the modularity and the relations rather then matrices data, since
there are a lot of samples and this could affect SC analysis. The Krzanowski test
[88] tests the hypothesis that the two population correlation matrices come from
the same distribution with an approach based on permutations. More specifically,
it tests whether two population correlation matrices have common eigenvectors,
and if the two population correlation matrices are equal. The only assumption
made in these tests is that the distributional form is the same in the two populations [88]. This type of test has been already applied in functional connectivity
matrix analysis in [89], to make a comparison between matrices structure. Since
we are working on a subset of eleven subjetcs, the first population is composed by
eleven SC matrices obtained with iFOD2 algorithm with cut-off of 0.1, the second
population is composed by eleven SC matrices obtained with iFOD2 algorithm
with cut-off of 0.05; in the test 1000 permutations have been applied. If p-values
from this test are higher than the threshold we accept the null hypothesis: we
can say that the evaluated matrices have a similar structure.

PCA analysis: For each metric, PCA analysis [90] has been applied to
understand if there exists a common structure between SC matrices of different
cut-off obtained with iFOD2 algorithm. PCA analysis is a variance analysis to
evaluate how much common structure there is among six SC matrices for each
metric. PCA analysis has been carried out for each of the eleven subject, with
the aim to evaluate the explained variance. If the first Principal Component
(PC) has a very high explained variance, i.e. higher than 80%, since this PC
represents the mean "signal", it means that all SC matrices are extremely similar
to the mean matrix, and so there is redundancy in the six matrices and there is
no a significant difference between cut-off applied. This allows us to choose the
default cut-off for iFOD2 algorithm tracking generation, given that, if this is the
default cut-off it means that generally works better then the others (in terms of
computational time and results reproduce, etc.). For this type of analysis only
the upper triangular matrix of each SC matrix has been considered.
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3.3.3

Overall SC impact

After having decided to use the tractogram and the consequently SC matrices obtain from iFOD2 algorithm with 0.1 cut-off value, it is time to evaluate Structural
Connectivity matrices results obtained in section 3.3.2 and to understand how to
classify a patient as altered with respect to a healthy subject. Our dataset is composed of 32 unhealthy patients missing the healthy counterpart in the dataset.
For this reason, we decided to compare each single subject SC matrix with respect to a population mean or median SC matrix, build to exclude these matricial
contributions where the tumour is known to produce a connectivity bias. We subsequently compare each subject’s SC matrix to these "pseudo-healthy" population
matrices and analyselink-wise deviations by making use of SC and CV matrices.

Mean matrices: To compute mean matrix for either metrics, mean is made
between connections whose both nodes are not covered by tumour. In other
words, they have been selected parcels whose area are covered by the tumour of
an area bigger than the 5% of the parcels area: connections characterized by these
parcels are not included in the mean computation. Moreover, since we do not
consider physiological connections of a single streamline and we take away bias of
zero, we do not consider in the mean computation even that connections characterize by these two types of streamline. In fact, parcels’ area are large enough to
make connections composed by a unique streamline implausible. Anyway, mean
matrix is more sensitive to outliers rather then median matrix, for this reason we
do not consider mean SC matrix as reference matrix.

Median matrices: We have decided to compute median matrix for both
metrics, since this type of matrix is less sensitive to possible outliers. The Median
matrix is less sensitive to distribution tails, and is better suited to represent
general trends whenever statistical distributions are not Gaussian. Also in this
case the median matrix is computed between connections whose both extremes are
not covered by the tumour (the selection of these areas follows the same procedure
described in the previous paragraph 3.3.3), without taking into considerations
even that connections characterized by zero or one streamline (again, reasons are
equal to those explained in the previous paragraph 3.3.3).
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SD matrices: At this point, to assess a reliable comparison we need to take
into consideration the SD matrix for each metric. As always, the SD matrix is
computed between connections whose none of the parcels at the extremes are
covered by tumour, without taking into considerations even that links characterized by zero or one streamline. Once more, reasons are equal to those explained
in paragraph 3.3.3.

CV matrices: Likewise, to complete the analysis we consider even the CV
matrices, that are SD matrices normalized to mean matrices.

Frequency maps of healthy and unhealthy: Nonetheless, what is extremely important to take into account is the frequency of "healthy" and "unhealthy" links among the SC matrices. When we carry out a comparison made
up assessments with respect to a median or mean behaviour, it is fundamental
to know how many subjects are included in the computation. For this reason we
extract the so called Frequency map, that count which and how many connections
have at least one extreme of the link coincident with tumour. It can be figured
out even the complementary Frequency map, that shows for each connection, how
many subjects have "healthy" parcels as extremes of connections of SC matrix.
In this way, when we evaluate mean or median SC matrices, we can keep in mind
if there is too poor credibility in our estimate because we are taking few many
subjects in the estimate of the "healthy" behaviour. Thus, this type of maps
provide us the trustworthiness of the analysis that we are carrying out.

Frequency map of zero-one streamline: We decided to build a frequency
map where we counted among the 32 subjects, for each link, the number of
connections that does not seem exist (so composed by zero streamlines) and the
number of those connections composed by one streamline. Connections that are
constituted by most of zero-one streamline among subject, are not considered
existing link. As already explained in paragraph 3.3.3, areas of Schaefer are large
enough to allow to make connections made up of a single streamline not credible.
The Structural Connectivity matrix is in fact a sparse matrix: not all parcels are
directly connected by streamlines.
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MAD matrices: The last and essential matrix in our research is the Me-

dian Absolute Deviation matrix, also indicated as MAD matrix. The MAD matrix gives us, in a non-parametric way, to evaluate how much far away is the
subject specific SC matrix from the representative matrix, thus Median matrix.
For this reason, the distance of the SC matrix of each subject from the Median
matrix provides us the definition of "altered" parcels or networks in the specific
subject. What we expect, is that the tumour causes dislocation or disruption of
the streamlines. So, in an altered connection, unhealthy patients should show
fewer streamlines with respect to an healthy subject, that unfortunately we do
not have at our dispose to make a comparison. For this reason, we are interesting
in how many streamlines are fewer with respect to the median or mean behaviour,
since we have said that we consider median or mean matrices as references for an
healthy counterpart. Obviously, it is evaluated the credibility of the values with
respect to the number of subjects that appear healthy in those regions: if some
links of the median matrix is "healthy" for less than 10 subjects, the comparison
is not considered reliable.
To better perform this analysis, we have also generated the image given by
the ratio of MAD and median matrices and the absolute image difference between
mean and median images normalized by absolute mean.

3.3.4

Altered patient

The SC matrices whose metric is Mean Streamline Length were not analysed. Two
were the reasons why the Mean Streamline Length metric was not examined: the
former motivation was due to the fact that the Mean Streamline Length metric
depends on brain size. In fact, unfortunately the head size of each subject is
too different one from each other. The latter was caused by the fact that, since
the tumour’s effects are displacement or disruption of WM fibers, we presume
that glioma does not significantly modify the mean length. Further, what we can
expect from tumour’s impact is at maxima a reduction of the number of streamlines. In fact an increase of number of streamlines should be a wake-up bell about
a bad job of tracking algorithm. Therefore, the final analysis that we have carried
out is based on SC matrices with metric Number of streamlines. Specifically, we
considered the matrix provided as the normalization by the MAD matrix of the
matrix difference between the SC specific subject matrix and the Median matrix.
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We applied to these results matrices, the division into 100 parcels for each hemisphere then grouped into seven networks, defined by the Schaefer. This Schaefer
highlights the Visual, Somatomotor, Dorsal Attention, Ventral Attention, Limbic,
Frontoparietal and Default network in Left and Right hemispheres.
Images of Schaefer 200 parcels division for each hemisphere grouped into 7 or
17 networks are in figures 3.2a and 3.2b.

(a)

(b)

Figure 3.2: On the top (a), Schaefer 200 parcels division for each hemisphere
grouped into 7 networks. On the bottom (b), Schaefer 200 parcels division for
each hemisphere grouped into 17 networks. Both images adapted by [91].
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MAD analysis
This analysis classifies the disease and shows which subjects’ connections are
more affected by the glioma. Given the distribution, among the subjects, of
connections in terms of number of streamlines, we expect to have a reduction
in terms of streamlines number due to a pathological condition. Thereby, given
both the empirical values distribution and, subsequently, its median, this analysis
evaluates the behaviour in the lower tail of the distribution. As we have explained
above, our interest is in evaluating networks in which much fewer streamlines with
respect to the median SC matrix are present. In particular, the involvement of
networks in percentage terms, as not all networks are impacted in the same way by
the pathology. To obtain this information, we assessed the binarized matrix that
we obtained taking all matrix’s values minor than −2 and −3. These matrices are
called 2 MAD and 3 MAD matrices. In fact, studying these kind of matrices, we
can establish a quantitative measure of distance, thus enabling us to investigate
pathologically defined outliers.
We analysed all connections that were 2 or 3 MAD (depending on the considered MAD matrix) from median matrix. It can be noticed that those links of the
Median matrix that are not considered reliable, i.e. the connections of original
matrices composed of zero or one streamline, or the connections whose at least
one of the parcel at the nodes is covered by tumour, are not included in the analysis. In fact, if the Median matrix presents some NaN, the MAD matrix presents
NaN values in the same connections. What is of interest is what is clustered,
because it indicates that most of that network is subject to alterations, and for
this reason glioma causes impact on that particular network.
Following the definition of the altered connections, as reported in figure 3.3,
for each subject we counted how many links are altered considering intra LH
hemisphere (in red), intra RH hemisphere (in brown) and inter LH-RH hemisphere (in purple) region. Then, we restricted our analysis to a single network
investigation. For each network we counted how many links are altered in the region defined by the selected LH network and itself (in pink), in the region defined
by the selected LH network and all others networks in the same hemisphere (in
orange), in the region defined by the selected LH network and the same network
in the contra-lateral hemisphere (in blue), in the region defined by the selected
LH network and all others networks in the contra-lateral hemisphere (in green),
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in the region defined by the selected RH network and itself (in yellow), and finally
in the region defined by the selected RH network and all others networks in the
same hemisphere (in light blue).

Figure 3.3: Schematic representation of overall altered hemispheres analysis and
single network altered analysis.
A more sophisticated inspection can be performed normalizing every number
of altered links in each region with respect to the total number of connections
in the same region. In this way we computed the involvement of networks in
percentage terms, as not all networks are impacted in the same way by glioma.
The final analysis has been based on the grading of tumour location provided
by expert neuroradiologists. The Neuroradiologists have classified 18 patients
with tumour in the left hemisphere, 10 patients with glioma in the right hemisphere, 4 patients with a bilateral tumour.
Dividing patients in three groups, i.e. Left, Right and Bilateral tumour location, we have generated for each network and for each region of interest a boxplot,
dividing into Left tumour position, Right tumour position and Bilateral
Tumour position. Boxplots have been generated for both altered structural
connectivity and altered structural connectivity normalized to the total number
of connections. For an overall visualisation, we produced a scatter-plot in which
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the correlation between the total tumour volume and the number of altered links
can be visualised. It has been computed even coefficient correlation value and pvalue to gain a statistical index of the correlation between these two parameters.
Given that the expert neuroradiologists have additionally differentiated tumour’s
tissues, we performed the same analysis restricted to the tumoural core instead
of the MR-visible lesion. The exclusion of oedema area has been evaluated, as
it has an unclear effect on fiber tracking. Even in this computation, it has been
estimated coefficient correlation index and p-value.
The final aim of thesis was to observe the linkage between tumour position
and regions of figure 3.3 analysed. For this reason a plot of char bar was computed, where, for each region and for each network, the difference of median
SC normalized values between subjects with tumour in the left hemisphere and
subjects with tumour in the right hemisphere was computed.
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Chapter 4
Results
In this chapter, useful results of the preprocessing, of the procedure to choose the
algorithm and of the methodology to determine a cut-off, are shown. Structural
Connectivity analysis results are additionally displayed, seeing that the aim of
the research has been to study involvement, in terms of alterations, of each of the
networks. The structure of the chapter will follow the structure of the Materials
and Methods chapter.
Since 32 subjects were analysed, it has been decided to visualize results for
those subjects that should be representative of the heterogeneity of my sample and
useful during the discussion of the results. In particular, results of subjects identified by ID number #002, #005, #014 and #028 are presented. Features about
the collocation of tumour in hemisphere, the description of lobe involvement and
tumour tissues classification, have been provided by an expert neuroradiologist.
In the following, for each subject, a T1-weighted image, on which the corresponding 4tissue mask is overlapped, is shown. The segmentation of the mask,
whose name derived from the identification of four tissue types such as nonenhancing tumour core, enhancing tumour core, necrosis and oedema, was performed by an expert neuroradiologist.
Subject with ID #002 is chosen since she is a young woman with a welldefined tumour mass in frontal lobe of left hemisphere. In figure 4.1, we report
the T1-weighted image and the tumour applied to the T1-weighted image.
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(a)

(b)

Figure 4.1: In position a: grayscale representation of T1-weighted image of subject #002. In position b: grayscale representation of T1-weighted image of subject
#002, in which the 4tissue mask is overlapped. From the left: sagittal plane, coronal plane and axial plane. The 4tissue mask is marked by four colours: white area
identifies oedematous tissue, yellow area identifies necrosis, and orange area identifies enhancing tumour core, and red area identifies non-enhancing tumour core.
In this subject, it is present only oedematous tissue.

Subject with ID #005 is selected since he is an old man with the glioma collocated in the temporal lobe of left hemisphere. This patient has a very marked
atrophy and dilated ventricles, as it can be seen in figure 4.2. Often, low cortical thickness leads to wrong considerations about altered networks, that instead
erroneously are attributed to the glioma’s impact.
Subject identified by ID #014 is reported as example, because he is a man
with a very extended frontal tumour on the left hemisphere, characterized by
a large oedema. Given huge dimensions of this glioma, it is expected that this
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Figure 4.2: Grayscale representation of T1-weighted image of subject #005, on
which the 4tissue mask is overlapped. From the left: sagittal plane, coronal plane
and axial plane. The 4tissue mask is marked by four colours: white area identifies
oedematous tissue, yellow area identifies necrosis, orange area identifies enhancing tumour core, and red area identifies non-enhancing tumour core.
tumour has impacted several connections. A complete visualisation of the tumour
area is shown in figure 4.3. Looking at white area identified in figure 4.3, it is
clearly visible a large area covered by oedema.

Figure 4.3: Grayscale representation of T1-weighted image of subject #014, on
which the 4tissue mask is overlapped. From the left: sagittal plane, coronal plane
and axial plane. The 4tissue mask is marked by four colours: white area identifies
oedematous tissue, yellow area identifies necrosis, orange area identifies enhancing tumour core, and red area identifies non-enhancing tumour core. In this
figure, it is clearly evident large area covered by oedematous tissue.
The last significant example is the patient with ID #028: he is a man with
occipital-temporal tumour on the left hemisphere. Looking at figure 4.4, the
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glioma is collocated along the optic radiation. A complete visualisation of the
tumour area is shown in figure 4.4. The visual inspection of figure 4.4 gives few
details about alterations while, as we will see in the next sections, SC analysis
will provide a lot of informations about alterations near the optic radiation.

Figure 4.4: Grayscale representation of T1-weighted image of subject #028, on
which the 4tissue mask is overlapped. From the left: sagittal plane, coronal plane
and axial plane. The 4tissue mask is marked by four colours: white area identifies
oedematous tissue, yellow area identifies necrosis, orange area identifies enhancing tumour core, and red area identifies non-enhancing tumour core.
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4.1

Preprocessing results

The preprocessing steps explained in subsection 3.2.1, required to concatenate the
two mean b0-images into one file, in order to apply the dwipreproc command. In
figure 4.5a and 4.5b, the mean b0-image of two representative patients are shown.

(a)

(b)

Figure 4.5: On the top, b0-mean image of subject #002. On the bottom, b0mean image of subject #014. For both figures, images are shown from the left
in the sagittal plane, in the coronal plane and in the axial plane. The gray scale
color-bar indicates the intensity value of the b0-mean image. The values range of
both images are restricted to obtain more saturated images.
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4.2

Tractography generation

Preparing Anatomically Constrained Tractography (ACT)
In subsection 3.2.2, reasons about the importance of Anatomically Constrained
Tractography were already explained: the increase of biological plausibility of
downstream streamline creation is extremely beneficial in tractography generation. As mentioned above, we show the masks for streamline termination and
mask of streamline seeding for two representative patients.
Mask for streamline termination: The 4D image containing the results
of segmentation into the five tissue types is shown in figure 4.6. The segmentation
is obtained by the high resolution T1-weighted image.
In figure 4.7, images of 5tt-image before and after co-registration into DWI
space are displayed. After having preprocessed and segmented T1 data into five
tissue types (i.e. cortical gray matter, subcortical gray matter, white matter,
cerebro spinal fluid and tumour), these two dataset must be co-registered.
Mask of streamline seeding: As seeding points, we have defined that
streamlines should start i.e. in the gray-matter/white-matter boundary. In figure
4.8, the mask for streamline seeding of the patient #002 is exhibited, overlapped
to the DWI space. The hot scale color-bar associated to the mask describes the
probability values attributed to the voxels from which it is possible the streamline
seeding. Since the seed mask is created from the co-registered 5tt image, the
resultant seed mask will be co-registered to the DWI as well.
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(a) Cortical gray matter

(b) Subcortical gray matter

(d) Cerebro Spinal Fluid

(c) White matter

(e) Tumour

Figure 4.6: The segmentation obtained by the high resolution T1-weighted image
of the subject #002 with the command 5ttgen. The resulting image is a fourdimensional image derived by the T1-weighted image. The fourth dimension has
five elements, each corresponding to the segmentation of a different tissue type.
In figure, the five tissue types are shown in the axial plane: cortical gray matter
(in figure (a)), subcortical gray matter (in position (b)), white matter (in position
(c)), cerebro spinal fluid (in position (d)) and tumour (in position (e)).
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(a) Saggital plane

(b) Saggital plane

(c) Saggital plane

(d) Coronal plane

(e) Coronal plane

(f) Coronal plane

Figure 4.7
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(g) Axial plane

(h) Axial plane

(i) Axial plane

Figure 4.7: Showing the results of co-registration for the WM tissue for subject
#002. In (a), (d) and (g), the 5tt-image before the co-registration (cool scale
color-bar) is apply to the b0-mean image (image with gray scale color-bar) and
shown respectively in the saggital, coronal and axial plane. In (b), (e) and (h), the
5tt-image after the co-registration (hot scale color-bar) is apply to the b0-mean
image (image with gray scale color-bar) and shown respectively in the saggital,
coronal and axial plane. (c), (f) and (i), show both the co-registered (hot scale
color-bar) and the native 5tt (cool scale color-bar) simultaneously on the b0-mean
image (image with gray scale color-bar) in the saggital, coronal and axial plane.
It is worth noticing that color-bars of the 5tt native image and of the 5tt coregistered image refer to the intensity values of WM tissue type, while color-bar
of the b0-mean image refers to the mean b0 values. Also, it is worth noting that
the comparison between the two 5tt images before and after the co-registration is
not correct at all, since the 5tt native image is sampled with 1mmx1mmx1mm
voxel size, while the 5tt coregistered image is sampled with 2mmx2mmx2mm voxel
size.
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Figure 4.8: Checking the results of the seed mask creation for #002 subject. The
seed mask of the subject is overlapped to the b0-mean image, and refers to a hot
scale color-bar. The seed mask should start at the transition of gray and white
matter on the DW image (main gray image). The values of the mask represent the
probability distribution associated to the seeds point. They are associated to the hot
scale color-bar collocated at the top right corner: the red color is associated with a
low probability of seeding from that voxel, while the yellow color is associated with
an high probability of seeding from that voxel. Gray scale color-bar associated to
the b0-mean image is reported at the bottom right and refers to the intensity of
diffusion values of b0-mean image.
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4.3

Constrained Spherical Deconvolution based
tractography

4.3.1

Fiber Orientation Distribution

Having obtained different response functions for different tissue-types, it is possible to differentiate between three tissue types. In the following figures, we show
the estimate of fiber orientation distribution of the fibers in each voxel. To evaluate the results of the FOD, it is necessary to check if the FOD could accurately
resolve crossing fibers (i.e. in figure 4.9, it is verified FOD estimation in locations
individuated by visual inspection, where it is known, by anatomy, to contain
crossing fibers), to check if the estimation of white mater FODs, that is the aim
of tractography, was only performed within the borders of white matter.

(c) FOD of a single
voxel.
(a) Image of FOD in coro-

(b) Zoom of WM.

nal plane.

Figure 4.9: Showing the FOD estimation. In (a) there is a FOD estimation
of subject #002 in coronal plane. The pink box shows a region which contain
crossing fibers by anatomy, and are therefore especially fit for quality check of
FOD. In (b) there is the zoom of the pink box of figure a, an anatomical region
where it is known being crossing fibers. (c) shows FOD of a single voxel.
Moreover, figure 4.10b and figure 4.10c help to verify that CSF and gray
matter are free from FODs.
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(a) Image of FOD in coronal plane.

(c) Zoom of CSF area

(b) Zoom of GM area.

Figure 4.10: Showing the FOD estimation. In (a) there is a FOD estimation of
subject #002 in coronal plane. The blue area refers to the WM, the green area
refers to the GM, the red area refers to the CSF. The purple box (b) shows a
region of gray matter. The yellow box (c) shows a region of cerebro spinal fluid.
It is evident that the GM and CSF are free from FODs.

4.3.2

Creating streamlines

All steps explained in section 3.2.2 were performed to create streamlines that
delineated white matter tracts. The iFOD2 algorithm creates a richer tractography since, as was explained in the section 2.3.2 and as will demonstrate in the
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discussion, it reconstructs those tracts that are more difficultly reconstructed by
the others algorithm considered in the thesis. In figure 4.11, random subsample
of two hundred thousand tracks from the original 100-million-tracks image of the
subject #014 are reported, displayed as an overlay to the b0-mean image, for
cut-off values 0.1, 0.09, 0.08, 0.07, 0.06 and 0.05.
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(a) iFOD2 with cut-off 0.1

(c) iFOD2 with cut-off 0.08

(e) iFOD2 with cut-off 0.06

(b) iFOD2 with cut-off 0.09

(d) iFOD2 with cut-off 0.07

(f) iFOD2 with cut-off 0.05

Figure 4.11: Results of streamline creation for the iFOD2 with different cut-offs: Random subsample of two hundred thousand

tracks from the original 100-million-tracks image of the subject #014, displayed as an overlay to the b0-mean image. The tracks

are color-coded (i.e. red indicates streamlines from right to left, green from anterior to posterior, blue from superior to inferior.)
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SD_STREAM algorithm creates a less rich tractography, in fact it is said to
be a conservative algorithm, since it reconstructs those shorter tracts and more
simply to identify. In figure 4.12, random subsample of two hundred thousand
tracks from the original 100-million-tracks image of the subject #014 are reported,
displayed as an overlay to the b0-mean image, for cut-off value of 0.01.

(a) SD_STREAM with cut-off 0.1

Figure 4.12: Results of streamline creation for SD_STREAM with cut-off 0.1: Random subsample of two hundred thousand tracts from the original 100-milliontracts image of the subject #014, displayed as an overlay to the b0-mean image.
The tracks are color-coded (i.e. red indicates streamlines from right to left, green
from anterior to posterior, blue from superior to inferior.)
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4.4

Diffusion Tensor Imaging based tractography

4.4.1

Creating streamlines

Concerning DTI based tractography’s steps explained in section 3.2.4, results of
application of TENSOR_DET and TENSOR_PROB are shown in figure 4.13: random
subsample of two hundred thousand tracks from the original 10-million-tracks
image of the subject #014 are reported respectively in figure 4.13a and 4.13b,
displayed as an overlay to the b0-mean image, for cut-off value of 0.1.

(a) TENSOR_PROB with cut-off 0.1

(b) TENSOR_DET with cut-off 0.1

Figure 4.13:

Results of streamline creation for TENSOR_PROB (a) and

TENSOR_DET (b), with cut-off 0.1: Random subsample of two hundred thousand
tracks from the original 10-million-tracks image of the subject #014, displayed as
an overlay to the b0-mean image. The tracks are color-coded (i.e. red indicates
streamlines from right to left, green from anterior to posterior, blue from superior
to inferior.)
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4.5
4.5.1

Structural Connectivity analysis
Preparing an atlas for structural connectivity analysis

To generate SC matrices it is necessary to obtain a volumetric parcellation image,
co-registered to diffusion space. As explained in subsection 3.3.1, the Schaefer
atlas and the associated MNI skeleton, have to been registered to the DWI space.
Three steps are requested and the intermediate results of co-registration of linear
MNI to b0 of subject #002, are shown in figure 4.14.
Similar comments can be made for intermediate results of co-registration of
the Schaefer atlas to the T1-weighted space, the T2-weighted space and the DWI
space. It is worth remembering that for the Schaefer image we concatenated all
the transformation’s matrices and we interpolated only one time, since it is known
that interpolation at each step is an approach to be avoided.

4.5.2

Structural Connectivity Matrix generation

After having obtained the functional parcellation, SC matrices were generated to
gain quantitative information on how strongly Schaefer’s regions are connected.
In 3.3.2, three metrics were illustrated to obtain three different types of SC matrices.
Eleven subjects have been tracked with the iFOD2 algorithm with six different
cut-offs, while with SD_STREAM, TENSOR_DET and TENSOR_PROB algorithms only
the default cut-off was used.
Applying all options illustrated in 3.3.2, number of streamlines SC matrices
and mean streamline length SC matrices obtained for subjects #002, are displayed
in figure 4.15 and 4.16 for the iFOD2 algorithm. Number of streamlines SC matrices and mean streamline length SC matrices are additionally presented in figure
4.17 for the SD_STREAM algorithm, and in figure 4.18 for the TENSOR_PROB and
the TENSOR_DET algorithms.
We remind here that zeroo in the SC matrix and connections composed by
one streamline have been set to NaN, since the parcels’ area are supposed to be
large enough to render one-streamline-connections between them physiologically
implausible.
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(a) MNI to T1

(b) T1-weighted image

(c) MNI brought to T1 to T2

(d) T2 image

(f) b0-mean image

(e) MNI brought to T1 to b0

Figure 4.14: Checking the an intermediate step of the co-registration performed
to transform the MNI skeleton and the Schaefer atlas to the DWI space in subject
#002. In (a) and (b), MNI brought to T1 and T1-weighted images are shown to
appreciate the intermediate co-registration). In (c) and (d), MNI brought to T2
and T2-weighted images are shown to appreciate the intermediate co-registration).
In (e) and (f), MNI brought to b0 and b0-mean images are shown to appreciate the
intermediate co-registration). Looking at the paired images, we can notice that the
shape and the position of the ventricles, of the corpus callosum and of the edges
are maintained. This images represent intermediate steps of the co-registration
of the MNI skeleton, for which interpolation was applied at each step. It is worth
remembering that for the Schaefer image we concatenated all the transformation’s
matrices and we interpolated only one time.

Given that streamlines’ number between two parcels can be huge, such as
1500 streamlines, the matrix of type number of streamlines is visualised in log
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scale, so that the SC matrix is more readable.

(a) iFOD2

(b) iFOD2

(c) iFOD2

(d) iFOD2

Figure 4.15
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(e) iFOD2

(f) iFOD2

Figure 4.15: Number of streamlines SC matrices obtained with the iFOD2 algorithm with different cut-off values applied on the patient #002. In (a) SC matrix
with cut-off 0.1, in (b) SC matrix with cut-off 0.09, in (c) SC matrix with cut-off
0.08, in (d) SC matrix with cut-off 0.07, in (e) SC matrix with cut-off 0.06, in
(f) SC matrix with cut-off 0.05. SC matrices are visualized in log scale.
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(a) iFOD2

(b) iFOD2

(c) iFOD2

(d) iFOD2

Figure 4.16
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(e) iFOD2

(f) iFOD2

Figure 4.16: Mean streamline length SC matrices obtained with the iFOD2 algorithm with different cut-off values on the subject #002. In (a) SC matrix with
cut-off 0.1, in (b) SC matrix with cut-off 0.09, in (c) SC matrix with cut-off 0.08,
in (d) SC matrix with cut-off 0.07, in (e) SC matrix with cut-off 0.06, in (f) SC
matrix with cut-off 0.05.

(b) SD_STREAM

(a) SD_STREAM

Figure 4.17: SC matrices obtained with the SD_STREAM algorithm with default
cut-off (0.1) for subject #002. In (a) Number of streamlines SC matrix in log
scale, in (b) Mean streamline length SC matrix.
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(a) TENSOR_PROB

(b) TENSOR_PROB

(c) TENSOR_DET

(d) TENSOR_DET

Figure 4.18: SC matrices obtained with the TENSOR_PROB and theTENSOR_DET
algorithms with default cut-off (0.1) for subject #002. In (a) Number of streamlines SC matrix in log scale, in (b) Mean streamline length SC matrix, both obtained from tractography generated with TENSOR_PROB algorithm. In (c) Number
of streamlines SC matrix in log scale, in (d) Mean streamline length SC matrix,
both obtained from tractography generated with TENSOR_DET algorithm.
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Tracking algorithms comparison
Entropy computation Given four types of algorithms, if possible, we wish
to select the one which provides the most information as characterized by the
relative SC matrices. The Shannon Entropy measure can be used to characterize
the wealth of information of the four tracking algorithms. For each metric, the
entropy mean value was computed between eleven subjects. It is worth noticing
that zero biases have not been removed, and, connections of one streamline are
set to zero, since the connections composed by a unique streamline are considered
as not existing. Results of computation are shown in tables 4.1 and 4.2. Table
4.1 refers to results obtained taking a histogram with 500 bin, instead table 4.2
refers to results obtained taking a histogram with 1000 bin. In both table, the
highest entropy values are highlighted in red and coincide with values obtained
from iFOD2 algorithm.
Mean entropy
Number of streamlines

Mean streamline length

iFOD2

1.5042

5.8390

SD_STREAM

1.0461

1.9062

TENSOR_PROB

0.8943

1.5101

TENSOR_DET

0.9443

1.9909

Table 4.1: Mean entropy values obtained applying an histogram with 500 bin.
The highest entropy values are highlighted in red and coincide with the values
obtained from the iFOD2 algorithm
Trends of number of connections for the four tracking algorithms are displayed
in figure 4.19. In figure 4.20, a zoom of the first part of the superimposition of
the four trends is shown.
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Mean entropy
Number of streamlines

Mean streamline length

iFOD2

1.9955

6.3831

SD_STREAM

1.2348

2.00393

TENSOR_PROB

1.0366

1.6065

TENSOR_DET

1.1166

2.1283

Table 4.2: Mean entropy values obtained applying an histogram with 1000 bin.
The highest entropy values are highlighted in red and coincide with the values
obtained from the iFOD2 algorithm.
Finally, for the four tracking algorithms, bar graphs of percentage of mean
number of connections in different ranges of number of streamlines, are exhibited
in figure 4.21.
To complete the analysis among the four algorithms, the percentage of mean
number of connections for different ranges of number of streamlines are reported
in table 4.3.
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Range of #streamlines

iFOD2

SD_STREAM

TENSOR_PROB

TENSOR_DET

[0-1]

43.74 %

84.81 %

88.39 %

84.27 %

[2-10]

22.32 %

2.28 %

1.36 %

3.5 %

[11-20]

7.15 %

1.04 %

0.63 %

1.16 %

[21-30]

3.91 %

0.65 %

0.38 %

0.69 %

[31-40]

2.61 %

0.53 %

0.33 %

0.48 %

[41-50]

1.9 %

0.44 %

0.27 %

0.4 %

[51-60]

1.5 %

0.36 %

0.22 %

0.33 %

[61-70]

1.25 %

0.29 %

0.19 %

0.26 %

[71-80]

1.02 %

0.28 %

0.17 %

0.23 %

[81-90]

0.87 %

0.26 %

0.16 %

0.21 %

[91-100]

0.73 %

0.23 %

0.13 %

0.2 %

[101-1000]

9.70 %

5.34 %

3.71 %

4.19 %

[1001-1500]

0.67 %

0.78 %

0.71 %

0.73 %

Table 4.3: Table showing percentage of mean number of connections for different
ranges of number of streamlines for different tracking algorithms

94

95
(d) TENSOR_DET

(b) TENSOR_PROB

streamlines.

Figure 4.19: Trends of number of connections for the four tracking algorithms are displayed at the variation of the number of

(c) SD_STREAM

(a) iFOD2
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Figure 4.20: The figure shows a zoom of the first part of the superimposition of
the trend of the four algorithms. Looking the the legend, the yellow curve refers
to the iFOD2 algorithm, the green curve refers to the SD_STREAM algorithm, the
blue curve refers to the TENSOR_DET algorithm and the red curve refers to the
TENSOR_PROB algorithm.

96

(a) iFOD2

(b) TENSOR_PROB

(c) SD_STREAM

(d) TENSOR_DET

Figure 4.21: Bar graph of percentage of mean number of connections in different
ranges of number of streamlines.
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Streamline clustering

Optimum cut-off parameter selection
Having detailed the reasons why we choose the iFOD2 algorithm between the
four studied options the following results address instead the dependence of the
SC matrices from the tractography cut-off values. For these surveys zero bias
connections and connections of one streamline are removed and substituted by
NaN, given that connections composed by zero streamline do not exist and also
those connections composed by one streamline are not considered existing.

Scatter plot: Given the choice of iFOD2 algorithm, a way to evaluate differences between cut-off parameters, is to look at scatter plot of SC values obtained
with cut-off of 0.05 with respect to SC values obtained with cut-off of 0.1. In the
following, scatter plot of subjects #002 and #005 are shown in figure 4.22.

T-test and ANOVA test results: Results of statistical ttest and ANOVA
test are appreciated looking at the p-values. If p-value is higher than the significant threshold, such as α = 5%, H0 is accepted. P-values, gained applying
the two statistical test for each subject, are tabled in 4.4 for both Number of
streamlines and Mean streamline length metrics.

Violin Plot: In the figure 4.23, we report for subject #002 and subject #005
the Violin plots of upper SC values obtained with cut-off of 0.05 with respect to
upper SC values obtained with cut-off of 0.1.
In both subjects, looking at the violin plot referred to the Number of streamline metric, there are different distributions among the six different cut-off: the
bulgings are placed in different positions (it is worth noticing that the distributions are not uni-modal). Instead, looking at the violin plots referred to the
Mean streamline length metric, a different distribution among the six different
violin plots is not appreciable. We can observe an equal arrangement between
the six violin plots, and this happens in both the subjects of example, while
the bulgings can be highlighted differently, and the mean value (white point)
decreases at the enlargement of the cut-off value.
98

(a) Scatter plot for Number of streamlines

(b) Scatter plot for Mean streamline

(subject #002)

length (subject #002)

(c) Scatter plot for Number of streamlines

(d) Scatter plot for Mean streamline

(subject #005)

length (subject #005)

Figure 4.22: Scatter plot of SC values obtained with cut-off of 0.05 with respect
to SC values obtained with cut-off of 0.1 for subject #002 and subject #005. In
(a) and (c), the plot refers to Number of streamline, while in (b) and (d), the plot
refers to Mean streamline length.
Krzanowski test: The Krzanowski test described in sub-section 3.3.2, provides p-values higher than the threshold equal to α = 0.05 for both the types of
metric analysed. Specifically, we report that for the metric Number of streamlines, the value of the p-value associated to the eigenvalues returned by the test is
equal to 0.8713 and the p-value returned by the test associated to the eigenvector
is equal to 0.8713. While, for the metric Mean streamline length, the values of
the p-values associated to the eigenvalues and eigenvectors returned by the test
are respectively equal to 0.3764 and 0.4614.
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P-values
Number of streamlines
t-test

ANOVA
test

Mean streamline length
t-test

ANOVA
test

002

0.55783

0.077819

0.81726

0.18087

003

0.16149

0.0019059

0.2385

1.1904e-19

005

0.11366

6.3002e-05

0.46828

0.36642

006

0.6369

0.27645

0.96576

0.95135

007

0.35055

0.0031281

0.096678

1.0191e-07

008

0.47662

0.00012613

0.66645

0.021729

009

0.80203

0.017804

0.73797

5.5795e-11

012

0.71724

0.0021613

0.17178

0.76882

013

0.69223

0.21387

0.62351

0.62351

014

0.51127

0.0033202

3.8941e-05

1.0951e-16

015

0.12184

0.044319

0.95881

2.4757e-06

Table 4.4: For each patient, we report p-values provided by the t-test and the
ANOVA test, performed between SC with cut-off 0.1 and SC with cut-off 0.05,
with the metrics Number of streamlines and Mean streamline length.
PCA analysis: In light of what described in the subsection 3.3.2, PCA
results are exhibited in the following tables. These analysis were performed in
eleven patients, and for sake of simplicity, we report only results obtained for the
first principal component (PC1). Considering Number of streamlines as metric,
PC1 presents an explained variance of at least 98% in each subject. Whereas,
taking into consideration Mean streamline length as metric, PC1 presents an
explained variance of at least 79% in every subject. Precise values are reported
in table 4.5 for both the metrics.
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(a) Violin plot for Number of streamlines

(b) Violin plot for Mean streamline length

(subject #002)

(subject #002)

(c) Violin plot for Number of streamlines

(d) Violin plot for Mean streamline length

(subject #005)

(subject #005)

Figure 4.23: Violin plot of upper SC values obtained with cut-off of 0.05 with
respect to upper SC values obtained with cut-off of 0.1 for subject #002 and subject
#005. In (a) and (c), the plot refers to Number of streamline, while in (b)
and (d), the plot refers to Mean streamline length.
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Explained variance of PC1
Number of

Mean streamline

streamlines

length

002

99.27 %

82.26 %

003

99.30 %

79.84 %

005

98.85 %

81.63 %

006

98.98 %

82.39 %

007

99.43 %

80.65 %

008

99.03 %

81.11 %

009

98.96 %

81.85 %

012

99.36 %

84.33 %

013

99.14 %

81.49 %

014

98.78 %

81.28 %

015

99.07 %

82.17 %

Table 4.5: Explained variance of each PC1 for each subject analysed for the
metrics Number of streamlines and Mean streamline length.
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4.5.3

Overall SC impact

In the next paragraphs, the results of mean, median, SD, CV matrices computation are presented only for the tractography quantified with the iFOD2 algorithm
and default cut-off. This choice was based on previously reported results.
Mean and median matrices: In picture 4.24, we report mean and median
matrices obtained by taking the mean and the median of given SC matrices
from 32 patients. It is worth remembering that the mean and the median have
been taken respecting all instructions provided in 3.3.3. As before, Number of
streamlines mean and median matrices are visualised taking the log scale, to
reduce their value range.
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(a) Mean Number of streamlines ma- (b) Mean Mean streamline length matrix
trix

(c) Median Number of streamlines ma- (d) Median Mean streamline length
matrix
trix

Figure 4.24: On the top, mean matrices. In (a), there is the mean matrix of
number of streamlines matrices. In (b), there is the mean matrix of mean
streamline length matrices. On the bottom, median matrices. In (a), there is
the median matrix of number of streamlines matrices. In (b), there is the
median matrix of mean streamline length matrices.

SD matrices: In figure 4.25, SD matrices obtained taking the SD of given
SC matrices from 32 patients are shown. It is worth remembering that the SD has
been taken respecting all instructions provided in 3.3.3. SD matrix of the Number
of streamline matrix is visualised in the log scale to reduce its value range.
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(a) SD Number of streamlines matrix (b) SD Mean streamline length matrix

Figure 4.25: SD matrices. In (a) there is the SD matrix of Number of streamlines
matrices visualized in log scale range to reduce its value range. In (b) there is the
SD matrix of Mean streamline length metric saturated at a value equal to 45 to
better appreciate the values’ variability.
Frequency maps: In figure 4.26, frequency maps of potentially affected
or unaffected links are displayed. These maps are useful to understand the reliability of the values of mean or median matrices, since they show how many
patients, whose connections are potentially unaffected, are really included in the
computations.
Frequency map of zero-one streamline: In figure 4.27, we report the
frequency map where, for each connection, how many subjects that present links
characterized by zero or one streamline have been counted.
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(a) Frequency map of

(b) Frequency map of

unaffected connections

affected connections

Figure 4.26: In (a), frequency map that highlights how many patients that present
potentially unaffected links participate to the median computation. In (b), frequency map that highlights how many patients present potentially affected links.

Figure 4.27: Frequency map that counts how many connections are composed by
only zero or one streamline.

MAD matrices: MAD matrices have a fundamental role in the SC analysis.
We report them in figure 4.28, where the MAD matrix referred to Number of
streamlines metric is shown in log scale values range, while the MAD associated
to the Mean streamline length metric is saturated at 45. The MAD associated
to the Mean streamline length metric are also shown with restricted value range
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in4.29, to better appreciate MAD’s values. In fact, MAD matrix’s values are
used to create a values distribution around the expected value represented by the
Median matrix values. We know that a glioma can impact on WM tracts in the
worst case disrupting the fibers, so our hypothesis is that the tumour can impact
in the left queue of the distribution created by the MAD matrix. This fact can be
used to classify the connections of the patient as potentially affected by glioma.

(b) Mean streamline length

(a) Number of streamlines

Figure 4.28: MAD matrices. In (a), the MAD matrix of Number of streamlines
metric is reported in log scale. In (b), the MAD matrix of Mean streamline length
metric is shown in a restricted value range of [0-45].

CV matrices: In figure 4.30, CV matrices obtained taking the CV of given
SC matrices from 32 patients of dataset are shown. It is worth remembering that
the CV has been taken respecting all instructions provided in 3.3.3.
To complete the analysis, we report the matrices given by the ratio between
MAD and MEDIAN matrices in figure 4.31.
It is worth remembering that the CV matrices and the matrices given by the
ratio between MAD and Median matrices conceptually exemplify the same type
of information. In fact, they represent the same information’s type even though
computed in parametric way, for the ratio matrices, and in non parametric way,
for the CV matrices.
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(a) Range [0-30]

(b) Range [0-20]

Figure 4.29: MAD matrices, obtained taking the median absolute deviation between, shown in different ranges. In (a), the MAD matrix is shown in the range
[0-30]. In (b), the MAD matrix is shown in the range [0-30].

(a) Number of streamlines

(b) Mean streamline length

Figure 4.30: CV matrices obtained taking the CV of given SC matrices get from
32 patients. In (a) there is the CV matrix of Number of streamlines matrices. In
(b) there is the CV matrix of Mean streamline length matrices.
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(b) Mean streamline length

(a) Number of streamlines

Figure 4.31: Ratio between MAD and Median matrices for Number of streamline
(a) and Mean Streamline length (b).
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4.5.4

Altered patient connections

In light of what explained in subsection 3.3.4, the final part of our work is carried
out with only Number of streamlines metric. The index used to classify the
connections as potentially altered, is given by the matrix obtained computing the
ratio of equation 4.1.
SCmatrix − M edianmatrix
(4.1)
M ADmatrix
Since, as said before, the glioma impacts on the tracts disrupting them in
the worst case, we consider as potentially affected those connections that present
values of matrices obtained by 4.1 minor than −2 or −3. In fact, taking the
Median matrix as the reference of the healthy, we classify as abnormal those links
that appear with a reduced number of streamline with respect to the Median.
In the next pictures, some results are shown for characteristics patients, such
as subject #002 and #028.
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(a)

(b)

(c)

Figure 4.32: In (a) is shown SC matrix of subject #002. In (b) is displayed SC
matrix of subject #002, where connections in which at least one of the extremes
coincides with the tumour area for more than 5% have been obscured. In (c)
is displayed SC matrix of subject #002, where connections in which both of the
extremes coincide with the healthy area have been obscured.

111

4

RESULTS

(a)

(b)

(c)

Figure 4.33: In (a) is shown SC matrix of subject #028. In (b) is displayed SC
matrix of subject #002, where connections in which at least one of the extremes
coincides with the tumour area for more than 5% have been obscured. In (c)
is displayed SC matrix of subject #028, where connections in which both of the
extremes coincide with the healthy area have been obscured.
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MAD analysis
Considering what explained in subsection 3.3.4, we plot in figure 4.34 and figure
4.35, the matrices of subjects #002 and #028 obtained applying equation 4.1. In
these matrices, that we call 2MAD and 3MAD matrices, the links characterized
by a number of streamlines minor than 2 or 3 MAD with respect to the Median
matrix, are highlighted. These matrices are divided by the 7 networks of the
Schaefer atlas.

(a)

(b)

Figure 4.34: In (a) and in (b) are shown respectively the 2MAD and 3MAD
matrices of subject #002. In yellow, we evidence those connections that result
to be potentially affected: in fact their number of streamlines differ (in negative)
from the number of streamlines of the Median matrix for more than 2 MAD or 3
MAD respectively.
In figure 4.36 and in figure 4.37, the scatter-plots obtained correlating tumour’s volume and number of altered connections for each subject are reported,
considering respectively the total tumour volume and the core tumour volume.
In the scatter-plot of figure 4.36, the correlation coefficient and the p-value are
equal to R = 0.729 and pval = 2.2468 ∗ 10−6 respectively. In the scatter-plot
of figure 4.37, the computation of the correlation coefficient and of the p-value
returns values equal to R = 0.506 and pval = 0.003.
As reported in 3.3.4, the final survey is based on box-plots obtained counting
how many links are altered with respect to 2MAD matrices. In fact, since there
113
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(a)

(b)

Figure 4.35: In (a) and in (b) are shown respectively the 2MAD and 3MAD
matrices of subject #028. In yellow, we evidence those connections that result
to be potentially affected: in fact their number of streamlines differ (in negative)
from the number of streamlines of the Median matrix for more than 2 MAD or 3
MAD respectively.
are so few subjects, analysis with 3MAD matrix is too strong to produce readable
results.
Next, we report the box-plots obtained evaluating the number of potentially
affected connections in those regions individualized by illustrative picture 3.3.
Figure 4.38 refers to the analysis applied on the global hemispheres. Figures
4.39, 4.40, 4.41, 4.42, 4.43, 4.44 and 4.45 refer to the analysis applied on the single
network. Before, for each hemisphere, and then for each network, we report in
the following the box-plots just described. Each box-plot is categorized into three
subsets grouped by the tumour location provided by an expert neuroradiologist.
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Figure 4.36: Scatter plot of tumour’s volume of each subjects with respect to the
total number of SC altered. Subjects are labelled based on tumour location. In the
picture, the correlation value and its p-value are indicated.

Figure 4.37: Scatter plot of tumour’s core volume of each subjects with respect
to the total number of SC altered. Subjects are labelled based on tumour location.
In picture the correlation value and its p-value are reported.
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(a) Intra LH

(b) Intra RH

(c) Inter LH-RH

Figure 4.38: In (a) and (b), are shown respectively box-plots of values at 2MAD
obtain within LH hemisphere and within RH hemisphere. In (c) is shown box-plot
of values at 2MAD obtained between LH and RH hemisphere.

116

(a) LH vs LH

(b) RH vs RH

(c) LH vs RH

(d) LH vs others LH

(e) RH vs others RH

(f) LH vs others RH

Figure 4.39: Box-plots obtained for Visive network.
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(a) LH vs LH

(b) RH vs RH

(c) LH vs RH

(d) LH vs others LH

(e) RH vs others RH

(f) LH vs others RH

Figure 4.40: Box-plots obtained for Somato Motor network.
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(a) LH vs LH

(b) RH vs RH

(c) LH vs RH

(d) LH vs others LH

(e) RH vs others RH

(f) LH vs others RH

Figure 4.41: Box-plots obtained for Dorsal Attention network.
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(a) LH vs LH

(b) RH vs RH

(c) LH vs RH

(d) LH vs others LH

(e) RH vs others RH

(f) LH vs others RH

Figure 4.42: Box-plots obtained for Salience Ventral Attention network.
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(a) LH vs LH

(b) RH vs RH

(c) LH vs RH

(d) LH vs others LH

(e) RH vs others RH

(f) LH vs others RH

Figure 4.43: Box-plots obtained for Limbic network.
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(a) LH vs LH

(b) RH vs RH

(c) LH vs RH

(d) LH vs others LH

(e) RH vs others RH

(f) LH vs others RH

Figure 4.44: Box-plots obtained for Control network.
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(a) LH vs LH

(b) RH vs RH

(c) LH vs RH

(d) LH vs others LH

(e) RH vs others RH

(f) LH vs others RH

Figure 4.45: Box-plots obtained for Default Mode network.
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Finally, figure 4.46 shows a graph which highlights the difference of median

SC normalized values between subjects with the tumour in the left hemisphere
and subjects with the tumour in the right hemisphere. The normalization of the
number of altered connection for each region is made dividing each value with
the total number of links in the considered region.

Figure 4.46: Char bar: for every network, for each of the region indicated in
picture 3.3, it is computed the difference between median values of number of
altered connections normalized, for tumours left and right.
Looking at the graph, since we want to see the impact of the tumour’s position
with respect to the region of which we count the number of altered connections,
it is worth noticing that considering the median values (and this is done since we
have a distribution with outliers and the median reduces the dependence on the
outliers’ patients), the regions Left hemisphere vs Left hemisphere (LH vs
LH) and Left hemisphere vs others Left hemisphere (LH vs others LH)
are characterized by an higher number of connections for those patients affected
by the glioma in the left hemisphere with respect to those patients affected by the
glioma in the right hemisphere for all the networks. Looking at the values referring
to the regions RH vs RH and RH vs others RH, we can see that the patients
with the tumour in the right hemisphere present an higher number of alterations
with respect to the patients with the tumour in the left side. The unique exception
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is given by the Visive network. Then, the Salience network is not visible: it
means that there are not alterations in both the sides or that the number of
alterations is the same in either the hemispheres. The regions LH vs RH and
LH vs others RH present a hybrid behaviour: the Visive, the Somator Motor
and the Dorsal Attention present an higher number of values for the patients
with the tumour in the left hemisphere, while the Salience Ventral Attention,
the Limbic, the Control and the Default Mode present an higher number of
values for the patients with the tumour in the right hemisphere. Looking at the
figure a peculiarity can be seen: the amplitude of the difference of the median
values has a much major amplitude in the LH vs LH and LH vs others LH
regions with respect to the RH vs RH and RH vs others RH regions. So, we
observe that a tumour in the left hemisphere has a major impact with respect
to a tumour in the right hemisphere. Indeed, we can observe that for the LH
vs LH, LH vs others LH, the RH vs RH and the RH vs others RH, the
Limbic, the Salience Ventral Attention and the Dorsal Attention networks
seem to be much more affected in terms of altered connectivity.
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Chapter 5
Discussion
In this chapter, a discussion of the obtained results is reported. Patients, introduced in the preamble of the chapter of the Results (4), are characterized by
peculiarities useful for a wide discussion. Moreover, a reassure about retrieved
observations will be given.

5.1
5.1.1

Tractography results discussion
Masks for ACT

The 5tt-image, reported in figure 4.6, is the suitable image for ACT. This is a
4-dimensional preprocessed image derived by the T1-weighted image, it is characterized by 5 different tissue types. After having derived the 5tt-image, this image
was moved to the DWI space. In fact, the mask for streamline termination and
the mask of streamline seeding derive from the 5tt-image co-registered to the b0
space. It is worth noting that, the definition of good co-registration features, is
fundamental to be sure to obtain right results for all our analysis: a bad work
executed by the co-registration algorithm could lead to a not well co-registered
image to the DWI space, producing misalignments that could impact the tractography generation. Moreover, the consequences of these misalignments could cause
some wrong observations about our analysis of the SC matrices. The importance
of the correction and of the reliability of these masks is linked to the roles that
they play in tractography generation. As already illustrated in the section 3.2.2,
it is known from which tissue types the WM tracts should start and it is known
where they should not end. We have checked the quality of the co-registration
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results for all the subjects, verifying that such quality is good enough to apply
ACT for all of them.
In figure 4.8, there are masks of streamline seeding for subject #002 and
#004. It is fundamental to define correct tissues from which streamlines should
be seeded. Looking at the images, it is also appreciable the fact that tumour area
does not coincide with seeding region, thus gray-white matter brain interface.

5.1.2

CSD and DTI based tractograms

It is worth noticing that the major problems of WM tractography are due to the
crossing fibers existence, to the presence of voxels characterized by more than one
tissue type, thus the so called partial volumes voxels and, given our dataset, the
tumour area extension.
The problem of partial volumes was addressed with MSMT-CSD, in fact
the MSMT-CSD relies on multi-shell high angular resolution diffusion imaging
(HARDI) data, containing multiple b-values.
Crossing fibers problems are more difficult to be resolved, nonetheless, the
studies of Tournier [64], Jeurissen [92] and Hyde [93], show that CSD can solve
them in a better way than DTI based algorithms. Tournier [64] has assessed
the results of the tracking algorithms using phantoms, of which the true fibers
arrangement is known. Jeurissen [92] has evaluated the performances of the algorithms in terms of precision and accuracy by means of Monte Carlo simulations.
Hyde [93] has applied a Two-way ANOVA test on mean tract volume, mean FA
and mean MD (mean diffusivity), between right and left corticospinal tracts and
superior longitudinal fasciculi, highlighting as the CSD-based algorithms obtain
better tracts’ delineations with respect to DTI-based algorithms. Considering the
results obtained from our dataset, the overcome of CSD-based algorithms with
respect to DTI-based algorithms can be visually evaluated in figure 4.9c. The
quality of FOD estimation is evaluated looking at figure 4.9, where the zoom of
a region of crossing fibers is reported. Specifically, in figure 4.9b, we can visually appreciate the FOD of a voxel belonging to an area containing WM crossing
tracts. Looking at the figure 4.9c, the FOD’s lobes evidence the directions of the
two WM tracts: from these images it is reasonable to understand why the CSD
can solve crossing fibers regions. In figure 4.10, it is demonstrated that FODs do
not exist in CSF and GM tissues.
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Results of the streamlines’ creation for the iFOD2 algorithm with the different cut-offs are shown in figure 4.11. There are not visually really appreciable
differences in the figures 4.11a, 4.11b, 4.11c, 4.11d, 4.11e and 4.11f. It is worth
remembering that in CSD-based algorithms the cut-off value represents the FOD
amplitude for terminating tracks, while in DTI-based algorithms it represents
the FA amplitude for terminating tracks. It is worth noting that in all these
images there are projections of the tracts over the tumour’s area. This is a very
interesting result: applying the ACT, we know that seeding from the tumour
area and ended in the tumour area are not allowed given the 5tt-image construction, nonetheless none priors are given regarding what happens when a tract pass
through a tumour. From the literature, we know that a tumour can principally
cause a displacement, a disruption or a thinning of the tracts within the area [27],
but given that no priors conditions are applied within the tumour area, tracts can
be reconstructed or can ended because of their real disruption in the tumour area.
This means that a streamline can enter and exit from the area correspondent to
the tumour, or it can terminate in it, because its amplitude in terms of FA or FOD
is lower than the defined cut-off. We remember that, since the dataset is composed by patients affected by glioma, the 5tt-image was modified adding in the
fifth position the binary tumour mask of the patient. Note that this approach was
not really often applied in past research, nonetheless, also Deslauries-Gauthier in
[94], showed that this segmentation defines a well-founded tracking domain, allowing the algorithm to generate streamlines that cross the oedema region and
reach the cortex. In fact, the oedema area and the tumour modify the local tissue
properties, causing a not accurate delineation of the fibers near the pathological
lesion. Thus, it is important to highlight that the tumour area is not treated as
a GM area, where we would that a streamline would terminate. This is an important demonstration of the power of tracking algorithms, to show that within
the tumour some tracts could until exist and so can be reconstructed.
The SD_STREAM algorithm applied for the deterministic counterpart returned
a tractography shown in figure 4.12a. Also in this latter image is well visible the
tract traversing tumour area. Perhaps is a bit stricter with respect to the same
bundle in the CSD probabilistic counterpart.
The 200-miles subsample of the 10-millions of tracts generated for the TENSOR_DET
and the TENSOR_PROB algorithm show, again, the ability of the tracking algorithms
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to reconstruct pathways throughout tumour area. With respect to the CSD based
results, there are less rich tracts: this is in agreement with the available literature.
In fact, Farquharson [95] has carried out a comparison of the deterministic and
probabilistic DTI-based tractography and probabilistic CSD-based tractography
algorithms, visualizing the corticospinal tracts in 45 healthy controls patients and
10 patients with lesions. He has shown that the extent of tracts reconstructed with
the DTI are underestimated with respect to the CSD-based tracts, this happened
both in the controls and in the patients group. The quantification was outlined
creating, for each subject, a binary mask that identified those voxels containing
more than 10 streamlines. Then, all these binary mask were summed among all
the subjects to obtain the frequency map that showed, for each voxel, how many
subjects presented a tract composed at least by 10 streamlines. He has observed
that the DTI-based methods reconstruct a narrow subset of tracts in most of the
patient, while CSD-based method correctly identify CST in all patients. This fact
was exacerbated considering patients group. For these reasons, he can conclude
that CSD based results are richer than DTI based results. Also Küpper in [96],
has carried out a comparison between deterministic and probabilistic DTI-based
methods with probabilistic CSD-based methods. He has observed that the core
of the corticospinal tract was reconstructed in all the children belonging to the
dataset, they were affected by tumour, nonetheless the probabilistic CSD-based
algorithm was more accurate and sensitive in reconstructing the anatomically
most realistic corticospinal distribution. It was more sensitive even in the fibers
traversing the solid part of the tumour. From his studies, it is emerged that the
most realistic patterns were revealed by the probabilistic CSD algorithm, considering the fan-shape anatomy of the extent of the peripheral parts of the CST.
Furthermore, he has shown that the CSD algorithm reconstructed some tracts
within the edge of the tumour, while the DTI-based methods did not reconstruct
none of those tracts.
A deeper discussion can be developed considering the SC matrices obtained
in our thesis. To generate the SC matrices, it is necessary to have an atlas-based
parcellation image co-registered to the DWI space. In figure 3.3.1, there are
results of the co-registration steps.
Example of the SC matrices obtained for the four algorithms are displayed
in figures 4.15, 4.16, 4.17 and 4.18. These are all sparse matrices, since not all
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parcels are linked by bundles.
Looking at the SC matrices within the same iFOD2 algorithm and the same
metric but differentiated by lowering cut-off, there are not visible differences.
Instead, making a comparison between matrices characterized by the same metric
and the same cut-off value, but generated by different algorithms tractography,
variations can be seen between them, somehow in concordance with thus seen
from the tractograms.
Sarwar in [97], has developed numerical connectome phantoms featuring realistic networks: he wanted to evaluate the performance of the CSD-based and
DTI-based algorithms. Using the same MrTrix algorithms of our research with
cut-off value equal to 0.1, he has observed that TENSOR_DET has generated several broken streamlines that failed to overcome the crossing fibers, whereas the
SD_STREAM and iFOD2 tracking algorithms solved these regions more easily. However, the iFOD2 provided streamlines that were somewhat rippled, thus oscillating
from one side to the other: they were categorised as artifact. He evaluated the
performances computing the F-measure, the FN-to-FP ratio and with an operator dependent visualisation of the streamlines. He quantified the performance
for each of the four tracking algorithms computing the mean and the standard
deviation over 100 phantom realizations for 10 cases corresponding to different
connection densities, thus 2, 4, 6,8, 10 12, 14, 16,18 and 20.
Considering our dataset, if we look at the figure 4.21, we observe that TENSOR_DET
present 88.39% of tracts composed by zero or one streamlines, that we have explained to consider not physiological credible. As a demonstraton of the reasonable choice, we have seen that Farquharson in [95] considered as reliable only those
links composed by more than 10 streamlines. Instead, iFOD2 algorithm present
43.74% of connections composed by zero or one streamline. The SD_STREAM and
the TENSOR_DET present both almost 84% of connections composed by zero on one
streamline. While, connections composed by more than one streamline are more
frequently in iFOD2 algorithms with respect to the others. This results highlight
as, in mean, the CSD-based probabilistic algorithm generates an higher number
of streamlines for each connection with respect to the others. This fact is not
well visible appreciable in the SC matrices, since in those matrices we have set to
NaN all the links characterized by one or zero streamline. Furthermore, looking
the the SC matrices of figure 3.3.2, we appreciate the fact that the SC matrix of
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the iFOD2 algorithms is a fuller matrix, in line with what said arguing about the
figure 4.21.
Tournier in [67], has compared deterministic and probabilistic approaches. He
has observed that in probabilistic methods, low probability connections can be
associated to spurious tracts, since they have low streamline density. In contrast,
in deterministic methods these associations are not applicable, since the deterministic algorithms do no estimate the uncertainty of the fibers. So he can not
discard those type of tracts for such reasons. Rather, spurious tract provided by
deterministic methods can be discarded if we compare to the anatomical grounds,
when informations about it are present. He also observed that probabilistic methods reconstruct tracts that are not provided by the deterministic methods. Since
the deterministic algorithm provides a single best-fit, it does not consider the uncertainty in the FOD given by the presence of noise or other uncertainties given
by other sources.
If we consider the quantitative informations obtained by the SC matrices of
our research, we agree with what demonstrated by the scientist just mentioned.
The Shannon Entropy value evaluates the wealth of the information of the four
algorithms: looking at tables 4.1 and 4.2, higher values of the entropy belong to
the iFOD2 algorithm for both the metrics. The Shannon entropy value helps us
to quantify which of the methodologies provide a richer information. Nonetheless, only the clustering analysis executed by Dott. Villani has demonstrated
that iFOD2 algorithm provide more plausible physiological results, introducing
fewer spurious tracts, that are labelled as mistakes, with respect to the others
algorithms.
The results given by the entropy computation reflect what we were waiting
for, thus the iFOD2 algorithm connects parcels that the other algorithms do no
connect.
As a matter of fact, in light of what can be seen in figures 4.20, where single mean trend of each algorithm displayed in figure 4.19 are grouped together,
DTI based algorithms increase faster than SD_STREAM, and the three together
rise faster than iFOD2. The bar graphs in 4.21 and the values in the table 4.3
better explain the slower increase that characterizes the iFOD2 algorithm. Taking
into account percentage values of connections in the selected ranges of number
of streamlines, it emerges that the iFOD2 individuates 43.74% number of connec134

tions composed of zero or one streamline, about half of the number given by all
others algorithms. Instead, augmenting the number of streamlines in the considered ranges, the iFOD2 tracks always an higher number of connections composed
by more than one streamline than the others algorithms. Especially, it is worth
noticing that the connections of the iFOD2 algorithm composed by a number
of streamlines belonging to the range [2 − 10], are much more with respect to
the other algorithms. Therefore, there is a change in the trend of the iFOD2
algorithm with respect to the others algorithms. Most of the informations are
polarized around the tracts composed by zero o one streamline for the SD_STREAM,
the TENSOR_DET and the TENSOR_PROB, while the information is more distributed
in connections with a major number of streamlines for iFOD2 algorithm. So, given
the results of the clustering obtained by Dott. Villani and the informations provided by the Shannon Entropy values, we can conclude that the iFOD2 algorithm
provides a more precise delineation of the WM tracts, individualizing even those
tracts that are ignored by the deterministic CSD counterpart and the DTI based
algorithms, since these last are more conservative. These observation agree with
the past literature.

In literature, we find support for our observations. Milardi in [98], has shown
that the DTI-based methods are not able to adequately describe a system consisting of several distinct fiber orientations. On the contrary, CSD is a method
able to track reliable reconstructions of long fiber pathways in brain regions characterized by multiple fiber orientations. Further, considering the basal ganglia
network, he has proved that CSD technique is able to identify even the shorter
tracts that compose it. Mormina in [99], has demonstrated that CSD technique
is able to reconstruct tissue alterations that appear to be undetectable with other
DTI approaches, in addition to its ability to solve complex bundle axon configurations, such as fanning, crossing, bending, kissing and merging. Finally, Arrigo
in [100], has carried out a research on the ability of CSD approach to reconstruct the cerebello-limbic pathway. Then, he also carried out a comparison of
the reconstruction of the other limbic connections such as inferior longitudinal
fasciculus, cingulate fasciculus, anterior thalamic connections, uncinated fasciculus, and fornix. He made a quantitative analysis and FA right-left symmetry
comparison between the CSD and the DTI provided results.
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5.1.3

The chosen of the cut-off

Once selected the iFOD2 algorithms as the proper algorithm to analyse our
dataset, tractographies were generated varying the FOD termination parameter. The decision to lower the cut-off to check if it can impact on the estimate of
the SC matrices, is due to the fact that in literature none studies were worried
about this parameter when evaluating a dataset of glioma patients. In literature,
the most use parameter is the cut-off equal to 0.1. Tournier [67] and Jeurissen
[92] [101] have seen this value is an empirical threshold that, in their studies,
provided good results in most of the cases, based on visual inspection of tracking
results and in comparison with what it was known by anatomy. We wanted to
check which was the best cut-off value, to reduce the computational time of the
analysis considering only a single type of tractogram. It is worthy to remember
that the thesis’ aim is to delineate a pipeline for which precise and accurate parameters are setted. This setting parameters are applied to tracking algorithm, in
order to highlight altered connections in patient affected by gliomas. Specifically,
we have generated tractograms applying as cut-off values 0.1, 0.09, 0.08, 0.07,
0.06 and 0.05. Some test were applied to check if there were differences in using
one cut-off with respect to the others.
Looking at the scatter-plots of figures 4.22b, 4.22d, 4.22a and 4.22c, that relate the SC values obtained from iFOD2 with cut-off equal to 0.1 to SC values
obtained from iFOD2 with cut-off equal to 0.05. Considering the scatter-plots of
figures 4.22a and 4.22c, that refer to the metric Number of streamlines, both subjects taken as example display highly correlated values. So, there are not large
differences between two cut-off values. Moreover, from the graphs, it is worth
noticing that there are much more connections composed by a number of streamlines equal or minor to 800. Links characterized by more streamlines are more
sparse, especially for those connections consisting of more than 14000 streamlines. Scatter-plots of the two subjects associated to the metric Mean streamline
length reported in figures 4.22b, 4.22d, show a different behaviour: if those fewer
streamlines that present smaller length are correlated, instead augmenting the
length of the streamlines "bubbles" become much more scattered. Considering
the SC values higher than 100, the SC values associated to the cut-off 0.1 tends
to overestimate the SC values associated to the cut-off 0.05: in fact there are
several low values associated to the cut-off 0.05.
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We have applied statistical test such as t-test, ANOVA test and Kraznowsky
test, to quantitatively evaluate if differences are present between the SC matrices
generated with iFOD2 algorithm and extremes cut-off, so 0.1 and 0.05. The
default cut-off is the suggested, but, as we are working with a dataset of glioma
patients for which few studies were carried out, we need to test if the default
cut-off is the best parameter, or if we need to define a threshold from the used
cut-offs. If we look at the p-values of table 4.4, obtained applying the statistical
ttest, the null hypothesis H0 is accepted for all subjects evaluating a comparison
between the SC matrices with the metric Number of streamlines obtained with
the cut-off equal to 0.1 or 0.05, thus the extremes of the cut-off in the range.
As consequence, this test shows that no difference between extremes cut-offs
exist. Instead, regarding p-values provided by ttest on SC matrices with Mean
streamline length as metric, the null hypothesis is accepted for all the subjects
except for the subject #014. Nevertheless, given the huge sample size (in fact
matrices are composed by 200x200 data), we can say that, even if the p-values
are of the order of magnitude of 10−5 , the structure of the matrices is the same.
So, if p-value is higher than the significant threshold the matrices are perfectly
equal, instead if the p-value has an order of magnitude of 10−5 , it means that
difference between the matrices under exam is at minima, but for our purposes
of demonstration the structure of the matrices are equal. We can conclude that
in this situation the test is corrupted by the huge sample size. For this reason,
it is said that a sample size so large is not reliable. So, also for Mean streamline
length metric it can be said that there are no differences between SC matrices
given by the two cut-offs.
Same reasoning can be done for the p-values supplied by the ANOVA test,
and reported in table 4.4. For both the metrics, if the p-value has a value higher
than the threshold of 0.05, matrices are identical, while if the p-value has a order
of magnitude of about 10−5 , we can say that the two matrices have identical
structure. We need to pay attention for the p-values with an order of magnitude
of 10−20 . We can not justify the values of these p-values referring to the huge
sample size. With p-values with an order of magnitude of 10−20 , we say that
the matrices are really different. P-values with such values are provided by the
ANOVA test applied on the SC matrices with metric Mean streamline length for
subjects #003 and #014. For these patients, the SC matrices with the cut-off
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0.1 and 0.05 cut-offs are not equal. For this reason, we need for a stronger test
to evaluate the differences of the SC matrices caused by the cut-off values.
We can select the best cut-off looking at the distribution of the violin plots
associated to the different cut-off values and displayed in figure 4.23. In figures
4.23a and 4.23c, we see a multi-modal distribution with different shape between
cut-offs. This fact is reasonable since, lowering the FOD termination value, the
algorithm cuts always fewer streamlines keeping more spurious ones. Tournier
[67] has observed that a small cut-off value introduces many spurious connections,
whereas the use of larger cut-offs cause that many otherwise plausible connections
disappear from the results.
A test to evaluate the differences about the modularity of SC matrices is the
Krzanowski test. It is a statistical test of which the significance is evaluated
considering the p-values. This test is applied on two groups, the first composed
by the SC matrices associated to the cut-off 0.05 of all the subjects, while the
second group composed by the SC matrices associated to the cut-off 0.01 of all the
subjects. It allows us to accept the null hypothesis and to quantitative evaluate
the similarity between the structure of the matrices. So, we can conclude that the
same SC matrices results can be obtained using the two cut-offs at the extremes
of the considered range of the FOD termination parameters.
The quantitative test that gives the most significant results for our survey is
the PCA analysis on the matrices. For what concerning Number of streamlines,
considering values of explained variance provided in table 4.5, and given that
explained variance of the first PC is almost at 98% for each subject, it can be
affirmed that there is a big common structure between SC matrices with the six
different cut-offs: the principal component, that coincides with the mean matrix
structure, is contained equally at 98% in all matrices that are only differentiated
by cut-offs. So, given the same algorithm and lowering the cut-off values, values
of the SC matrices are equivalent, thus we observe differences between the values
but we can not observe a difference in the matrices structure. Same reasoning can
be done with SC matrices with Mean streamline length as metric (table 4.5): all
the subjects present first PC with at least about 80% of the explained variance.
So, also here there is no need to isolate the first PC because of the high value
of explained variance. Thus, also within SC matrices with the metric Mean
streamline length differentiated by some cut-off values, there are no significant
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differences.
In conclusion, taking into account the results of all the statistical tests, the
cut-off values can impact on single SC’s values, since they can impact on mean
or median values of the distribution of the SC matrices. Nonetheless, considering
the Krzanowski and the PCA analysis result, to lower the cut-offs do not affect
the structure of the SC matrices. It is worth noticing that we were interested in
obtain such result: the aims of the statistical tests applied were to quantitatively
compare the structures of the SC matrices, so to understand if it was necessary
to determine a threshold for the best cut-off. In fact, the default cut-off was the
suggested by the literature for healthy patients [67], but we needed to validate
this cut-off also for a dataset of gliomas patients.

5.1.4

Overall SC impact analysis

To reassure the analysis and evaluate the overall impact of the tumours on the
complete brain, we need to compare the singular SC matrix of a subject with the
Median or the Mean matrices taking into account the SD of the CV matrices.
Looking at the Mean and the Median matrices reported in figure 4.24, we can
observe a slightly different distribution of the values. The differences are caused
by the way in which Median or Mean computation treat the outliers, thus the
way in which they collocate the outliers in the values distribution.
We need to consider also the number of subjects really comprehend in the
computation of the Mean and the Median matrices. The Median and the Mean
matrices are generated computing mean and median among the values of the SC
matrices of all the subjects. The computations exclude the values associated to
the links that are composed by zero or one streamline. They also exclude those
links of which at least one of the node cover an area of tumour for more than
the 5% of the tumour lesion surface. Given these features of the computation,
since we consider the Mean or the Median matrices as references for the pseudohealthy, we can hypothesise that, for example, a mean value provided by the
mean between the values of 3 subjects is less reliable than a mean value provided
by the median computation among 30 subjects. The credibility of the values
present in the Mean and Median matrices is represented by the Frequency maps
shown in figures 4.26a. In contrast, the frequency map that provide informations
about the number of subjects that were not included in the values computation is
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reported in figure 4.26b. We remember that this matrix was obtained summing
the binary matrices obtained by the single SC matrices of each subject: these
binary SC matrices highlighted those connections that present at least one of the
nodes covered by the tumour for more than 5% its area.
By these separated maps, the clusters of low credible connections (thus, "abnormal appearing" connections are granted only for few subjects) can be individualized. For example, links belonging to almost "normal appearing" subjects are
collocated in correspondence of the nodes of the Visive network in the left and
right hemispheres. Another example of almost fully "normal appearing" subjects,
are associated to connections that have as nodes the Somator Motor network
and the Dorsal Ventral Attention network of the right hemisphere. It is worth
noting that the fact of having a connection of a subject define with a "normal
appearing", it does not mean that a the lesion impact that connection, or either
it does not mean that along its course a lesion is not present.
The SD and the CV matrices are not directly involved in the final analysis.
Instead, we have considered a non parametric distribution in order to avoid the
outliers’ impact in the definition of the reference distribution, outlined to define the affected connections for each patient. As consequences, the references
matrices are the MAD matrices (in figures 4.28). The MAD matrices of Mean
streamline length metric is visualized in restricted values ranges in 4.29. The variations of the values are evaluated in the images representing the ratio between
the MAD and the Median matrices (figures 4.31a and 4.31b). Looking at images
representing the ratio of MAD and Median matrices with Number of streamlines
as metric, we see that the ratio is around at 50%. This value was waited for, since
we have a dataset with 32 cancer patients heterogeneously distributed. If we look
at the CV matrices of figure 3.3.3, and we compare these matrices with the matrices of the ratio MAD-Median, we see a similar values’ distribution. Nonetheless,
some differences are present in the values range: the CV matrix associated to
Number of streamlines (figure 4.30a) has a larger values range than the relative
ratio matrix (figure 4.31a). On the contrary, the CV matrix associated to Number of streamlines (figure 4.30b) has a smaller values range than the relative ratio
matrix (figure 4.31b).
Looking at the ratio matrix associated to Number of streamlines of figure
4.30a, in the Central Visive connections inter-hemispheres, the value is high,
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probably given by the large heterogeneity between subjects. The other interesting
connection characterized by an high value, is that of which nodes are left Dorsal
Attention network and right Visive network. Whereas, images representing the
ratio of MAD and Median matrices with Mean streamline length as metric, we
see that there is a strict variability: the links between the hemispheres are well
characterised, maybe because the are the longest. Instead, connections with a
smaller length, thus those connections intra-hemisphere, are more variable: the
more the connection is short, the more the connections are susceptible to high
CV value. Indeed, it is worth noticing that a longer connection is probably more
difficult to be traced.
So the higher variability is present in the Number of streamline metric, but this
is in agreement with all explained in the previous sections: the tumour difficulty
disrupts a complete connection, instead it convolves a certain number of fibers in
the bundle. Furthermore, referring to the fact that the length of a fiber cannot be
modified so much, and considering the fact that the head size is variable between
the subjects, the final analysis about the altered connections is applied on the
Number of streamline metric.
In conclusion, we have created a reference matrix, thus the Median matrix
computed among the connections labelled as "normal appearing" of the subjects.
We have set this matrix as the "pseudo-normal" matrix. Moreover, the CV and
the ratio MAD/Median matrices were used to quantify the variability among the
subjects, and to identify for which links we were surer in the classification as
altered tract.

5.1.5

The Altered patients’ connections

The analysis on the SC matrices wants to check for the altered SC connections
keeping the Median matrix as representative of the pseudo-healthy. The study of
the altered connections is interested in evaluating the changes in the number of
streamlines, more precisely, as illustrated in 3.3.2, in a reduction of the number of
fibers that composes the considered bundle. The idea on the basis of this thesis is
that, given a reduction of the number of streamlines in the link between two ROIs,
we want to check if it can be caused by a pathological condition, comparing it with
the expected number of streamlines between two regions, given by the median
value. We have taken the Median matrix as reference for the pseudo-healthy, but
141

5

DISCUSSION

we know that a certain variability’s degree is physiological, so, we considered as
altered those links that are represented by a number of streamlines significantly
minor than the "healthy" reference. In this case, the significantly minor case is
represented by the 2MAD: a compromise value represented in figures 4.34a and
4.35a for subject #002 and #028.
In the following observations, subject #028 has interesting behaviour. His
tumour position along the optic radiation, causes several alterations between the
left and right visive networks. A fully visualization of those nodes covered by the
tumour for more than 5% of their area is shown in figure 4.33.
Therefore, looking at the 2 MAD matrices of each subject, we would like to
observe those links that appear as affected by the glioma even though the tumour
does not cover (for more than the 5% of the tumour area) none of the nodes of
the connection. Considering the 2MAD matrix of subject #028, there is a cluster
concentrated around the left visive network region. This is in agreement with
the position of the glioma. Indeed, several alterations are present in the intra LH
hemisphere. Therefore, this result supports the fact that the outlined pipelines
are appropriate for the purpose that we have set.
Summarizing the results provided by the complete dataset, we make the following remarks. In fact, to verify the accuracy of what outlined, we have evaluated
a series of indexes.
The first overall index of interest is given by the comparison between the
tumour volume and the total number of altered SC connections. From graph 4.36,
we can see that for a low number of SC connections affected, the tumour volume
is small: this is reasonable since we expect that an high number of alterations is
due to a large tumour area. In fact, the correlation value computed and reported
in the figure is high, and its p-value is very small: this highlights the fact that the
method developed to evaluate altered SC connections is stable. There are some
outliers within the subjects with the bilateral tumour, thus patient #008 presents
a small tumour area but a large number of potentially affected connections, while
patient #021 is affected by a tumour of very large area but the number of altered
connections is fairly limited: this explain the fact that bilateral tumours, although
few represented in our dataset, have a big impact in terms of connectivity. It is
worth noticing that the bilateral gliomas have larger dimensions with respect to
the other tumours, but we can not attribute the all difference only to tumour size.
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In the figure, subjects #021 and #008 have tumours with big size, but patients
#017 and #010 present tumours with dimensions comparable to the dimensions
of all other subjects affected by the glioma in the left or the right hemisphere.
Nevertheless, since oedema area is not really considered as tumour, in fact it
is said that it annoys tractography results, a second graph involving only nonenhancing tumour core, enhancing tumour core and necrosis is displayed in figure
4.37. This scatter-plot shows the correlation between tumour core volume and
number of altered SC connections for each subjects. Typically, it is said that
under the oedema area nothing remains. In fact, perifocal (vasogenic) edema
causes a Rarefaction (diluition) of the fibers, i.e. a fiber loosening, or it causes
Smelling (turgor) of the fiber, i.e. temporary tumescence of fibers caused by
the cytotoxic edema [102]. Nontheless, at the level of metabolism, functional and
probably also structural, something remains covered by the oedema [103]. In fact,
we see a correlation between tumour core volume and number of altered links,
but this bond decreases: as a matter of fact, the correlation coefficient decreases
and its p-value increases with respect to the values obtained from the scatterplot of figure 4.36. We have created this different scatter-plot to demonstrate
that focusing only on the oedema areas, we can not describe all the structural
connections that we outline with the tractograms. Deslauriers-Gauthier [94], has
demonstrated the ability of the CSD method to reconstruct larger tracts of white
matter bundles within the oedema area.
The second index checks that, if the tumour is located in a hemisphere, we
wait for an higher number of affected connections in that hemisphere. The boxplots in figure 4.38 show that the hemisphere in which the tumour is placed is
characterized by the major number of altered SC connections. More precisely, for
each region of interest defined in the illustrative picture of figure 3.3.4, median
value of altered SC is higher in the hemisphere where the expert neuroradiologist
has placed the tumour. It is worth noting that, as a confirmation of the above,
looking at the distribution of the altered connections for bilateral tumour, it
seems that a heterogeneity is present in all the graphs. As a matter of fact, a
bilateral tumour is a very complex tumour: often, even a small implication of the
corpus callosum brings to a variability in terms of connectivity alterations.
The network specific analysis considers the box-plots of figure 4.39, 4.40, 4.41,
4.42, 4.43 and 4.45. The distribution in all the box-plots allows us to observe that,
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given a region of interest defined by the reference picture 3.3.4, for almost every
network the tumour tends to impact firstly the connections in the hemisphere to
which it belongs, then it impacts the connections tracked between its hemisphere
and the controlateral and finally it impacts the links whose nodes are both in
the controlateral hemisphere. This trend is well observed looking at the values of
SC altered normalized to the total numbers of links that can be present in those
regions. This provides a certain grading of the tumour’s impact on the structural
connections. Moreover, looking at the box-plots we show that the tumour has a
big impact also in connections collocated far away from the tumour. Bowen in
[104], has demonstrated the presence of concurrent connectivity and structural
lesions of the brain areas far away from the brain tumor. Also Alstott in [105],
has shown that lesions produce specific patterns of altered functional connectivity
among distant regions of cortex.
The last step of the analysis is based on the graph of figure 4.46. This graph
provides similar informations to the single box-plots just described: the difference
of the median values of the number of altered connections between the subjects
with the tumour on the left side and the subjects with the tumour on the left
side, are reported for each region of the reference picture for every network. In
this way, we can see how the two groups of patient, thus those patients with the
tumour in the left hemisphere and those patient with the tumour in the right
hemisphere, differ. We observe that the tumour collocated in the lest hemisphere
cause much more affected connections with respect to a tumour collocated in the
right hemisphere.
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Chapter 6
Conclusions
The work of this thesis has covered various aspects about the parameters’ setting
of the tractography generation. Moreover, it has delineated a reasonable mechanism to classify those structural connections potentially altered by the glioma.
Our dataset, composed of 32 subjects, covered a wide variety of gliomas,
characterized by different grade and different typology. The aim of the thesis was
to outline an analysis pipeline characterized by a reliable and strong parameters
set-up. The analysis was carried out in the light of a personalized medicine,
because we wanted to outline a single subject analysis.
We know that two approaches of tractography exist to reconstruct the WM
tracts, thus probabilistic and deterministic, and two mainly algorithms typology,
that are CSD-based and DTI-based, are present. The two approaches differ in
the way in which they track the streamlines: the deterministic delineates a fiber
path, derived by the principal direction associated to the diffusion tensor obtained
by the diffusion weighting imaging data. In contrast, the probabilistic approach
takes into account the uncertainty in the delineation of the fibre orientations, and
constructs statistical samples from these distributions. The two typologies of algorithms are different since, if the CSD method estimates directly the distribution
of the fiber orientations within a voxel, on the contrary DTI-based methodologies
construct the Diffusion Tensor to characterize, extract, and exploit the diffusion
anisotropy effects in diffusion MRI data. Pros and cons about each of these tracking algorithms were considered, in order to choose the most reliable and complete
tractography.
We carried out a comparison with the literature on tractography, with partic147
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ular attention to the study of the brain tumours. By these studies, we understood
that the most interesting and promising approach is to apply a probabilistic CSDbased algorithm: some scientist, such as Jenabi [46], Münnich [48], Kieronska [49]
and Voets [50], demonstrated that the probabilistic DTI-based outperformed, as
compared to deterministic DTI-based. While, Mormina [47] and Schult [51],
have shown that that probabilistic CSD-based method obtained better result
with respect to the deterministic CSD-based. Nevertheless, Mormina [47] with
his studies, demonstrated that the best reconstructed tracts where obtained applying a probabilistic CSD-based approach. The general Scientists’ acknowledge
that the probabilistic methods track bundles better delineated as compared to
the deterministic methods, is in line with our results. Furthermore, we agree with
Mormina [47] in saying that the probabilistic CSD algorithm gives an highest robustness in tracts reconstruction as compared to that provided by all the others
algorithms.
From an implementation point of view, we had to face with the following
problems. At first, it was necessary to apply a preprocessing of the diffusion
data, to denoise the collected images and to correct for a series of distortions
caused by the acquisition systems and the acquisition protocols applied.
Then, given a dataset of tumour patients, some fundamental aspects, solved by
the preparation of an anatomically constrained tractography, needed to be taken
into account. This steps increased the biological plausibility of the downstream
streamlines creation. We had to generate the seeding region, provided by the 5tt
image, and the mask of termination tracts, coinciding with the 5tt image. It is
worth remembering that, to improve the tracts delineation within the tumour,
the 5tt image was generated for each subject involving the binary tumour mask.
This step was in agreement with the study of Deslauries-Gauthier [94].
Given what was present in the literature, we wanted to understand which
is the best tool to obtain a credible tract as compared to what are the peculiarities of our dataset. We have decided to use these four specific algorithms,
applying the default parameter for the tracts’ terminitation criteria: iFOD2 and
SD_STREAM for the probabilistic and deterministic CSD based algorithms, while
TENSOR_PROB and TENSOR_DET for the probabilistic and deterministic DTI based
algorithms. They were all implemented in the MrTrix software [71]. We generated
the structural connectivity (SC) matrices with the metrics Number of streamlines
148

and Mean streamline length, to overcome to this choice. We used the Schafer
functional atlas, with 200 parcels for each hemisphere, for the partitioning of the
cerebral cortex. We have set as the best the algorithm, that methodology that
provided the higher mean Shannon Entropy value among the 11 patients, thus
giving the major wealth of information, and that approach, for which the clustering analysis provided more plausible results from a physiological point of view,
introducing fewer mistakes. The choice was the iFOD2 algorithm, in concordance
with what found in literature [51] [47] [96], [95].
Once selected the iFOD2 algorithm as the proper algorithm to analyse our
dataset, we wanted to understand if some algorithm’ parameters can impact on
the estimation of the structural connectivity matrices. So, we decided to vary
the cut-off threshold among the values equal to 0.1, 0.09, 0.08, 0.07, 0.06 and
0.05. The decision to lower the cut-off to check if it can impact on the estimate
of the SC matrices, is due to the fact that in literature none studies were worried
about this parameter when evaluating a dataset of glioma patients. In literature,
the most used parameter is the cut-off equal to 0.1. Tournier [67] and Jeurissen
[92] [101], have seen this value as an empirical threshold that, in their studies,
provided good results in most of the cases, based on visual inspection of tracking
results and in comparison with what it was known by anatomy.
This problem was addressed through the evaluation of the Scatter plots between SC values obtained with cut-offs 0.05 and 0.1, applying the statistical t-test,
ANOVA test and Kraznowsky test, and finally executing the PCA analysis. The
global result leaded to the choice of the default cut-off. In reality, not all test
provided the default cut-off as the best choice. Most of the test supported the
choice of the default cut-off. As a matter of fact, the Kraznowsky test, evaluating
the similarity of the structure of the matrices, gave a solid result. However, the
most interesting result was given by the PCA analysis: for each patient, the first
PC had an explained variance of 98% for Number of streamlines and 80% for
Mean streamline length.
Finally, we outlined a classification of the potentially affected tracts among the
32 subject, using the matrices obtained with the Number of streamlines metric.
The analysis on Mean streamline length matrices was not assessed, since the
glioma moves, reduces or disrupts the tracts, so the length of the tracts does not
change significantly. Moreover, we expected that for the Mean streamline length
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there could be a large bias linked to the size of the head of each patient, which
was complex to take into account in statistical analysis. While for Number of
streamlines, having generated an equal number of streamlines for all subjects, we
expected a certain degree of reproducibility.
Since we were not able to proceed with a validation of our structural connectivity results, if not partially with the clustering analysis, we wondered if our
results were at least reliable. So, we tried to relate the alterations in structural
connectivity to the cause, this is the tumour. So, to reassure the analysis and to
evaluate the overall impact of the tumours on the complete brain, we needed to
compare the singular SC matrix of a subject with the Median matrix. For these
reasons, we computed the Median matrix as reference for the pseudo-healthy,
discarding the Mean matrix since it is more dependent by the outliers. We constructed the frequency map of the "normal appearing" connections, that gave us
some informations about the reliability of the values of the Median matrix. At
the end, we were looking for a statistical description of what was the distribution
of the possible values of the number of streamlines, using Median matrix and
MAD matrix (therefore a non parametric approach) and considering −2MAD as
a level of significance.
We quantified the alterations of the SC at the global level. We compared, for
each subject, the total number of altered connections with respect to the total tumour volume and with respect to the tumour core volume. By those scatter-plots,
we outlined a correlation between the tumour size and the number of abnormal
appearing connections: thus, the more the volume size is high, the major is the
number of SC alterations. Indeed, since the oedema area is not really considered
as tumour, in fact it is said that it annoys tractography results, we correlated
the enhancing tumour core and necrosis with the number of altered connections.
What we observed is how this correlation was stronger when we considered also
oedema as being part of the tumour area. In this way, se supported some literature results that demonstastrated that, at the level of metabolism, functional and
probably also structural, something remains covered by the oedema [102] [103].
What we obtained was plausible, either at single subjects level, referring to
the subject #028, that presents the tumour along the optic radiation, either at
level group.
From a network by network group analysis of altered SCs, we found that the
150

impact of tumours was very heterogeneous. More specifically, the number of the
potentially affected connections was evaluated within the left (LH) hemisphere,
within the right (RH) hemisphere and between the two hemispheres. More deeply,
the number of the potentially affected connections have been counted for any of
the 7 networks of the Schaefer atlas, referring to the regions delineated by the
reference picture 3.3.4. For all the types of box-plots, the distributions among
the 32 subjects were grouped in three different distributions based on the type of
tumour (left, right or bilateral). We confirmed that there was a major impact,
in terms of altered connections, in the hemisphere in which the tumour was
collocated, then there was a decreased number of affected connections considering
the regions between the two hemispheres, and finally the smallest number of SC
alterations was in the regions of the other hemisphere. So, we saw that the tumour
impact also connections far way from its collocation, as already demonstrated by
the literarure [104] [105]. This expected result, supported us in saying that our
pipeline provided reliable results.
So, the proposal analysis works and the results are very interesting and promising, in some aspects in line with the literature and in others innovative.
For the future analysis, we would to understand if there is a relationship
between the highlighted alterations and the regional variations of metabolism.
In fact, from a physiological point of view, this is an expected result since the
deafferent areas, so the areas that are disconnected, should burn less energy in
terms of metabolism. This analysis will be carried out basing on PET data.
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Appendix A
Clustering Analysis
Dott. Villani has executed a clustering analysis to quantitatively evaluate the
reconstruction of WM tracts with an curated atlas by means of anatomy. These
analyses were additional procedures to verify the goodness of the reconstruction
of the tracts, given by the various algorithms with which we have been dealt.
He performed, for each algorithm and for each subject, an implemented spectral clustering procedure to reconstruct, in an automatic way, the 73 deeper
white matter tracts [106], [107], [108]. In particular, the aim was to understand
the way in which the streamlines were grouped into each defined white matter
tract, comparing the obtained results with those provided by the reference atlas.
Computing the median of the normalized ratio of the number of streamlines given
an anatomical tract among the 11 subjects, he wanted to understand which of
the four algorithms provided the close subdivision to the reference subdivision.
In figure A.1, we show that the algorithm that reconstructs the WM tracts in the
closer way to the reference atlas, is the iFOD2.
He noticed that, considering the median distribution of all the reconstructed
tracts among the four algorithms, the algorithm that provided, in median, the
best reconstructed tracts, is the iFOD2.
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Figure A.1: Median rtract values computed, between the 11 patients, for each
tract e for each algorithm.
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