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ABSTRACT 
 

Diffusion MRI (dMRI) is a technique for the non-invasive characterization of the 

microstructural properties of biological tissues. Conventional dMRI methods, such as 

Diffusion Tensor Imaging (DTI), rely on rather simple hypotheses relevant to hindered 

anisotropic diffusion homogeneous within each voxel, which limit their sensitivity and 

specificity. 

To overcome these limits, several advanced dMRI techniques have been developed; in 

particular multi-compartment models disentangle hindered and restricted, isotropic and 

anisotropic diffusion. 

The aim of this work is to investigate the feasibility and the potential benefits of multi-

compartment dMRI models in clinical studies on neurological disease involving gray matter 

(GM) or white matter (WM), with a translational approach. 

Three applications were tested: the study of gray matter alterations in Creutzfeldt-Jakob 

Disease (CJD), the microstructural characterization of brain tumors and the reconstruction 

of the trajectory of WM tracts (tractography) in patients with peritumoral edema. 

In the first case, two possible neuropathological mechanisms were investigated and novel 

biomarkers for CJD were provided, likely more sensitive and specific to this pathology than 

usual DTI-derived measures. In the second application, the parameters derived from a 

multi-compartment model allowed the characterization of different lesion component and 

the differentiation of tumor grades better than DTI parameters. Finally, the use of a multi-

compartment model allowed the robust reconstruction of WM tracts through areas of 

peritumoral vasogenic edema, which is usually not possible with DTI-based tractography. 

In conclusion, the application of dMRI multi-compartment models in clinical research is 

feasible and can provide more accurate information about brain microstructure than 

traditional dMRI methods. 
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SUMMARY 

Background 

Diffusion MRI (dMRI) is an MRI technique sensitive to the diffusive motions of water 

molecules. In biological tissues, the presence of structures such as cells, fibers, 

membranes or macromolecules reduces water mobility by specific directionality and 

dispersion statistics. Thus dMRI can convey indirect information about tissue 

microstructure, which has demonstrated good sensitivity to pathological changes in many 

diseases. A related application of dMRI is tractography, which provides the virtual 

reconstruction of fiber trajectories, based on the identified local orientations, and also 

information on fiber integrity. 

Conventional dMRI methods such as Diffusion Tensor Imaging (DTI) rely on the 

hypothesis of free or hindered diffusion, which implies a Gaussian distribution of 

displacements. This is generally a good approximation at low diffusion weightings (i.e., b-

values), but it does not allow a good fitting of the dMRI signal in many cases at higher 

diffusion weightings. In particular, a deviation from Gaussianity can be caused by diffusion 

restriction or by the presence of multiple compartments with different diffusion 

characteristics in the same voxels (for example, crossing fiber bundles or partial volume 

between different tissues). 

To provide a better characterization of diffusion in these cases, many advanced dMRI 

methods have been proposed. Two main trends in the development of advanced dMRI 

methods can be identified: a first class of techniques focuses on the orientation of white 

matter fibers in complex configurations, while a second one focuses on the microstructural 

characterization of tissues. 
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In particular, the latter group includes multi-compartment models describing hindered and 

restricted diffusion in compartments with known geometry. If the studied tissue is 

accurately modeled, this approach can provide estimations of specific microstructural 

parameters, such as the volume fraction occupied by each compartment or the size and 

orientation of the structures restricting water diffusion. 

The increased mathematical complexity of the models implies more complex acquisition 

schemes and processing procedures than usual, so a compromise between complexity 

and accuracy is needed for the application of these model-based advanced dMRI methods 

in clinical studies. 

The aim of this thesis is to assess the feasibility of model-based dMRI techniques in 

clinical research, and to investigate their utility in the characterization of microstructural 

changes caused by gray matter (GM) and white matter (WM) diseases. 

Model-based analysis of dMRI signal in CJD patients 

In the first application, mathematical models were developed and applied for the study of 

microstructural changes in Creutzfeldt-Jakob Disease (CJD). 

CJD is the most common human type of prion disease, a class of neurodegenerative 

diseases with a peculiar transmission mechanism involving a misfolded isoform (PrPSc) of 

the cellular prion protein. The main neuropathological features of CJD are astrocytosis, 

neuronal loss, intracellular spongiform degeneration and PrPSc accumulation in 

extracellular space. The presence of hyperintense regions (i.e., with reduced diffusion) on 

dMRI, with asymmetric distribution on the two hemispheres, is a common marker for the 

diagnosis of CJD, but the origin of this signal abnormality is currently unknown. 

In this work, two hypotheses were formulated for the main neuropathological cause of 

dMRI hyperintensity in CJD: reduced diffusivity due to the accumulation of PrPSc in the 
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extracellular space and diffusion restriction in the vacuoles. Two isotropic bi-compartment 

models of diffusion were developed to test these hypotheses: 1) a biexponential model to 

describe intra- and extra-cellular hindered diffusion (an exponential signal intensity decay 

with b corresponds to a hindered compartment); 2) a model with restricted diffusion in a 

spherical compartment (i.e., vacuoles) and hindered diffusion in the other.  If PrPSc 

deposition were the main cause of hyperintensity, a decrease of extracellular diffusivity 

would be expected in CJD patients, while if the main cause were restriction in vacuoles an 

increase of the volume fraction of the restricted compartment and a better fit of the latter 

model would be expected. 

dMRI data with a wide range of echo times (TE), diffusion weightings (b-values) and 

diffusion times were acquired from 15 patients with suspected diagnosis of prion disease 

and in 4 healthy age-matched subjects. 10 of the patients were diagnosed with CJD, 2 with 

Gerstmann–Sträussler–Scheinker disease, a prion disease without dMRI hyperintensities 

(GSS group) and 3 with Rapidly Progressive Encephalopathy, sharing similar neurological 

signs but without the MRI and histologic alterations of CJD (RPE group). 

The two proposed models, plus a mono-exponential model considered as a conventional 

reference, were fitted to the data. Multiple regions of interest (ROIs) were delineated in 

gray matter; in CJD patients, hyperintense areas on dMRI were classified as “affected” 

(CJD+ group), while areas without hyperintensity were classified as “apparently unaffected” 

(CJD- group). 

In a first step, the dMRI raw signal was compared between CJD+, CJD- and control 

regions. As expected, the signal in CJD+ regions was significantly higher than in the other 

areas with all the combinations of TE and b-values. The finding of maximum contrast at TE 

= 103 ms and b = 3000 s/mm2, from this preliminary analysis indicated this as optimal 

operating point for the detection of CJD by dMRI. 
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In a subsequent step, the fitting performance of the models was evaluated. Both the bi-

compartment models performed significantly better than the mono-exponential model. In 

the affected areas the advantage of the bi-compartment over the mono-exponential 

models was higher, even if the fitting performance itself was worse in all the models. 

Hence, the proposed models were able to better characterize the brain tissue than the 

traditional one, especially in pathological conditions. However no difference was found 

between the two bi-compartment models in terms of fitting performance, so it was not 

possible to draw conclusions about the most likely microstructural alteration responsible 

for dMRI hyperintensity. 

Finally, the parameters estimated by the three models were compared between all the 

pathological groups (CJD+, CJD-, RPE and GSS) and the healthy controls. The results of 

the statistical analysis are shown in table 1. 

In the CJD+ group, the main results were an increase of T2 in all the models, a decrease of 

both the extracellular and intracellular diffusivities and of the mono-exponential ADC, and 

an increase of the volume fraction of the restricted compartment in the vacuole model. The 

estimated radius of the spherical compartment with restricted diffusion was compatible 

with the size of vacuoles estimated by histology studies in literature. 

In the CJD- group, an increase of T2 and of the fraction of the restricted compartment were 

found, while in the RPE and GSS groups no consistent significant difference was observed. 

Basing on these results, both the proposed pathological mechanisms can contribute to the 

observed dMRI hyperintensity, even though a combination of the hypotheses does not fully 

explain the results; for example in the restricted-diffusion model the diffusivity out of the 

spherical compartment is not reduced as would be expected if diffusion was hindered by 

PrPSc accumulation. 
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M0 n.s. n.s. n.s. n.s. 

T2 +26% +10% n.s. n.s. 

dF -14% n.s. n.s. n.s. 

dS -37% n.s. -20% n.s. 

f +4% n.s. +9% n.s. 
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M0 n.s. n.s. n.s. n.s. 

T2 +18% +8% n.s. n.s. 

dH n.s. +8% +10% n.s. 

f +46% +19% n.s. n.s. 

M
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M0 -8% n.s. n.s. n.s. 

T2 +31% +12% +5% n.s. 

ADC -20% n.s. +5% n.s. 

 

 

In conclusion, this study may represent an important step towards the characterization of 

microstructural changes in CJD. Even though the precise pathological mechanism 

responsible for dMRI hyperintensity could not be definitely determined, this study provided 

tools to design an optimized dMRI acquisition protocol and new promising biomarkers for 

sensitive and specific CJD diagnosis. In particular, the estimation of vacuole size could be 

used to non-invasively discriminate CJD subtypes, which have quite different prognosis. 

Table 1. Results of the group analysis in the study on CJD. 
Mean relative difference in each parameter between each group (CJD+, CJD-, RPE or 
GSS respectively) and the healthy controls. Not statistically significant differences are 
marked as “n.s.” 
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Microstructural features of brain tumors by NODDI 

In the second application, dMRI data from patients with brain gliomas were analyzed with 

NODDI (Neurite Orientation Dispersion and Density Imaging). The characterization and 

staging of brain tumors is very important to plan surgery and/or radio- and chemo-therapy. 

In particular, the malignancy scale defined by the World Health Organization (WHO) 

associates each lesion with a tumor grade between I and IV and is widely applied. It is 

based on neuropathological features and an early non-invasive proxy by neuroimaging 

would be useful. 

Many studies investigated the possibility of tumor grading by DTI, with contradictory results, 

probably due to the low specificity of DTI-based parameters. Multi-compartment models 

are expected to provide more specific microstructural information; in this study NODDI was 

chosen for this purpose because its relatively low complexity makes it feasible in a clinical 

setting. 

NODDI is a three-compartment model describing diffusion in the intracellular compartment 

as restricted in a set of sticks with orientations distributed around the principal direction, 

diffusion in the extracellular compartment as hindered (modeled by a diffusion tensor) and 

diffusion in the Cerebro-Spinal Fluid (CSF) compartment as free and isotropic. Although 

restriction geometry was proposed to describe fibers in the WM, NODDI parameterization 

of stick directional dispersion allows applications in tumoral tissue where directionality is 

virtually lost. 

dMRI data from 71 patients with brain gliomas were acquired with a two-shell protocol (b = 

700 and b = 2000 s/mm2) and both NODDI and DTI parameters were estimated. 

In a subset of 20 patients, an additional three-compartment model describing isotropic 

restricted, hindered and free diffusion was fitted for comparison to the intrinsically 

anisotropic modeling of restriction by NODDI. The results of this preliminary analysis 
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showed a good performance of NODDI and a very good correlation between the 

intracellular volume fraction estimated by NODDI (    ) and the fraction of restricted 

diffusion estimated by the isotropic model. Even though NODDI tends to overestimate the 

restricted fraction, this result validated      as a relative index of restricted diffusion even in 

isotropic conditions. 

The comparison between tumors of different grades showed different patterns of NODDI 

parameters. Specifically, grade II lesions displayed high volume fractions of the 

extracellular compartment (     ), interpreted as high extracellular water content as 

expected in low grade gliomas. In grade III gliomas regions with an increased fraction of 

the intracellular compartment (     ), interpreted as high cellularity, were detected in 

addition to those with high extracellular water content. Grade IV gliomas were usually 

heterogeneous: they included presumably necrotic areas with a high fraction of CSF (    ), 

areas of enhancement with increased      and     , highly cellular areas, and peritumoral 

edemas. 

These results, though requiring a neuropathological validation (not available), are 

compatible with known features of the different grades, and thus candidate NODDI as a 

promising tool for tumor characterization. By contrast DTI parameters, namely FA, were 

not specific to the different features of the various studied lesions. 

Statistical contrasts between lesions grouped by their grade were performed considering 

maximal values within ROI of       and      and mean      . All the three NODDI volume 

fractions allowed a statistically significant discrimination between grade IV and both grade 

II and grade III lesions (figure 1), since a higher maximum      and      and a lower mean 

     was evident in grade IV gliomas. 
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In conclusion, these preliminary results show that non-invasive tumor characterization and 

grading by NODDI is feasible in a clinical context. If validated by a more extensive and 

localized correlation with neuropathological measures, they can have an important impact 

on the preoperative evaluation of brain tumors, and on neuro-oncology therapy in general. 

NODDI-based tractography in peritumoral edema 

In a last application, an algorithm for tractography based on NODDI parameters (NODDIT) 

was developed and applied in patients with glioblastoma multiforme (GBM) to test the 

possibility of a better reconstruction through areas of vasogenic edema than allowed by 

DTI-based tractography (DTT). 

In presurgical neuro-oncological mapping, it is important to define the boundaries of the 

lesion and to understand if the surrounding tissue contains functional areas and/or 

Figure 1. Bar graph showing the mean 𝑓𝐸𝐶𝑉, maximum 𝑓𝐼𝐶𝑉 and maximum 𝑓𝐼𝑆𝑂 averaged 
among the patients with grade II, grade III and grade IV gliomas, respectively. 

The significant differences are marked with stars. 
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undamaged WM bundles, in order to resect all the affected tissue (if possible) and at the 

same time minimize the neurological deficits induced by the surgical operation. 

For this purpose, functional MRI and tractography are now commonly applied together with 

intraoperative electrical stimulation. However DTT, which is the most widely applied 

technique for tractography, has some limitations; in particular, it usually does not allow the 

reconstruction of WM tracts through areas of peritumoral vasogenic edema, where intact 

fibers are known to be present. This is mainly due to the termination criteria commonly 

used in tractography, which is based on an FA threshold to exclude regions where the 

estimation of the principal diffusion direction is unreliable; unfortunately this criterion 

excludes also regions with partial volume between WM structures and extracellular water, 

as in the case of edema. The use of parameters derived from a multi-compartment model 

for tractography is expected to allow more specific termination criteria to exclude only 

regions with high fiber orientation dispersion, and not those with partial volume from 

extracellular water but coherently oriented fibers. Considering NODDI, the orientation 

dispersion index (ODI) is a specific index of fiber orientation dispersion, assumed that a 

sufficient amount of brain tissue is present in the voxel. Thus, in the proposed NODDIT 

algorithm the termination criterion was based on two thresholds: an upper threshold on 

ODI to track only through regions with coherently oriented fibers, and an upper threshold 

on      to assure that the brain tissue content is sufficient for a reliable estimation of ODI. 

In this study, dMRI data from 10 patients with GBM surrounded by vasogenic edema were 

selected from the database considered in the previous section. Also, 10 patients with 

tumors far from the main WM tracts and an hemisphere free from apparent lesions were 

selected to provide control hemisphere and control bilateral tracts.  

In a preliminary phase, the termination criteria for NODDIT were optimized to allow a fair 

comparison with DTT. Specifically, in the control hemispheres, tractography 

reconstructions were performed by DTT with the well-established FA upper threshold of 
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0.2 and by NODDIT with several ODI thresholds, fixing an      upper threshold of 0.8. The 

voxel-by-voxel correlation of the number of streamlines obtained and the overlap between 

the volume of specific tracts reconstructed by the two methods were evaluated. An optimal 

ODI threshold of 0.49 was finally selected, allowing the most similar results to DTT in the 

healthy regions. 

Hence, this NODDIT setting was applied to the 10 GBM patients. The mean streamline 

density obtained by NODDIT and DTT was evaluated in 3 ROIs per patient: the tumor core, 

the peritumoral edema and the contralateral WM. 

 

 

The results are shown in figure 2. In contralateral normally appearing WM the streamline 

densities provided by NODDI and DTT were similar, as expected since the calibration step. 

In the tumor core, where little structure should be present, very low streamline densities 

were found by both the methods as expected. By contrast, in areas of edema NODDIT 

provided significantly higher streamline densities, about two thirds of the values found in 

the contralateral WM. 

The robustness of this finding was confirmed by evaluating its low sensitivity to the fixed 

ODI threshold. Conversely, the dependence on the FA threshold was also investigated, 

Figure 2. Mean streamline density found by DTT and NODDIT in contralateral healthy WM, 
tumor core and vasogenic edema. 
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showing that rising  DTT sensitivity by lowering FA threshold to about 0.1 can provide 

similar results to NODDIT in the edemas; however, an unacceptable specificity loss was 

highlighted, with a high number false positives, as verified even in the ventricles. 

The visual inspection of the tractographic reconstruction of specific tracts further confirmed 

the outperformance of NODDIT versus DTT: in all the considered cases NODDIT showed 

more streamlines passing through the edemas, or even allowed reconstructing tracts 

completely missed by DTT (figure 3). 

 

 

 

In conclusion, this preliminary study on NODDI-based tractography in brain tumor patients 

showed the feasibility of the proposed approach in a clinical setting and its superiority to 

DTT in the robust reconstruction of tracts passing through regions of vasogenic edema. 

NODDIT could find important applications in the preoperative mapping of patients with 

brain gliomas. 

Figure 3. Example of tractographic reconstruction in a representative GBM patient. 
The cortico-spinal tract was reconstructed from the same ROIs with DTT (A) and NODDIT (B). 
DTT did not allow the reconstruction of any streamline on the side of the edema, while NODDIT 
provided a realistic reconstruction of the CST. The streamlines are color-encoded according to 
FA. 
 

C D 

DTT NODDIT 
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Conclusions 

In all the proposed applications, the use of multi-compartment models was clinically 

feasible and advantageous when compared to traditional methods. Even though these 

preliminary studies have to be confirmed on larger samples and carefully validated, the 

parameters provided by the multi-compartment models seem more specific to the 

underlying tissue microstructure and its pathological changes. 

The use of advanced dMRI methods involves a non-trivial work for the choice of suitable 

models, with a complexity chosen as a trade-off between the desired amount of 

information on the studied tissue and the feasibility of needed acquisition and fitting 

procedures. Furthermore, the biological or medical interpretation of the results, even 

though apparently obvious from the definition of the model, can be challenging in some 

situations. 

Nonetheless, the promising results presented here in different clinical research studies 

demonstrate the advantage of this kind of analysis for the microstructural characterization 

of the changes induced by neurological diseases in GM and WM. 
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1. INTRODUCTION 
 

 

Nothing has such power to broaden the mind 

as the ability to investigate systematically and truly  

all that comes under thy observation in life. 

Marcus Aurelius 

 

 

This PhD thesis addresses the study of microstructural properties (i.e. features below 

voxel-size, even though averaged in the voxel volume) by means of diffusion MRI 

(dMRI) in clinical studies of both gray matter (GM) and white matter (WM) of the human 

brain. A brief review of physical principles, models and methods is presented in this 

chapter, aiming at a critical evaluation of the necessary compromises between 

precision and feasibility in the clinical environment. Some of the advanced methods 

presented here will be applied in chapters 2-4 to the analysis of microstructural 

changes induced by GM and WM pathologies. 

Information from dMRI is basically drawn by studying MRI signal attenuation with 

acquisition parameters sensitizing it to water diffusion. A major distinction is between 

isotropic (e.g. GM, at least approximately) and anisotropic (e.g., WM) conditions, where 

the latter is due to fiber orientation and requires the exploration of numerous directions. 

A second distinction involves homogeneity with diffusion length, which leads to 

Gaussian distribution of diffusion dispersion, as in the basic diffusion tensor imaging 

(DTI), largely applied so far. Deviation from this hypothesis provides more information 

about diffusion, which can be modeled as hindered or restricted in multiple 

microstructural compartments within the same voxel. 
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This more detailed exploration requires data with different enhancements of diffusion 

(i.e., various b-shells, see below) and adequate modeling of dMRI attenuation. 

1.1. Diffusion MRI 

Brownian motion is the apparently random motion of molecules caused by their internal 

kinetic energy and by their interactions (figure 1.1), first described by Robert Brown [Brown 

1828]. These motions happen in any fluid due to thermal agitation, without need of 

external driving forces. 

 

Diffusion is defined upon the macroscopical effect of Brownian motion by the diffusion 

coefficient D [L2 T-1] providing the ratio between a volumetric concentration gradient [M L-4] 

divided by diffusion flux [M L-2 T-1]. 

According to Einstein [Einstein 1905], considering the statistical distribution of the motions 

of a population of freely diffusing molecules, the displacements from their initial positions 

Figure 1.1. Examples of brownian motion. Three tracings of the motion of colloidal particles 

of radius 0.53 µm, as seen under the microscope, are displayed. Successive positions every 

30 seconds are joined by straight line segments (the mesh size is 3.2 µm) Reproduced from 

the book of Jean Baptiste Perrin, Les Atomes, 
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after a diffusion time       follow a Gaussian distribution with null mean and the following 

variance:  

〈(     )
 〉           

where   is the diffusion coefficient and n is the number of dimensions of the problem (n = 

1 when considering the projections of displacements along a line, n = 2 in a plane and n = 

3 in the space). Figure 1.2 illustrates the evolution of the displacements distribution with 

the diffusion time. 

 

According to the Bloch-Torrey equations, diffusion in the presence of gradients does 

always blur spin phase coherence, thus attenuating the signal and limiting MRI resolution. 

This effect, though normally negligible at clinical resolution scales, can be greatly 

enhanced by Diffusion Magnetic Resonance Imaging (dMRI), which is an MRI technique 

specifically sensitive to diffusive motions of molecules in fluids [Le Bihan 1988, Mori 1999]. 

Figure 1.2. Characteristic displacement distributions for free diffusion with 

increasing diffusion times (t). Reproduced from “Bernard H. Lavenda - 

Nonequilibrium Statistical Thermodyamics - John Wiley & Sons Inc” 

(1.1) 
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The addition of gradient pulses (diffusion-sensitizing gradient pulses, [Stejskal 1965]) to an 

imaging sequence causes a position dependent dephasing/rephasing of spins, and hence 

a signal loss dependent on the displacement of molecules along the spatial direction of the 

diffusion gradients in the time interval between the pulses (figure 1.3). 

 

In almost all the cases the target molecule of dMRI, as of MRI in general, is water, the 

most common 1H compound, in biological tissues. So in the great majority of applications 

dMRI is sensitive to the displacements of water molecules in biological tissues. 

Equation (1.1) is valid only in the case of free diffusion i.e. diffusion in an infinite space 

without barriers. In this condition, the distribution of displacements depends only on Tdiff, 

on temperature and on the characteristics of the molecule. Since the molecule is usually 

water, the temperature is usually that of human body (36-37 °C) and Tdiff depends on the 

acquisition sequence, dMRI would not be very informative, in this case. The reason why 

dMRI founds wide application in clinics and in biomedical research is that diffusion is 

seldom free in biological tissues, even in the short scale of tens of μm, which is the order 

of magnitude of displacements in a typical dMRI experiment. Many obstacles as cells, 

macromolecules, membranes and fibers slow down diffusive motions (hindered diffusion, 

Figure 1.3. Examples of MRI images without (left) and with (right) diffusion weighting 
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figure 1.4, left) or even prevent them along some directions (restricted diffusion, figure 1.4, 

right). 

 

 

Therefore equation (1.1) is not directly valid in most cases and it has to be corrected 

according to the effect of biological structures on water diffusion, as will be explained in the 

next paragraphs. The simplest way of accounting for the effect of obstacles on diffusion is 

to consider equation (1.1) as still valid, but with a reduced diffusion coefficient (the so-

called Apparent Diffusion Coefficient, ADC). This approach can be extended to non-

isotropic tissues describing the orientation dependence of the ADC by the so-called 

Diffusion Tensor. In these two cases the displacement distribution is still Gaussian, but 

conditions such as restriction may lead to non-Gaussian distributions, described by 

advanced models such those considered in this thesis work. 

In conclusion, the parameters estimated by dMRI methods depend mainly on the 

microstructure of the examined tissue, and may be very useful for its characterization. 

Proper modeling of both hindered and restricted diffusion can provide further information 

compared to the basic Gaussian description of hindered diffusion. 

Figure 1.4. Schematic representation of hindered (left) and restricted (right) diffusion. 

Reproduced from [Price 1996] 
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1.2. Apparent diffusion Coefficient and Diffusion Tensor Imaging: 

hindered diffusion 

As already mentioned, the simplest way to extract information from dMRI is to consider 

equation (1.1) as valid even though diffusion is not free. Indeed, in most cases the main 

effect of obstacles to diffusive motions is to reduce the extent of displacements, but their 

statistical distribution can be still considered approximately Gaussian; this condition is 

defined as hindered diffusion. 

With the hypothesis of hindered diffusion, it can be demonstrated [Stejskal 1965] that the 

ratio between the signal of a diffusion-weighted image and that of an equivalent image 

without diffusion weighting is:  

  
 ( )

 ( )
         

where     is the Apparent Diffusion Coefficient in the considered voxel, and   is the so-

called b-value, which reflects the amount of diffusion weighting and depends on the 

acquisition parameters according to the following formula in the case of rectangular 

diffusion gradient pulses:  

        (  
 

 
) 

where   is the gyromagnetic ratio of the 1H atom (267.51·10-6 rad·s-1·T-1),   is the intensity 

of the gradient pulses,   is their duration and   is the time interval between them. In 

clinical routine, b-values of about 1000 s/mm2 are usually applied.  

Then the ADC can be estimated as follows:  

     
 

 
  

 ( )

 ( )
 

The ADC is an indirect index of microstructure, as it reflects the presence of obstacles to 

water diffusive motions in the direction of the diffusion gradient, averaged over the 

(1.2) 

(1.4) 

(1.3) 
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considered voxel. For example, it has found application in the early detection of ischemic 

stroke, associated with a low ADC in the acute phase. 

In some cases the biological tissues contain ordered structures aligned along the same 

direction, for example axons in cerebral and spinal white matter or muscle fibers. In these 

tissues the estimated ADC depends strongly on the gradient direction: for example water 

molecules can diffuse much more freely along the direction of fibers than orthogonally. 

 

In order to characterize such angular dependence of diffusion, the diffusion tensor was 

introduced [Basser 1994]. The diffusion tensor is defined as:  

  [

         

         

         

] 

where     is the correlation between diffusion along direction a and diffusion along 

direction a; with a = b (diagonal elements),     is the ADC along direction a.  

Figure 1.5. The origin of differences in diffusion anisotropy between gray matter (top) 

and white matter (bottom). In a and d a pictorial representation of microstructure is 

shown, in b and e the corresponding diffusion directions are schematically 

represented, and in c and f characteristic displacement profiles are displayed. 

Reproduced from [Komlosh 2006] 

(1.5) 
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Equation (1.2) can be generalized to the anisotropic case:  

     (      )  

    [  (  
       

       
                               )] 

where   = [        ]T is a column vector defining the direction of the diffusion gradient 

pulses. 

Thus, the diffusion tensor can be estimated from images with diffusion weighting along at 

least 6 independent directions (Diffusion Tensor Imaging, DTI) plus a reference b0 image 

with b = 0 or very low. However, redundancy by about 30 directions is recommended and 

currently applied [Jones 2004]. 

The diffusion tensor can be diagonalized to find its eigenvectors (v1, v2 and v3) and 

eigenvalues (λ1, λ2 and λ3), representing the principal directions of diffusion and the 

associated ADCs, respectively. In particular, the first eigenvector is the direction of 

maximum diffusion, which in the case of fibrous systems can be considered as 

corresponding to the direction of the fibers. 

The diffusion tensor can also be represented as an ellipsoid (the so-called diffusion 

ellipsoid, figure 1.6), having the eigenvectors as axes.  

 

  

Figure 1.6. The diffusion ellipsoid and its interpretation: the main axis of the ellipsoid 

is the first eigenvector, its size in any direction represents the apparent diffusivity 

estimated in that direction 

(1.6) 

First eigenvector: 

maximum diffusivity 

Diffusivity along an 

arbitrary direction 
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It is an intuitive representation, because the size of the ellipsoid is proportional to the ADC 

in any direction (according to the hypothesis of the diffusion tensor model, which is only a 

first order approximation of the real diffusion patterns [King 2001]). 

Several parameters can be derived from the diffusion tensor [Basser 1996]; the most 

widely used are the Mean Diffusivity (MD):  

   
        

 
 

and the Fractional Anisotropy (FA):  

   √
 

 

(     )  (     )  (     ) 

  
    

    
  

MD has the dimension of a diffusion coefficient (mm2/s) and represents the mean mobility 

of water molecules in the studied tissue, averaged over all the directions. It is a more 

meaningful parameter than the ADC measured in an arbitrary direction when the 

environment is anisotropic. 

FA represents the degree of anisotropy (i.e. how greater is diffusivity in the main direction 

than in the others) and is a dimensionless parameter ranging from 0 (perfect isotropy) to 1 

(perfect anisotropy). 

Figure 1.7 illustrates the meaning of these parameters. 

 

 

Figure 1.7. Representation of the meaning of MD and FA in terms of the size and 

shape of the diffusion ellipsoid 

(1.7) 

(1.8) 
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Other DTI parameters, commonly used in the study of WM, are the longitudinal (or axial) 

diffusivity       , and the radial (or transverse) diffusivity    
     

 
. They correspond to 

the apparent diffusivity along the axis of the tensor and in any direction of the transverse 

plane, with the hypothesis of cylindrical symmetry, which is a good approximation in the 

case of WM. 

DTI is widely used in clinical practice and in preclinical and clinical research, because it 

has shown great sensitivity to many pathological conditions associated with microstructural 

alterations, such as amyotrophic lateral sclerosis [Filippi 2001], epilepsy [Thivard 2005], 

ischemic lesions [Sotak 2002] and brain tumors [Clark 2003, Schonberg 2006]. 

1.3. The limits of DTI and the advanced methods 

DTI is the most common dMRI technique, and almost the only one used in a clinical 

context because of the demonstrated sensitivity to microstructural changes and of its 

requirements in terms of acquisition sequences and post-processing algorithms, relatively 

easy to comply with. 

Nonetheless, it has some limitations, mainly associated with the simple underlying model. 

The main limit of DTI is that it characterizes all the structures in a voxel with a single three-

variate (i.e. the 3 space directions) Gaussian distribution. Thus, if the voxel contains 

different kinds of structures or groups of structures of the same kind but with different 

microstructural or orientation characteristics, the diffusion tensor is a representation of the 

“average” diffusion properties in the voxel and fails to represent the actual microstructure. 

A classic example is the so-called “crossing fibers” problem: when two or more White 

Matter (WM) bundles cross in a voxel, the estimated diffusion tensor is much more 

isotropic than it would be if only one of the bundles were was present, and its first 
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eigenvector is in a direction between those of the bundles. So in this case the information 

derived by DTI (principal direction, FA, MD, etc.) does not represent the actual 

microstructural characteristics of the tissue and could be even misleading, e.g. indicating 

pathological structural damage (FA decrease) in place of a physiologically complex 

structure. Since a relevant percentage of the voxels in WM contain more than one fiber 

bundle, this is not a negligible problem (different estimates of this percentage have been 

reported, ranging from 33% [Behrens 2007] to 63% and 90% [Jeurissen 2013]). The same 

issue arises with more complex configurations in which more than one fiber direction is 

present, for example with fibers fanning or “kissing” and even more in the so called meso-

scale of fiber endings impinging on corical sulci and gyri [Catani 2012]. 

Partial volume effects at tissue boundaries (e.g., GM/WM, WM/CSF) do limit both DTI and 

more complex models, since the presence of different kinds of tissues in the same voxel 

makes estimates depend on a mixture of their properties. Conversely, multi-compartment 

models can better deal with voxels in regions containing mixed structures An important 

case of partial volume severely affecting DTI is vasogenic edema, the accumulation of 

water in the parenchymal extracellular space due to a breakdown of the blood-brain barrier, 

which may result from trauma, tumors, inflammation or other causes. In areas of 

vasogenic edema high MD and low FA values are found, but the microstructure of the 

tissue is not usually altered apart the increase of water in the extracellular space; in 

particular, the WM bundles are often preserved, so the decreased FA derives from a 

partial volume effect with extracellular water rather than from a loss of WM integrity. 

Furthermore, when water molecules are confined in structures with impermeable barriers 

(restricted diffusion), the displacement distribution deviates from Gaussianity and DTI may 

provide a poor characterization of diffusion features. 

Since these problems come from the assumption of the diffusion tensor model, a general 

model-free method could seem the best candidate to overcome DTI limits. Such a method 
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is called q-space imaging (QSI, [Callaghan 1990, Cory 1990, Price 1996]) and is based on 

the Fourier relation between the displacement probability distribution of the diffusing 

molecules (also known as the spin propagator) and the signal attenuation with the 

parameter        ; this relation is valid in the hypothesis of short gradient pulses (SGP). 

With an adequate sampling of the so-called q-space (usually obtained by increments of   

with fixed  ), the complete statistical distribution of diffusive displacements can be 

estimated for a given direction and diffusion time (figure 1.8). 

 

The main drawback of QSI is the need of high-performing gradients and very long 

acquisition times for a good resolution of the displacement distribution. Therefore, QSI is 

not feasible in clinical practice and its application in research studies is usually limited to 

the investigation of structures with a well-known and coherent direction, such as the spinal 

cord and the corpus callosum. 

Other advanced dMRI methods find wider application, but are necessarily based on a-

priori hypotheses or on mathematical models (obviously more complex than the diffusion 

tensor). These assumptions allow more reliable and specific results, but limit the 

application of each technique only to a set of conditions or to some aspects of diffusion. 

In particular, two classes of advanced methods can be identified, basing on their aim: the 

first class focuses on the estimation of the orientation of structures, while the second one 

Figure 1.8. Procedure for QSI: the Fourier Transform of the signal decay with q is the 

probability distribution of displacements. The probability of null displacement and the 

full-width at half maximum ∆𝑥 /  (indicated by arrows) are usually evaluated. 

Reproduced from [Assaf 2000] 
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focuses on the microstructural characterization of tissues. A selection of dMRI methods 

belonging to these two classes will be described in the next two paragraphs. 

1.4. Advanced methods focused on the estimation of fiber directions 

This class of dMRI methods was developed to estimate the distribution of the directions of 

fibers in a voxel (the so-called Orientation Distribution Function, ODF) in a more reliable 

way than allowed by DTI. Since the main aim of these techniques is to identify the 

direction of the structures in each voxel, some assumptions and simplifications on the 

other features of the diffusion process are made. 

They usually require the acquisition of diffusion-weighted images along a large number of 

directions with a single b-value (the so-called High Angular Resolution Diffusion Imaging, 

HARDI), except for Diffusion Spectrum Imaging, as will be explained below. 

The main application of these methods is the reconstruction of the trajectory of WM 

bundles (tractography, paragraph 1.6) and the analysis of structural connectivity between 

brain areas, with more details, mainly attaining to fiber-crossing. 

1.4.1. Multi-tensor 

The simplest extension of DTI is the assumption that the signal comes from multiple fiber 

bundles, each characterized by a Diffusion Tensor [Tuch 2002]:  

  ∑     (       )

 

   

 

where    is the i-th diffusion tensor and    the fraction of the signal it explains. 

In other words, this method assumes that the distribution of displacements in each fiber 

bundle is 3D-Gaussian and can be described by linearly combined Diffusion Tensors. 

(1.9) 
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Often, constraints on the axially symmetric shape of the tensor and/or on its anisotropy are 

applied in order to reduce the complexity of the model and improve the stability of the 

method [Tuch 2002, Behrens 2007, Hosey 2008]. Sometimes, an additional isotropic 

compartment is introduced to account for partial volume from CSF or GM [Behrens 2007, 

Hosey 2005, Hosey 2008]. 

An issue of the Multi-tensor model is the choice of the number of tensors used to 

characterize the signal in each voxel. It can be fixed a priori, usually to a number between 

2 and 4, based on the knowledge of the average number of bundles crossing in a typical 

voxel and on the desired orientation detail. Alternatively, the signal in each voxel can be 

analyzed with multiple models having different numbers of tensors, and the optimal 

number can be found by comparing their fitting performance [Behrens 2007]. 

1.4.2. DSI and QBI 

Diffusion Spectrum Imaging (DSI, [Wedeen 1999]) is a technique for the identification of 

fiber directions based on 3D QSI. It requires acquiring data on a 3D Cartesian grid in q-

space and next performing a 3D Fourier transform to obtain a 3D spin propagator.  The 

ODF is derived as the radial projection of the spin propagator and the fiber directions are 

identified as the relative maxima of the ODF. 

The main limitation of DSI is the large amount of data required, which corresponds to very 

long acquisition times. Some variations and extension of DSI have been proposed to 

reduce the amount of data needed for the estimation of the ODF, but the application of DSI 

in clinical research is still limited. 

A similar approach, with the advantage of greater feasibility in a clinical setting, is Q-Ball 

Imaging (QBI, [Tuch 2004]). It is based on the principle that an approximation of the ODF 

can be provided by the Funk transform of the dMRI signal, which is the integral over a 

large circle in q-space. Thus, the QBI technique can be applied to data acquired with a 



33 
 

HARDI scheme, with a significant reduction of the acquisition time with respect to the 

complete 3D sampling of the q-space required by DSI. However, the approximation 

inherent in QBI is theoretically valid only with very large q-values; using high q-values 

reduces the SNR or requires long acquisition times, so data for QBI are usually acquired 

with intermediate q-values, even though this introduces blurring into the estimated ODF. 

1.4.3. Spherical Deconvolution 

This approach is based on the assumption that the dMRI signal in each voxel is the 

convolution of the fiber ODF on a sphere and a kernel representing the “single fiber 

response”, i.e. the signal one would have if perfectly aligned fibers were present. The ODF 

can thus be estimated as the spherical deconvolution (SD) of the signal with this kernel 

[Tournier 2004]. 

 

 

The single fiber response can be assumed a priori to have a specific shape or can be 

estimated directly from the acquired data in highly anisotropic areas, where a single fiber 

population is expected. Obviously many features of WM influencing diffusion (packing 

Figure 1.9. Example of FODs estimated by Spherical Deconvolution in a region with 

fiber crossing. Reproduced from [Dell’Acqua 2005] 
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density, axon diameter, etc.) may vary from a region to another, so the single fiber 

response is only an approximation of the true fiber response. However, SD methods have 

shown high angular resolution and precision in the estimation of the ODF, with relatively 

short acquisition (HARDI schemes are usually applied) and computational times. The 

original formulation of SD is somewhat sensitive to noise, causing spurious directions and 

negative orientations; this issue has been addressed by regularization [Tournier 2007] or 

use of a more robust algorithm based on a modified version of the Richardson-Lucy 

algorithm [Dell’Acqua 2007, Dell’Acqua 2010]. 

1.5. Advanced methods focused on microstructure 

This class of dMRI methods was developed for a better estimation of microstructural 

features of the biological tissues than allowed by DTI. Contrary to the techniques 

introduced in the previous paragraph, here the main focus is not on the identification of 

fiber directions, but on a more precise characterization of the statistical distribution of the 

displacements of water molecules in the different compartments of the tissue, and hence 

on the presence and spatial organization of biological structures. 

Even though the main area of application of these methods is cerebral WM, they have 

found application also in the study of GM and other brain and body structures. 

The general idea behind these methods is to go beyond the Gaussian model for diffusion. 

A model-free approach is Diffusion Kurtosis Imaging (DKI), which considers the higher 

order terms of the dMRI signal. However, to get parameters more specific to the 

microstructure of the tissue, the signal is usually analyzed with mathematical models, more 

complex than the diffusion tensor; most of them are multi-compartment models, 

expressing the signal as the sum of different terms describing different compartments of 

the tissue, often including models for restricted diffusion. 
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Many models have been proposed in the last years; a selection of the most historically 

important and relevant to the aim of this thesis will be here presented. 

1.5.1. DKI 

Diffusion Kurtosis Imaging (DKI, [Jensen 2005]) considers the cumulant expansion of the 

dMRI signal:  

  ( )         
 

 
           (  ) 

Neglecting the higher order terms  (  ), the signal is characterized by two parameters: 

the     and the Apparent Diffusion Kurtosis (   ), also named “excess kurtosis” or just 

“kurtosis”; they can be estimated from data acquired with at least two non-zero b-values 

(generally obtained by increasing the gradient intensity with δ and   kept constant). 

Figure 1.10 shows an ADC and an ADK map obtained in the first DKI study on a human 

brain [Jensen 2005]. 

 

The ADK is an index of the deviation from Gaussianity of the probability distribution of the 

displacement of water molecules. In general, a probability distribution has a positive 

kurtosis if it has more weight on its center and tails (it’s “sharper”) than a Gaussian 

distribution with the same variance, while it has a negative kurtosis if it has less weight on 

Figure 1.10. Examples of ADC (left) and ADK (right) maps in a human brain. 

Reproduced from [Jensen 2005] 

(1.10) 
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its center and tails than a Gaussian distribution with the same variance. The logarithm of 

the dMRI signal decay E(b) corresponding to a displacement distribution with positive 

kurtosis is concave, while a negative kurtosis is associated with a convex shape of 

  ( ( )). Conversely, a Gaussian distribution has null kurtosis and a linear decay of 

  ( ( )) . However, only positive or virtually null ADK values are generally found in 

biological tissues. 

Since kurtosis is a measure of the deviation from Gaussianity and the most common 

reason for non-Gaussianity is restriction, the ADK has been interpreted as an index of 

restriction, or even of more specific features such as myelination or fiber density (for 

example [Cheung 2009]). Nevertheless, DKI does not imply any biophysical model, and 

thus it does not directly support any inference about the origin of the deviation from the 

Gaussian behavior. 

In anisotropic systems, a “Kurtosis Tensor” can be introduced [Jensen 2010], with 81 

components, of which only 15 are independent because of symmetry. In analogy to the 

parameters extracted from the diffusion tensor, the mean kurtosis, axial kurtosis, 

transversal kurtosis and kurtosis anisotropy have been defined [Hui 2008, Jensen 2010, 

Poot 2010]. The diffusion tensor and the kurtosis tensor together have 21 free parameters; 

their estimation requires the acquisition of dMRI images in multiple independent directions 

with multiple shells of diffusion weighting (multiple b-values). 

1.5.2. Biexponential model 

The biexponential model [Niendorf 1996] is the simplest multi-compartment extension of 

the Gaussian model. According to this model, the relationship between the dMRI signal 

and the b-value can be expressed as the sum of two exponential terms:  

     
         

      (1.11) 
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where   and         are the fractions of the signal associated with the two 

compartments, and    and     are the apparent diffusivities within them.  

The amount of deviation from the monoexponential decay depends on the nature of the 

tissue and on the acquisition parameters (figure 1.11). Among brain tissues, the CSF 

shows almost perfectly Gaussian free diffusion, while the biexponential behavior is much 

more important in GM and even more so in WM [Clark 2000]. 

Considering the dependence on the acquisition parameters, the non-Gaussian nature of 

diffusion is more evident with large b-values (higher than 1500-2000 s/mm2) [Clark 2000]. 

So the data to be analyzed with the biexponential model are usually acquired with 

protocols including high b-values, which entail a trade-off between the sampling accuracy 

of the diffusion decay and the acquisition time needed to have a sufficient SNR. 

 

The components with low and high diffusivity have been associated with the intracellular 

and extracellular tissue compartment, respectively. However, this strict association has 

been questioned, since the estimated f1 and f2 do not correspond to the intracellular and 

extracellular fractions expected from histology [Niendorf 1996, Mulkern 1999]. 

Obviously, if 3 or more compartments are expected in the considered tissue, the 

biexponential model can be straightforwardly extended to a multiexponential by adding 

Figure 1.11. Biexponential decay of dMRI signal in GM and WM. Reproduced from 

[Clark 2000] 
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further terms to equation (1.11) and two parameters per additional component (its volume 

fraction and the associated diffusivity). 

So far the orientational dependence of the dMRI signal has been neglected, as it has been 

usually done in many studies, especially the first ones considering the biexponential model. 

If anisotropy is taken into account, the biexponential (or multiexponential) model becomes 

a Multi-Tensor, already described in paragraph1.4.1. Depending on the application, the 

focus is set on the direction of the tensors (as discussed above) or on the diffusion 

parameters extracted for each component (as discussed here). To reduce the complexity 

of the Multi-Tensor model and increase the fitting robustness, different constraints on the 

parameters can be accordingly set. 

1.5.3. Models of restricted diffusion in standard geometries 

As already mentioned in paragraph 1.3, q-space theory provides a tool for deriving the 

spin propagator from the dMRI signal in any condition, but its practical implementation is 

limited by many issues. Moreover, QSI has the advantages of model-free methods (for 

instance it can be applied in any sample), but the interpretation of its results may be not 

straightforward: often the estimated propagator conveys little intelligible information about 

microstructure and requires further assumptions to infer some conclusions, for example in 

clinical studies. 

To exploit the q-space framework in the perspective of microstructure, a different approach 

is needed: to formulate a hypothesis about the geometry of the studied microenvironment 

and the characteristics of water diffusion in it, to develop a mathematical model of the 

corresponding dMRI signal with some free parameters, and to fit it to the data to estimate 

the parameters. 

In particular, this approach is useful when diffusion is restricted, because in that case the 

spin propagator is strongly associated with the size and shape of the restricting 



39 
 

compartments. Mathematical models for restricted diffusion in standard geometries such 

as parallel planes, spheres and cylinders have been developed (for example, [Callaghan 

1995, Codd 1999]). Since their general analytical form is often intractable, their formulation 

is usually based on either of two common approximations: the Short Gradient Pulse (SGP) 

or the Gaussian Phase Distribution (GPD) approximation [Price 1996]. 

The former is based on the hypothesis that the diffusion gradient pulses have null duration 

(     , which implies       for a finite diffusion weighting) and is usually considered 

valid when the gradient pulses are much shorter than the interval between them (      ). 

This condition allows assuming stationary spins during the pulses, but it is often very 

difficult to implement in typical experiments, especially on clinical MRI scanners. For this 

reason, in clinical research studies the GPD approximation is often applied: it is based on 

the hypothesis that the distribution of the phases of spins is Gaussian; this is true only in 

the case of free diffusion, but GPD accounts for the finite duration of gradient pulses, so it 

is usually a better approximation than SPG for data acquired on most MRI scanners. 

The models for diffusion in the standard geometries mentioned above provide the basis for 

most multi-compartment models including compartments with restricted diffusion. A 

selection of them will be presented in the following paragraphs. 

1.5.4. Ball and stick 

The “ball and stick” [Behrens 2003] is a simple model for WM fibers with partial volume 

from CSF and/or GM. 

It assumes that water molecules in WM are confined into “sticks”, i.e. cylinders with null 

radii; this means that water can move only in the same direction of the fibers and is 

completely restricted in any perpendicular direction. All the remaining tissue in the voxel is 

described as a compartment with isotropic Gaussian diffusion. 

The analytical form of the ball and stick model is:  
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  (   )   (    )       (            ) 

where   is the diffusivity along the fibers and in the isotropic compartment,   is the b-value 

and   the gradient direction for the considered acquisition volume, f is the fraction of the 

signal relative to the fibers compartment, and      is the mathematical representation of 

diffusion in a stick with an arbitrary orientation. Specifically,   is the representation of a 

stick orientated along the x axis, which is a tensor with non-null diffusivity only along the x 

direction:  

  [
   
   
   

] 

and   is the rotation matrix that rotates the x axis to the fiber direction (   ). 

This form of the “ball and stick” model assumes that each voxel has a single fiber direction. 

However, it can be easily extended to a condition with two or more fiber directions by 

adding terms similar to the second one in equation (1.12), or even to a condition with an 

intra-voxel distribution of orientations H(θ,φ), as proposed already in [Behrens 2003]:  

  (   )   (    )   ∫ ∫  (   )

 

 

  

 

   (            )   ( )     

Obviously the estimation of a full orientation distribution  (   ) requires a higher angular 

resolution, and thus a quite complex acquisition protocol. On the contrary, for the simple 

model in equation (1.12) a standard acquisition protocol is sufficient, similar to those 

commonly applied for DTI, with a relatively low b-value (about 1000 s/mm2) and a not very 

large number of diffusion directions (of the order of few tens of independent directions). 

1.5.5. CHARMED 

The Composite Hindered And Restricted ModEl of Diffusion (CHARMED, [Assaf 2004]) is 

another two-compartment model for the study of brain WM. It ascribes the dMRI signal 

attenuation to two different processes in the intra-axonal (water inside the WM fibers) and 

(1.14) 

(1.13) 

(1.12) 
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in the extra-axonal space (water between and outside the fibers). In the intra-axonal space 

diffusion is supposed to be restricted, while in the extra-axonal space diffusion is described 

as hindered (figure 1.12). 

The exchange rate between the two compartments is supposed to be slow compared to 

the experimental times, then the signal is modeled as the sum of two independent 

components:  

            

where    and    are the T2-weighted volume fractions of the extra-axonal (hindered) and 

intra-axonal (restricted) compartment, while    and    are the normalized signals 

describing diffusion within them. 

 

 

The extra-axonal signal Eh is characterized by a diffusion tensor D:  

      [    (  
 

 
)    ] 

where   is a vector having the q-value as a norm (       ) and the same direction of the 

diffusion gradients. Since anisotropy in the extra-axonal compartment probably derives 

from the tortuosity induced by the axons, neurofilaments and other structures with the 

Figure 1.12. Pictorial representation of the CHARMED model, with restricted diffusion 

in cylinders and hindered restriction outside. Reproduced from [Assaf 2004] 

(1.16) 

(1.15) 
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same orientation of the axons,   is expected to have the same principal direction of the 

intra-axonal compartment. It may be useful to rewrite equation (1.16) separating the terms 

in the direction parallel and perpendicular to the axon:  

      [    (  
 

 
)  

   ]    [    (  
 

 
)   

   ] 

where    and   are the q-values along the parallel and perpendicular direction, 

respectively. 

The intra-axonal signal Er is the signal decay for restricted diffusion in impermeable 

cylinders. It can be demonstrated that the contributions from molecules diffusing along the 

axons and in the perpendicular direction are independent, and Er can be written as their 

product:  

            

For displacements in the axons along the axial direction, diffusion is supposed to be one-

dimensional and free:  

        [    (  
 

 
)   

   ] 

where    is the diffusivity in the parallel direction. 

The best approximation for diffusion in restricting cylinders was formulated by Codd and 

Callaghan [Codd 1999], but it is valid only under the SGP hypothesis. CHARMED is based 

on the formula by Neuman et al. [Neuman 1974], which is more mathematically tractable 

and more appropriate with standard diffusion gradient pulses: 

        *
        

 

    
 

 

  
(  

  

   
 

   

    
)+ 

where   is the radius of the cylinder,   is the diffusivity in the perpendicular direction and 

   is the echo time. In this implementation [Assaf 2004],   was supposed to follow a 

statistical distribution, fixed a priori to values derived from histological data.  

(1.17) 

(1.18) 

(1.19) 

(1.20) 
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It is straightforward to extend equation (1.15) to multiple hindered and/or restricted 

compartments:  

  ∑      

 

   

 ∑      

 

   

 

In particular, a version of CHARMED with one hindered and 2 or 3 restricted 

compartments is often applied [Assaf 2005, De Santis 2014], which permits to solve fiber 

crossing. 

The acquisition scheme needed for CHARMED is a multi-shell protocol with multiple 

directions per shell, usually with increasing angular resolutions for higher b-values. For 

example, the acquisition protocol applied for the first application on human data [Assaf 

2005] included 10 b-values ranging from 714 to 10000 s/mm2 and 169 gradient directions 

in total, ranging from 6 to 30 in the different shells. The acquisition time was about 17 

minutes, which is compatible with studies on patients, and the protocol was feasible on a 

3T MRI scanner. 

1.5.6. CHARMED extensions and simplifications 

AxCaliber [Assaf 2008] is an extension of CHARMED allowing the estimation of axonal 

diameters from the dMRI signal. The main differences between AxCaliber and CHARMED 

are the following: 

 AxCaliber is a 1D and not a 3D model: it assumes that the images are acquired with 

diffusion encoding in a direction perpendicular to the axons 

 The expression for      is based on the formula by Codd and Callaghan [Codd 1999]. 

AxCaliber was not intended for clinical research, at least initially, but for studies on ex 

vivo specimens and small animals with high-field MRI scanners; in these conditions the 

SGP approximation is realistic. 

(1.21) 
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 The distribution of axonal diameters included in     is not fixed a priori, but 

characterized by a gamma statistical distribution with two unknown parameters to be 

fitted. 

 The acquisition protocol includes the repetition of a “CHARMED-like” multi-shell 

protocol with different values of   (ranging from about 10 ms to about 100-150 ms) to 

evaluate the signal with multiple diffusion times. 

A further extension of AxCaliber, with an additional compartment with isotropic diffusion, 

was applied for the in vivo estimation of the axon diameter distribution in the corpus 

callosum of rat, validated by histology [Barazany 2009]. 

The possibility of estimating axon diameters in vivo gained the attention of MRI 

researchers, because the axon diameter is an important property of WM, one of the main 

factors determining the conduction velocity of nerves. AxCaliber showed promising results, 

but its clinical application is limited by many factors, such as the long acquisition time, the 

need to fulfill the SGP condition and the confinement to the cases in which the direction of 

fibers is known a priori (corpus callosum, spinal cord, excised nerves). 

To allow the estimation of axon diameters in a more clinically-feasible setting, a 

simplification of CHARMED and AxCaliber models was proposed, named ActiveAx 

[Alexander 2008, Alexander 2010, Dyrby 2013]. The key differences between this 

simplified model and AxCaliber are the following: 

 It assumes a single axon radius rather than a distribution 

 The tensor characterizing the extracellular compartment has cylindrical symmetry: 

  (     )        

where     and   are the axial and radial diffusivities,   is the first eigenvector of the 

tensor and I is the identity matrix 

 The first eigenvector   of the tensor is constrained to be the direction of the cylinders in 

the intra-axonal compartment 

(1.22) 
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 The intrinsic diffusivities of the intra- and extra-axonal compartments are constrained to 

be the same and equal to   . 

 The expression for     is based on the formula by Van Gelderen et al. [Van Gelderen 

1994]:  

        [      
 ∑

     
         (     

  )      (     
  )     (     

 (   ))     (     
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 (    
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where   is the gradient intensity in the direction perpendicular to the fiber,   is the 

mth root of    (  )   ,   is the radius of the cylinder and     is the derivative of the 

Bessel function of the first kind, order 1. 

The free parameters of this simplified model are:   (the volume fraction of the intra-axonal 

compartment),  ,  ,    and   . 

Finally, this model was extended to a four-compartment model named Minimal Model of 

White Matter Diffusion (MMWMD, [Alexander 2010]):  

                      

   is the normalized signal coming from intra-axonal water (restriction in cylinders with 

equal diameter, as in the previous model). 

   is the normalized signal coming from extra-axonal water, adjacent to, but outside, the 

cylinders; it is modeled by a cylindrically-symmetric diffusion tensor as in the previous 

model, but with the addition of a constraint relating    and   values according to a simple 

tortuosity model [Szafer 1995]: 

     

  
     

 

   is the normalized signal coming from CSF, where diffusion is not affected by the fibers; 

it is modeled as isotropic Gaussian diffusion. 

   is the normalized signal coming from stationary water, trapped in glial cells and other 

small compartments or bound to membranes and other subcellular structures; it is not 

attenuated by diffusion, so     . 

(1.23) 

(1.24) 
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1.5.7. NODDI 

The Neurite Orientation Dispersion and Density Imaging (NODDI, [Zhang 2012]) is a 

recent technique based on the MMWMD. Differently from the models described above, 

which considers a single fiber orientation per compartment, it account for the orientation 

dispersion of neurites (axons and dendrites). With respect to the MMWMD, some 

simplifications are assumed to keep it clinically feasible; in particular, the cylinders are 

substituted by sticks as in [Behrens 2003] and the compartment with isotropic restriction 

from stationary water is neglected.  

The NODDI mathematical model is: 

  (      )[       (     )   ]           

where    ,     and      are the normalized signal expressions for the intra-cellular, extra-

cellular and CSF compartment, respectively;      and     are the volume fractions of the 

intra-cellular and CSF compartment, respectively. 

The intra-cellular compartment refers to the space bounded by the membrane of neurites 

and is modeled as a set of sticks, with free diffusion along them and highly restricted 

diffusion in the perpendicular direction. The expression for     was derived by simplifying 

the orientation-dispersed cylinder model in [Zhang 2011] for the case of sticks:  

    ∫  ( )
  

   [    (   ) ]   

where   and   are the gradient direction and b-value,  ( )   is the probability of finding 

sticks along orientation   and    [    (   ) ] is the signal attenuation due to diffusion 

along a stick with orientation   and intrinsic diffusivity   . The orientation distribution 

       is defined as a Watson distribution: 

 ( )   (
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where   is a confluent hypergeometric function,   is the mean orientation, and   is the 

concentration parameter that measures the extent of orientation dispersion about  . 

κ is constrained to be positive to avoid ring-shaped distributions, so it ranges from 0 for 

completely dispersed orientations to   for perfectly aligned fibers. To characterize the 

orientation dispersion in a more intuitive way, the Orientation Density Index (ODI) was 

defined:  

    
 

 
      (

 

 
) 

which ranges from 0 for perfect alignment to 1 for maximum dispersion. 

 

The extra-cellular compartment refers to the space around the neurites, which is occupied 

by various types of cells; diffusion in this space is modeled as hindered but not restricted 

by the presence of neurites, so it is characterized by a diffusion tensor. The expression for 

    is:  

       (        ) 

where     is the apparent diffusion tensor for the extra-cellular compartment and depends 

on the axonal orientation distribution:  

Figure 1.13. Illustration of a set of Watson distribution with the same mean direction 

but different ODI (0.04, 0.16, 0.5, 0.84, 1.0). Reproduced from [Zhang 2012] 

(1.29) 

(1.30) 
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    ∫  ( )
  

 ( )   

where  ( ) is a cylindrically symmetric diffusion tensor having   as the first eigenvector, 

axial diffusivity    (equal to the intrinsic diffusivity along the sticks in the intra-cellular 

compartment) and radial diffusivity       (     ). The apparent extra-cellular diffusion 

tensor     has axial and radial diffusivity equal to     and     respectively:  

  
    (     (   )) 

  
    (     

   

 
) 

where   captures the effect of orientation dispersion on the apparent diffusivities:  

  
∫      (   )  
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 for     to 1 for    . 

In the case of perfectly aligned fibers (        ,         ),   
     and   

  

  (     )    , so     coincides with  ( ). 

In the case of maximum dispersion (       ,     ,    
 

 
),   

    
    (  

 

 
   ), so 

    is isotropic.  

The CSF compartment is modeled as isotropic Gaussian diffusion with diffusivity     :  

        (       ) 

The complete set of NODDI parameters includes:    ,   ,  ,  ,      and     , but the 

diffusivities are fixed to    = 1.7 · 10-3 mm2/s and     = 3 · 10-3 mm2/s, which are typical 

values for in vivo experiments. Thus only the 4 remaining parameters need to be 

estimated from the data. Maps of the parameters obtained for a healthy subject in [Zhang 

2012] are shown in figure 1.14 

(1.32) 

(1.33) 
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The acquisition protocol optimized in [Zhang 2012] on a 3T MRI scanners with an 

acquisition time limit of 30 minutes included two shells with b = 711 s/mm2 and b = 2855 

s/mm2, 30 and 60 gradient directions, respectively. 

The main advantage of NODDI over the other multi-compartment models is that it provides 

interesting and specific information about tissue microstructure with a clinically feasible 

framework. The volume fractions     and      can be considered as indices of neurite 

density and of the partial volume from CSF, respectively, while the     (derived from  ) 

quantifies neurite orientation dispersion, thus differentiating tissues with highly coherent 

fibers, such as the main WM bundles, from tissues where the neurites are more dispersed, 

such as GM. 

Neurite morphology varies with brain development, aging and neurodegenerative disease, 

so NODDI could have many important applications in clinical studies. Indeed, two recent 

works applying NODDI to human data have been published. 

In [Winston 2013] NODDI was used to investigate the variations of microstructural 

parameters in patients with focal cortical dysplasia. In all the patients the areas of 

dysplasia identified by morphological MRI and DTI showed reduced    ; in an additional 

patient an area with reduced     and increased ODI was found, not identified on the other 

MRI and DTI images. 

Figure 1.14. Representative maps of the main NODDI parameters (and of FA for 

comparison) obtained in the brain of a healthy subject. Reproduced from [Zhang 

2012] 
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In [Kunz 2014], NODDI and CHARMED were used to evaluate microstructural features of 

brain WM in newborns. In particular, structures with late maturation characterized by thin 

non-myelinated fibers are associated to lower     values, while regions with fiber crossing 

and fanning have high ODI values. 

1.6. Tractography 

Fiber tractography [Mori 1999, Jones 1999, Basser 2000] is a procedure aiming at virtually 

reconstructing the trajectories of WM fiber bundles by connecting local fiber orientations. It 

is one of the main applications of dMRI models. 

The local fiber orientation is usually the first eigenvector of the diffusion tensor (Diffusion 

Tensor Tractography, DTT), but it can be derived by any dMRI technique. In particular, 

most of the methods described in paragraph 1.4 were specifically developed for 

tractography, but also the models developed for microstructural tissue characterization 

(paragraph 1.5) can be applied. In the following overview, not intended to be complete, 

some DTT algorithms will be presented, because they have been the first to be developed 

and are still the most popular; however, the same concepts can be generally extended to 

use fiber directions estimated by other dMRI methods. 

Deterministic streamline tractography is the simplest and most common approach for 

tractography. The basic idea is to create streamlines through the vector field composed by 

the tensor principal directions, which are lines having local tangents parallel to the local 

vectors of the field. Mathematically, this is expressed by the following condition:  

  ( )

  
   ( ( )) 

where  ( ) are the 3D coordinates at position s along the streamline and    is the vector 

field of the first eigenvector of the diffusion tensor. 

(1.36) 
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One method to solve this integration problem is the Fiber Assignment by Continuous 

Tracking (FACT, [Mori 1999]). It consists in starting to track from the center of a voxel and 

following the direction of the local tensor until the streamline reaches a border of the voxel, 

where the direction is changed to that of the tensor in the adjacent voxel (figure 1.15). 

 

Another approach is to follow the direction of the tensor only for a short fixed distance Δ 

(called step size) and then change it; this requires interpolating the vector field at arbitrary 

positions in space, which is usually done by trilinear interpolation. There are many 

algorithms for this approach; the most intuitive is Euler integration, which reconstructs the 

streamlines by iteratively performing this procedure:  

           (  )  

Euler integration assumes that  (  ) is constant throughout the step size Δ, so it can 

underestimate the curvature of fibers for large step sizes. A higher order integration 

algorithm, accounting for the variations of  ( ) between    and      is the second-order 

Runge-Kutta method, which consists in iterating this procedure:  

           (     (  )
 

 
)  

A deterministic approach different from streamline tractography is tensorline tractography 

or tensor deflection [Lazar 2003], using the full diffusion tensor to determine the 

propagation direction:  

Figure 1.15. Schematic representation of the principle of the FACT tractography 

method. Reproduced from [Mori 1999] 

(1.37) 

(1.38) 
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            (  )  (       ) 

Tensorline tractography deflects the propagation direction towards the first eigenvector, 

but limits the amount of deflection when the tensor is less linear, suggesting higher intra-

voxel heterogeneity. As a result, the track reconstruction is smoother. 

Whichever deterministic tractography algorithm is used, the tracking process needs to be 

stopped at a certain point. For DTT, at least two termination criteria are commonly set: an 

anisotropy threshold and a curvature threshold. The rationale behind the anisotropy 

threshold is that in regions with low anisotropy (for example CSF and GM) the estimation 

of the principal diffusion direction is highly uncertain, so the probability of following a wrong 

direction is high. For this purpose, the tracking process is usually limited to the voxels with 

FA > 0.2. The rationale for the curvature threshold is that WM bundles are not expected to 

have a radius of curvature on the scale of image resolution, and then very sharp bends are 

likely caused by artifacts. For this purpose, a curvature or an angle threshold between 

consecutive steps is applied; even though the latter depends on the step size, it is the 

most common choice, with values between about 10° and 60°. 

Deterministic tractography assumes the fiber direction coincides with the first eigenvector 

of the local diffusion tensor, but the estimation of the diffusion tensor is affected by 

uncertainty. To take this uncertainty into account, several probabilistic tractography 

algorithms [Lazar 2004, Jones 2005, Behrens 2007] have been developed. There are 

many different methodologies, but the general idea behind most probabilistic tractography 

methods is to consider multiple directions per voxel in the tracking process and to estimate 

the confidence of each reconstructed streamline. Thus, probabilistic methods can track 

fibers also through regions with high uncertainty in the determination of the principal 

direction, and quantify this uncertainty. 

Finally, another different approach is global tractography [Jbabdi 2007]. Instead of 

propagating the locally estimated directions, the global tractography algorithms look for the 

(1.39) 
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fiber configuration that best explains the dMRI data. They have great potential advantages 

on local algorithms, especially in terms of robustness, but their application is limited by 

their extreme computational cost. 

Diffusion tractography has many applications in the study of normal and pathological WM. 

In particular, several tractography studies investigated WM connections during normal 

brain development [Watts 2003] or aging [Michielse 2010] and in pathologies as multiple 

sclerosis [Mesaros 2012], amyotrophic lateral sclerosis [Bastin 2013] or schizophrenia 

[Kubicki 2011]. Moreover, many works combined diffusion tractography with functional MRI 

to study structural and functional connections involved in the visual system [Toosy 2004], 

in the motor system [Guye 2003, Magro 2014] or in language [Henry 2004, Catani 2005, 

Bizzi 2012, Catani 2013]; an example of tractography of the language pathways is shown 

in figure 1.16. Finally, tractography plays an important role in treatment planning for 

radiation therapy [Maruyama 2005] and neurosurgery, as will be described in detail in 

chapter 4. This was only a limited survey of tractography applications, which are growing 

and expanding in many areas. 

 

Figure 1.16. Tractography reconstruction of the direct and indirect language pathways 

(arcuate fasciculus) in a healthy subject, superimposed on a sagittal FA map; the 

different colors correspond to different segments of the arcuate fasciculus. 

Reproduced from [Catani 2005] 
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2. MODEL-BASED ANALYSIS OF dMRI 
SIGNAL IN CJD PATIENTS 

 

 

Essentially, all models are wrong, but some are useful 

George E. P. Box 

 

 

This chapter addresses the application of isotropic multi-compartment models to the 

analysis of damaged GM tissue in Creutzfeld-Jacob Disease. The study was developed 

thanks to a cooperation among the University College of London, the IRCCS Foundation 

Neurological Institute “C. Besta” and the Politecnico di Milano. It resulted in the scientific 

paper by Figini et al. [Figini 2014]. 

2.1. Introduction: Creutzfeldt-Jakob Disease and dMRI 

Prion diseases are transmissible, rapidly progressive and fatal neurological diseases. 

Despite their rarity and the lack of an effective treatment, prion diseases draw exceptional 

scientific interest, mainly because of their peculiar transmission mechanism, involving the 

presence of a misfolded isoform (PrPSc) of the cellular prion protein (PrPC) and unique 

histological lesions. Sporadic Creutzfeldt-Jakob disease (sCJD), the most common human 

prion disease type, has a wide spectrum of clinical and histopathological phenotypic 

heterogeneity that has made its clinical recognition difficult. Four main neuropathological 

features of sCJD have been described: astrocytosis, associated with neuronal loss, 

intracellular spongiform degeneration, and PrPSc accumulation in extracellular space [Puoti 

http://www.brainyquote.com/quotes/authors/m/marcus_aurelius.html
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2012]. A great variability on lesion distribution, spongiform degeneration and PrPSc 

accumulation is influenced by the genotype at codon 129 and the PrPSc type [Gambetti 

2003]. In particular, fine spongiosis with small vacuoles is characteristic of the most 

common phenotypes (MM1, MV1 and VV2), whereas coarse spongiosis with large 

vacuoles is found in the MM2C and MV2C subtypes [Parchi 2012]. For example, the 

vacuole average diameter in sCJD MM1 is 5.8 ± 1µm, while in sCJD MM2, a sCJD 

subtype which can be difficult to distinguish clinically from sCJD MM1, the average 

vacuole diameter is larger than 15 µm. The subtypes have quite different prognosis, so a 

non-invasive technique for the estimation of vacuole size would have a great importance. 

However, currently, definite diagnosis of sCJD and its subtypes can be made only by brain 

tissue examination. Clinical criteria for the diagnosis of probable sCJD require the 

presence of at least two clinical signs out of (i) dementia, (ii) cerebellar or visual, (iii) 

pyramidal or extrapyramidal, (iv) akinetic mutism, and at least one of three tests ‒ 14-3-3 

protein in CSF, periodic sharp-wave complexes in the EEG, or abnormally high signal on 

MRI ‒ must be positive [Zerr 2009]. In particular, asymmetric hyperintensities on dMRI and 

T2-weighted Fluid Attenuated Inversion Recovery (FLAIR) in at least three non-contiguous 

gyri or in the striatum or both is highly suggestive for the diagnosis of sCJD. Currently, 

dMRI is the best among standard MRI sequences [Young 2005, Kallenberg 2006, 

Galanaud 2010, Vitali 2011] with a diagnostic accuracy above 90% [Shiga 2004, Young 

2005, Satoh 2007, Galanaud 2010, Vitali 2011]. A typical case of sCJD with signal 

hyperintensity in the cortical ribbon on dMRI and FLAIR is illustrated on Figure 2.1. 

However, even though dMRI hyperintensity is currently used as a marker of prion disease 

[Puoti 2012], the tissue alteration underlying this imaging signal remains unknown. It has 

been reported that dMRI sensitivity may vary among prion diseases and sCJD subtypes 

[Krasnianski 2006], which opens the possibility to use it for early diagnosis of sCJD 

subtypes. Therefore, the identification of the histopathologic substrate associated with the 
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dMRI signal abnormality is important, because it can guide the precise choice of MRI 

protocol to maximise diagnostic power. 

 

A few authors have looked for a correlation between neuropathological changes and dMRI 

hyperintensity or reduction in ADC. According to some groups [Geschwind 2009, Manners 

2009], dMRI hyperintensities may be correlated with spongiosis and PrPSc deposition 

rather than with gliosis and neuronal loss; Lodi et al. [Lodi 2009] found that patients with 

fatal insomnia, a prionopathy associated with little or no spongiform changes [Parchi 1999], 

did not exhibit hyperintensities on dMRI thus pointing to spongiosis as the principal 

determinant of dMRI signal hyperintensity. On the other hand, Russmann et al. [Russmann  

2005] found no significant correlation between ADC and the degree of spongiosis, gliosis 

or neuronal loss. 

Previous MRI studies of prion disease have focused (qualitatively or semi-quantitatively) 

on the apparent hyperintensity on T2-weighted FLAIR and dMRI, or quantitatively only on 

Figure 2.1. MRI signal alterations in a typical sCJD case. The signal abnormality is 

consistently more prominent in dMRI with b = 1000 (marked as b1000 in figure) than 

with b = 500 (b500), FLAIR and T2-weighted MRI (T2WI) in this decreasing order. 

ADC maps show decreased diffusivity in the affected regions, but the signal alteration 

is less evident than in dMRI. 
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the ADC [Demaerel 2003, Tschampa 2003, Lin 2006, Galanaud 2008, Hyare 2010a, 

Hyare 2010b]. Only a recent study [Caverzasi 2014] performed a slightly more 

sophisticated analysis, by evaluating the FA (which did not show significant differences 

between patients and controls) and characterizing the evolution of MD with the pathology 

progression, which revealed a non-linear trend. 

In this study specific models for dMRI signal in sCJD were developed, based on two 

different hypotheses for the origin of dMRI hyperintensity, and the raw signal and the 

parameters estimated by the models in patients and healthy controls were analyzed. In 

both the models characterization of T2 relaxation was included, too, because CJD patients 

show hyperintensities not only on dMRI but also on T2-weighted images, so the 

pathological substrate of CJD likely affects T2 values. 

The acquisition scheme was designed to explore the available range of different diffusion-

weightings (b-values), diffusion times and T2-weightings as widely as possible. The 

scheme pushes the limits of acquisition times possible on human subjects, but provides a 

uniquely broad sampling of the possible space of measurements with which to evaluate 

the candidate models 

The work has three main aims: 

 to compare the raw dMRI signal in CJD lesions with different acquisition parameters 

(TE and b-value) in order to investigate through these parameters the dependence 

of the hyperintensity from the underlying T2 and diffusion ranges; this may lead to 

the suggestion of an optimal operating point for a clinical sequence aimed at the 

detection of hyperintensity. 

 to evaluate the MR parameters of each model in healthy subjects and patients in 

order to see which are informative about the presence of prion pathology and to 

understand if the proposed models can provide more information than the ADC; this 
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may lead to new clinical indices of prion pathology and for a better characterization 

of specific features of the affected tissue. 

 to compare the models themselves in terms of fitting performance in order to see 

which hypothesis is more likely to explain the signal changes, aiming at a general 

understanding of the pathological mechanism responsible for the signal 

hyperintensity. 

2.2. Materials and methods 

2.2.1. Hypotheses for dMRI hyperintensity and mathematical models 

As already mentioned, to investigate the origin of hyperintensity in CJD patients we 

developed a modeling approach based on two main hypotheses on the microstructural 

tissue alterations that may cause dMRI hyperintensity. Each hypothesis leads to a different 

family of mathematical models for how the dMRI signal varies with TE, b-value and 

diffusion time. Our two hypotheses are: 

a) reduction of hindered diffusivity caused by prion PrPSc deposition, increasing the 

hindrance to water motions in the extracellular space (figure 2.2, top); 

b) restriction of water diffusing within intracellular vacuoles (figure 2.2, bottom). 

The key difference between the two hypotheses is that (b) implies restricted diffusion, 

whereas (a) does not. However, both the hypotheses imply a reduction of water diffusive 

motions compatible with the observed dMRI hyperintensity. The two families of models 

associated with these hypotheses are (a) biexponential models and (b) bi-compartment 

models with restricted diffusion in a spherical compartment and hindered diffusion in the 

other compartment (restricted diffusion model in the following). 
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The general form of the biexponential model is:  

    *   
 

  
            (   ) 

 
  
           + 

where the six free parameters are:   , which is a steady-state magnetization parameter; 

     and     , the T2 relaxation parameters for the two compartments;    and   , the 

apparent diffusivities in the two compartments; and  , the volume fraction of the first 

compartment. 

If PrPSc deposition only is responsible for dMRI hyperintensity as in hypothesis (a), we 

expect to find a reduction of diffusivity in at least one of the two compartments as the most 

Figure 2.2. Illustration of the development of the mathematical models of diffusion in 

CJD patients based on the hypotheses on the neuropathological basis of dMRI 

hyperintensity. From left to right: schematic depiction of diffusion in healthy cortex and 

representative dMRI in a healthy subject; representative dMRI in a CJD patient 

showing cortical and subcortical hyperintensities; sections from neuropathology 

showing the alterations associated with our two hypotheses for dMRI hyperintensity 

(top: PrPSc immunohistochemistry showing PrPSc accumulation in the cortex as dark 

brown coloration; bottom: hematoxylin-eosin staining showing vacuolar degeneration); 

schematic depictions of pathological diffusion in the two hypotheses; corresponding 

mathematical models. 

(2.1) 
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significant difference between patients and controls. If we can associate the two 

diffusivities with the intra and extracellular compartments, as [Clark 2000] suggests, then 

we expect to see the reduction in the extracellular compartment, which is normally that 

with the higher diffusivity. 

The restricted diffusion model has two compartments, one with restricted diffusion in a 

spherical pore (the vacuole), and the other with isotropically hindered diffusion.  

Mathematically, the model in its most general form is:  

    [   
 

  
       (         )  (   ) 

 
  
          ] 

where    (         )  is the expression for the signal from water restricted inside a 

sphere, which uses the GPD approximation, as in [Murday 1968], but adapted for the 

twice-refocused spin echo sequence as described in [Clayden 2009]. The     model has 

two free parameters: the radius   of the sphere and   , the intrinsic diffusivity inside the 

spherical compartment. The other free parameters of this model are   , as in the 

biexponential model, the T2 values for the two compartments (    and    ), the apparent 

diffusivity in the hindered compartment (  ) and the volume fraction of the restricted 

compartment ( ). 

If dMRI hyperintensity is caused by restriction in the vacuoles as hypothesis (b) assumes, 

we expect to observe an increase of the fraction of the restricted compartment    in 

patients compared to healthy subjects. 

We also considered a mono-exponential model:  

     
 

  
          

with three free parameters:   ,    and    . 

This is a simple standard model, which was included primarily to compare our results with 

literature, and to understand what information the more complex models can add. 

(2.2) 

(2.3) 
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As already mentioned in the introduction, all the proposed models characterize not only 

diffusion, but also the T2 decay in each compartment. This choice is not usual in dMRI 

models and requires a more complex acquisition and fitting procedure, but was motivated 

by the qualitative knowledge that CJD patients show alterations on T2-weighted MRI, so 

the investigation of T2 relaxation parameters is particularly interesting in this case. 

2.2.2. Constraints on the model parameters 

We constrained the set of model parameters in the optimization using transformations that 

limit the range of each parameter to biophysically meaningful values. For all the models we 

constrained the T2 values and the diffusivities to be positive and the volume fractions to be 

in [0, 1] and to sum to 1. 

We simplified the general bi-exponential and restricted diffusion models, stated in 

equations (2.1) and (2.2) above, to reduce the number of parameters and stabilize the 

fitting and parameter estimation. Briefly: 

 The b = 0 signal at various echo times shows no evidence of a biexponential trend, 

so we fix the two T2 parameters to be equal in both models. 

 The spherical compartment of the restricted diffusion model is insensitive to   , so 

we decided to fix dR to the diffusivity of free water at body temperature (3·10-9 m2/s) 

since vacuoles contain mostly water. 

Thus the simplified biexponential model becomes:  

      
 

  
  [         (   )      ] 

with 5 free parameters:   ,   ,   ,    and   

Similarly, the simplified restricted-diffusion model becomes:  

      
 

  
  [     (         )  (   )      ] 

also with 5 free parameters:   ,   ,   ,   and   (with    = 3·10-9 m2/s). 

(2.5) 

(2.4) 
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2.2.3. Patients and subjects 

15 consecutive patients with suspected diagnosis of prion disease and four healthy age-

matched elderly subjects were recruited. The study was approved by the local ethical 

committee and all individuals or their caregivers signed informed consent. 

The diagnostic protocol included general clinical assessment, neurological evaluation, 

polygraphic EEG recording, analysis of the PRNP gene, cerebral MRI and blood laboratory 

tests, CSF analysis for the presence of 14-3-3 protein and the levels of total tau protein 

was performed in 11 patients. 

Diagnosis of “probable” sCJD was made according to the current diagnostic criteria [Zerr 

2009]. Lack of brain tissue examination impeded PrPSc type determination. However, one 

of six molecular subtypes (MM1, MV1, MM2, MV2, VV1 and VV2) was tentatively assigned 

to sCJD patients by three neurologists with expertise in prion disease using available 

clinical data. 

Relevant clinical and laboratory data of the study population are reported in Table 2.1. Of 

the 15 patients enrolled in the study with suspected prion disease, nine were diagnosed as 

“probable” sCJD, one as familial CJD associated with the E200K PRNP mutation, two as 

GSS linked to the P102L PRNP mutation, and three as autoimmune encephalopathy. 

dMRI signal hyperintensity in the cerebral cortex and/or striatum was observed in all CJD 

patients, while no signal abnormalities were detected in the individuals with GSS or 

autoimmune encephalopathy. 
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Abbreviations: 1 = positive; 0 = negative; NA = Not Applicable; ND = Not Determined 

Table 2.1. clinical data, MRI and laboratory tests results for the 15 patients and 4 healthy 
controls. The sCJD molecular subtype (MM1, MM2, MV1, MV2, VV2) was assigned to each 
patient according to the clinical data indicated in this table. 
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2.2.4. MRI acquisition 

The study was performed on a 1.5T MR imaging unit (Siemens Avanto, Erlangen, 

Germany). The imaging protocol consisted of 264 diffusion-weighted volumes and 26 

interleaved b = 0 volumes, using a twice-refocused [Reese 2003] single shot spin-echo 

echo-planar imaging (SS-SE EPI) sequence with four independent diffusion gradient 

directions, a TR of 7.2 s, nine values of TE in the range 68-107 ms and 13 b-values in the 

range 250-9000 s mm-2 (for each TE, all the b-values were used up to the maximum 

available for that TE, according to the scheme in Table 2.2, and the four gradient 

directions were oriented to take advantage of the maximum physical gradients strength); 

45 slices were acquired, with a FOV of 220x220 mm2 and an isotropic resolution of 

2.3x2.3x2.3 mm3. At each value of TE, the increasing b-values were achieved by 

increasing the gradient strength with the timings of the gradient pulses fixed, and thus the 

intrinsic timescale of the measurement. 

 

TE 

(ms) 
b-values (s/mm

2
) 

68 0 250 500 800 1000          

71 0 250 500 800 1000          

77 0 250 500 800 1000 1500         

81 0 250 500 800 1000 1500 2000        

89 0 250 500 800 1000 1500 2000 3000       

94 0 250 500 800 1000 1500 2000 3000 4000      

99 0 250 500 800 1000 1500 2000 3000 4000 5000     

103 0 250 500 800 1000 1500 2000 3000 4000 5000 6000    

107 0 250 500 800 1000 1500 2000 3000 4000 5000 6000 7000 8000 9000 

 

However, as TE increased, the lengths of the gradient pulses increased, which provided 

measurements associated with longer diffusion times. Namely, the twice-refocused single-

shot spin-echo (SS-SE) sequence does not specify an equivalent diffusion time; 

Table 2.2. Acquisition protocol. The images are acquired with increasing TE values 
(shown in the first column), and increasing b-values (shown in the following columns) for 
each TE 
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nonetheless, a longer TE automatically determines longer diffusion gradients timing and 

diffusion times. The combination of measurements sensitive to different time scales and 

diffusion weightings enables estimation of pore sizes [Clayden 2009]. The range of pore 

diameters to which we have sensitivity, with the gradient strength available on the Avanto 

system, is approximately 5 to 20 μm [Clayden 2009, Dyrby 2013], which is typical of 

vacuole sizes in prionopathies [Kovacs 2008]. The choice of including multiple TEs has 

two main reasons: to allow a reliable fit of T2 decay and to investigate the dependence of 

hyperintensity on TE in order to find an optimal operating point for clinically feasible lesion 

detection. As mentioned in the introduction, this protocol was explorative and not intended 

to be translated in clinics as it is. 

2.2.5. Pre-processing and model fitting 

Images were corrected for head motion and eddy current distortions using FLIRT 

(FMRIB’s Linear Image Registration Tool, University of Oxford, U.K., [Jenkinson 2002]. An 

affine transformation with 12 degrees of freedom was calculated to register each b = 0 

volume to the first one and then applied to transform the subsequent volumes into the 

same space. The quality of raw data and the performance of motion and eddy current 

correction were assessed by visual inspection of each acquired volume. 

Regions of interest (ROIs) were manually drawn by an expert neuroradiologist in the 

following areas in the cortex and basal nuclei of each subject: hippocampus (Hip), inferior 

temporal gyrus (ITG), superior temporal gyrus (STG), caudate nucleus (Cau), anterior 

putamen (aPut), dorso-medial thalamus (DMTh), occipital cortex (Occ), inferior parietal 

lobule (IPL), superior parietal lobule (SPL), precuneus (PreCu), anterior middle frontal 

gyrus (aMFG), superior frontal gyrus (SFG), anterior cingulate cortex (ACC); each ROI 

was drawn in both hemispheres and on multiple slices, with particular care to avoid partial 

volume with WM or CSF. In sCJD patients each ROI was classified as affected or 
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unaffected according to the presence or absence of signal hyperintensity on dMRI and if 

affected the delineation was limited to the area of evident hyperintensity. The signal of 

each ROI was averaged over all voxels and slices included by the ROI. 

The fitting procedure was similar to that in [Panagiotaki 2012]. Briefly, each model was 

fitted to the data using an iterative non-linear optimization procedure from multiple starting 

points to avoid local minima. Here a Levenberg–Marquardt algorithm [Marquardt 1963] 

was used for minimizing a chi-squared objective function with the Rician noise model 

[Sijbers 1999, Alexander 2008]. The objective function is the negative log-likelihood:  

      ( )  ∑ [           (
   ̃ 

  
)  

  
   ̃ 

 

 
      ]

 

   

 

where   is the likelihood of the measurements given the model estimates,   is the number 

of measurements,   is the standard deviation of the noise,  ̃  is the n-th measurement,    

is the model predicted signal and    is the zero-order modified Bessel function of the first 

kind. For all models, the best fit parameters were chosen from the models after 100 

perturbations of the starting parameters to ensure a reliable minimum. Measurements 

below a noise-floor threshold, selected from the estimated noise variance, were ignored 

during the fitting procedure. 

The Bayesian Information Criterion (BIC, [Schwartz 1978]), proportional to the negative 

logarithm of the marginal likelihood of the observed data given the model, was used to 

compare the performance of the different models. It was computed in each ROI for each 

model as: 

         ( )       ( )          ( ) 

where  ,   and   have the same meaning as in (2.6), while   is the number of model 

parameters. The BIC is particularly useful when comparing models with different 

complexity because it rewards the models that minimize the objective function, but it 

(2.6) 

(2.7) 
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simultaneously penalizes those with a high number of parameters, so it allows a trade-off 

between the desired fitting accuracy and the complexity needed to achieve it.   

All the described procedures were implemented in MatLab (The Mathworks, Natick, MA, 

USA) 

2.2.6. Statistical analysis 

For each anatomical area, the 38 ROIs (two ROIs per subject, in the left and right 

hemisphere respectively) were divided in five groups: CJD+ (i.e. affected ROIs in CJD 

patients), CJD- (i.e. unaffected ROIs in CJD patients), HC (i. e. ROIs in healthy controls), 

RPE (i.e. ROIs in patients with RPE) and GSS (i.e. ROIs in patients with GSS). 

Since in the biexponential model the two terms in (2) have the same expression, they are 

randomly associated with the “fast” component (higher diffusivity) and the “slow” one 

(lower diffusivity) respectively. After the fitting procedure, we renamed the higher value 

between    and    as    and the lower one as    in order to make them homogenous 

between subjects. Accordingly, we redefined   as the fraction of the fast component. 

The mean raw signal for each combination of acquisition parameters was compared 

between CJD patients and controls, to understand which combination is most sensitive to 

the anomalies. The contrast-to-noise ratio (CNR) was calculated as:  

    
     

  
 

where    and    are the mean values of the raw signal averaged among all the 

hyperintensity regions and among all the control regions, respectively;    is the standard 

deviation of noise (measured in a ROI outside the brain), averaged among all patients and 

controls. This measure was performed in order to understand whether the hyperintensity 

shown by each combination of the acquisition parameters may be masked by noise or is 

sufficiently high to be reliably detected. 

(2.8) 
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The mean value and standard deviation of each estimated parameter were calculated in 

each group, and a one-tailed t-test was used to test significant contrasts between each of 

the pathological groups and the healthy controls, either considering the ensemble of group 

ROIs or separating specific anatomical areas. 

 

2.3. Results 

2.3.1. Analysis of the raw dMRI signal 

The mean raw signal in the CJD+ regions was higher than in CJD- regions and in HC with 

all the considered combinations of b-value and TE (Figure 2.3, A); this increase was 

consistent across all the parameter combinations and significant in almost all of them. 

The signal in CJD- regions was slightly higher than in controls, but the difference was 

never significant. 

Since the human eye is sensitive to contrast rather than to absolute signal, the relative 

difference of the raw signal between each pair of groups was calculated as an index of 

contrast visible in dMRIs comparing pathological and normal tissue (Figure 2.3, B). 

The contrast increased with b-value and TE reaching a peak with b = 3000 s/mm2 and TE 

= 103 ms, then slightly decreasing for even higher b-values. The estimated CNR at the 

peak was about 5.5, which was sufficiently high to prove that the hyperintensity was not 

masked by noise. Almost the same trend was found for the contrast between CJD+ and 

CJD- signal, while the contrast between CJD- and HC was quite low and rather 

independent from the acquisition parameters. 
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2.3.2. Fitting performance of the models 

The quality of fit was good for the biexponential and restricted-diffusion models and the 

two models predict very similar signals, while the mono-exponential model predicts quite 

different signals at high b-values (figure 2.4). 

Figure 2.3. Raw dMRI signal in the different groups.  

A) raw signal in the three main groups at each combination of the acquisition 

parameters. 

B) relative difference between the mean signal in each pair of groups at each 

combination of the acquisition parameters.  

In both the plots, for any b-value reported on the graph, the TE grows from left to right 

(see the TE values applied at each b-value in Table 2.2) 
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The BIC score was considered as a quantitative index of the fitting performance of the 

three models in each group of ROIs (Table 2.3). In the affected ROIs (CJD+) the 

biexponential and restricted-diffusion models performed significantly better than the mono-

exponential model although they performed very similarly to each other (the difference was 

not significant). 

Thus, although the fitting results did not show that either of the two hypotheses about the 

origin of the signal hyperintensity was better than the other, they did show that both the bi-

compartment models provided a better fit to the data than the standard mono-exponential 

model and so should provide more sensitive and specific parameters. Also in the CJD- 

group and in controls no significant difference between the two bi-compartment models 

was found and BIC significantly decreased in both of them compared to the mono-

exponential model, but this decrease was lower than in CJD+. 

 

Figure 2.4. Visual assessment of the quality of fit in a representative ROI of a CJD 

patient. The raw signal (stars) and the signal predicted by each model (solid lines with 

different colors) are shown for every volume acquired. See Supplementary Table 1 for 

the acquisition parameters applied. 
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BIC values CJD+ CJD- HC 

Biexponential 2277±141 
(
*

,#)
 2106±156 

(
*

)
 2022±80 

(
*

)
 

Restricted 2287±141 
(
*

,#)
 2116±156 

(
*

)
 2031±86 

(
*

)
 

Mono-exponential 2633±367 
(#)

 2305±291 
(#)

 2143±163 

Values marked with 
(#)

 are significantly higher than the mean BIC of the mono-

exponential in the HC group, showing a worse fitting performance with respect to 
the normal case, probably due to pathologically changes not fully explained by the 
models. 

 

 

It can be also noticed that the BIC was always significantly higher in the affected regions 

than in the healthy ones, thus suggesting that neither of the newly proposed models fully 

explains the MRI signal in affected areas; nonetheless, the increased difference between 

the mono-exponential and the bi-compartment models described above means that these 

models significantly improve the characterization of the pathological alterations. 

 

2.3.3. Comparison of the estimated parameters between patients and 

controls 

We first performed a statistical analysis between each group and the healthy subjects 

without separating the different anatomical areas. The results are shown in table 2.4 and 

will be described below for each group. 

 

Table 2.3. Mean BIC values for each model in CJD+, CJD- and HC ROIs. 
Higher values are associated with worse fitting performances. Values marked 

with 
(
*

)
 are significantly lower than the mean BIC of the mono-exponential in the 

same group of ROIs, showing a better fitting performance of the bi-compartment 
models with respect to the traditional one.  
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CJD+ CJD- RPE GSS 

B
ie

x
p

o
n
en

ti
al

 

M0 n.s. n.s. n.s. n.s. 

T2 +26% +10% n.s. n.s. 

dF -14% n.s. n.s. n.s. 

dS -37% n.s. -20% n.s. 

f +4% n.s. +9% n.s. 

R
es

tr
ic

te
d
 

M0 n.s. n.s. n.s. n.s. 

T2 +18% +8% n.s. n.s. 

dH n.s. +8% +10% n.s. 

f +46% +19% n.s. n.s. 

M
o
n
o
ex

p
 

M0 -8% n.s. n.s. n.s. 

T2 +31% +12% +5% n.s. 

ADC -20% n.s. +5% n.s. 

 

 

In a second step we investigated the regional dependence of the parameters and we 

noticed a range of biophysical variability among different anatomical areas in the healthy 

subjects (table 2.5). For instance, the diffusivities were lower in Cau, aPut and DMTh than 

in the cortical areas, while T2 was longer in the frontal cortex and shorter in aPut and 

DMTh. So we repeated the statistical analysis considering the anatomical regions 

separately. 

 

 

 

Table 2.4. Results of the group analysis. 
Mean relative difference in each parameter between each group (CJD+, CJD-, RPE or 
GSS respectively) and the healthy controls. Not statistically significant differences are 
marked as “n.s.” 
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 HC 
Biexponential Restricted Monoexp 

M0 
T2 

(ms) 

dF 
(μm2/s) 

dS 
(μm2/s) 

f M0 
T2 

(ms) 

dH 
(μm2/s) 

R 
(μm) 

f M0 
T2 

(ms) 

ADC 
(μm2/s) 

ACC 832±69 95±3 1510±227 236±63 0.622±0.062 822±67 95±3 1157±78 0.21±0.06 0.182±0.010 751±62 101±4 735±33 

PreCu 1289±50 81±5 2150±307 358±76 0.496±0.067 1248±49 82±5 1232±34 0.83±1.72 0.171±0.013 1121±41 87±6 784±27 

SFG 781±101 107±6 2070±298 364±74 0.501±0.062 766±97 108±6 1303±89 0.15±0.01 0.188±0.019 694±91 115±7 803±47 

aMFG 803±104 106±9 2240±267 393±38 0.484±0.042 786±98 107±9 1354±93 0.15±0.02 0.187±0.014 712±91 114±11 833±35 

STG 1031±85 82±6 2090±895 290±109 0.546±0.088 1018±87 82±6 1295±26 1.86±3.08 0.207±0.031 895±94 89±8 744±89 

ITG 899±175 92±11 1720±455 263±136 0.576±0.130 884±169 92±11 1177±89 0.24±0.08 0.186±0.015 805±153 98±12 739±50 

SPL 1495±87 86±3 2580±279 372±60 0.554±0.069 1460±88 87±3 1559±190 3.24±3.39 0.175±0.022 1265±75 95±4 955±75 

IPL 1270±48 83±4 1930±283 341±58 0.531±0.053 1237±46 84±4 1212±90 0.21±0.03 0.164±0.010 1122±44 88±4 789±59 

Occ 1236±104 77±5 1560±190 178±36 0.638±0.040 1250±139 76±7 1225±72 4.90±3.11 0.231±0.041 1065±90 83±6 689±34 

Hip 895±61 93±4 1660±1043 109±143 0.732±0.146 908±61 91±5 1326±490 3.78±3.32 0.209±0.077 792±96 101±8 737±65 

Cau 858±65 81±2 1040±134 51±62 0.763±0.054 859±62 80±2 992±84 1.46±2.27 0.200±0.025 791±60 84±3 623±28 

aPut 879±31 73±2 1080±157 29±60 0.740±0.068 883±26 72±3 1035±77 2.64±2.19 0.239±0.030 795±29 76±2 584±33 

DMTh 995±22 74±3 1240±248 62±94 0.732±0.085 993±22 74±3 1129±73 1.71±1.79 0.216±0.012 888±24 78±3 650±43 

 

 

In the affected regions of CJD patients (CJD+ group) we found an increase of T2, a 

decrease of diffusivities and an increase of the fraction of the restricted compartment with 

respect to controls (Table 2.4). 

The percentage of difference of each estimated parameter in each region is specified in 

table 2.6, while figure 2.5 the regional dependence of the statistical significance of the 

differences in a selected subset of parameters. 

 

 

 

Table 2.5. Mean value of each estimated parameter in each anatomical area in the healthy 
controls 
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CJD+ 

vs 

HC 

Biexponential Restricted Monoexp Nr of 

ROIs 
M0 T2 dF dS f M0 T2 dH f M0 T2 ADC 

ACC 
-14% 
*** 

+36% 
*** 

17% -9% -6% 
-13% 

** 
+32% 
*** 

4% 
+27% 

** 
-18% 
*** 

+46% 
*** 

-12% 
** 

17 

PreCu -5%* 
+19% 
*** 

-24% 
*** 

-52% 
*** 

+23% 
*** 

3% 
+9% 
** 

-4% 
+89% 
*** 

-9% 
*** 

+25% 
*** 

-21% 
*** 

19 

SFG 
-15% 

* 
+44% 

** 
-21% 

** 
-56% 
*** 

+27% 
*** 

-13% 
* 

+37% 
** 

0% 
+24% 

* 
-20% 

** 
+61% 

** 
-17% 
*** 

8 

aMFG 
-16% 

** 

+41% 

*** 

-24% 

*** 

-53% 

*** 

+30% 

*** 

-14% 

* 

+36% 

*** 
-3% 

+18% 

** 

-20% 

** 

+54% 

*** 

-15% 

*** 
11 

STG 
+11% 

* 

+23% 

*** 
-23% 

-45% 

** 
9% 

+18% 

*** 

+13% 

** 
3% 

+53% 

*** 
6% 

+29% 

*** 

-23% 

*** 
13 

ITG 
+23% 

** 
8% -2% -26% 3% 

+29% 

** 
2% 8% 

+48% 

** 

+15% 

* 

+13% 

* 

-14% 

** 
13 

SPL -7% 
+12% 

* 
-34% 
*** 

-52% 
*** 

+14% 
** 

3% 2% -13% 
+96% 

** 
-8% 

+15% 
* 

-27% 
*** 

10 

IPL 7% 
+17% 
*** 

-3% 
-34% 

** 
+8% 

* 
+14% 

** 
+9% 
** 

+13% 
* 

+76% 
*** 

0 
+24% 
*** 

-15% 
** 

15 

Occ 5% 31% -7% 
-38% 
*** 

-5% 22% 12% -57% 
+158% 

* 
-1% 40% 

-29% 
* 

3 

Hip 
-11% 

* 

+22% 

** 
-8% -19% -3% 

-9% 

* 

+16% 

*** 
13% 33% 

-15% 

* 

+29% 

** 

-15% 

* 
9 

Cau 
-9% 

** 

+31% 

*** 
-1% 81% 

-10% 

* 

-9% 

** 

+29% 

*** 

-10% 

* 

+14% 

* 

-12% 

*** 

+35% 

*** 

-19% 

*** 
17 

aPut 
-8% 

*** 

+28% 

*** 

-16% 

** 
41% -5% 

-6% 

*** 

+25% 

*** 

-17% 

*** 

+17% 

** 

-10% 

*** 

+30% 

*** 

-26% 

*** 
16 

DMTh 
-5% 

* 
+23% 
*** 

4% 28% 
-9% 

* 
1% 

+15% 
*** 

-1% 
+58% 
*** 

-12% 
*** 

+29% 
*** 

-22% 
*** 

14 

Statistically significant differences are marked according to the significance level: * p<0.05, ** 

p<0.01, *** p<0.001. 

 

The main differences between CJD+ and HC are the following: 

 T2 was significantly increased in almost all the areas and in all three models (figure 

2.5, B). Lengthening in T2 relaxation time was greatest in the frontal cortex, while it 

was lower in the parietal and temporal areas. Minor differences were observed 

when comparing the different models. 

 The proton density, M0, was significantly increased in the temporal cortex and 

decreased in most of the other areas; some inconsistencies were observed among 

the three models, thus this parameter was not very informative. 

 Diffusivities were generally reduced in all three models. In the biexponential model, 

dF was significantly reduced in PreCu, SFG, aMFG, SPL and aPut (figure 2.5, C), 

Table 2.6. Relative difference of each estimated parameter in each anatomical area between 
the CJD+ group and the healthy controls. 
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while dS was reduced in PreCu, SFG, aMFG, STG, SPL IPL and Occ (figure 2.5, D); 

in most of the other areas dF and dS decreased, though not significantly. In the 

restricted-diffusion model, the differences in dH were not significant in most 

anatomic regions. In the mono-exponential model, the ADC was significantly 

reduced in all the anatomical areas (Figure 2.5, E). 

 Differences in the fraction of the “fast” component of the biexponential model varied 

with the anatomical position: the fraction was significantly increased in the frontal 

and parietal lobes and in PreCu, significantly decreased in Cau and DMTh. 

 The fraction of the spherical compartment in the restricted-diffusion model was 

significantly increased in all the areas but Hip (Figure 2.5, F). The increase was 

particularly important (greater than 40%) in STG, ITG, SPL, IPL, PreCu and DMTh. 

 For the radius of the spherical compartment we didn’t perform a statistical analysis 

because isotropic restriction in the healthy controls is probably related to different 

conditions than in the CJD patients, so a comparison is not very meaningful. 

Moreover, in the Ctrl group the fraction of the spherical compartment is always quite 

low, and then the radius estimate may be uncertain. However, In all regions of the 

CJD+ the mean radius of the spherical compartment was in the range between 3 

and 10 μm, compatible with the dimensions of vacuoles in CJD as measured by 

histopathology [Kovacs 2008], while in the control group the radii were generally 

much smaller (about 1.6 μm on average). Fig. 5a shows the mean radius estimated 

in each subject, averaged across all the considered ROIs. ).  When averaged 

across all the affected ROIs, the mean radius was larger (about 7 μm) in 2 patients 

(CJD08 and CJD10) compared to the other 8 patients (3-6 μm) (figure 2.6, A). 

Differences in size were observed also among anatomical areas: the radius was 

greater in SPL, PreCu, DMTh and Occ, while it was smaller in frontal regions 

(aMFG, SFG, and ACC) (figure 2.6, B). 
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Figure 2.5. Lateral (left) and mesial (right) renderings of anatomical areas (A) and regional 
localization of statistical CJD+ to HC contrasts in the estimated parameters (B-F): 
T2 in the mono-exponential model (B); dF (C) and dS (D) in the biexponential model; ADC in the 

mono-exponential model (E); the volume fraction of the spherical restricted compartment in the 

restricted-diffusion model (F). In each panel the analysed areas without significant differences 

are in blue, while the areas with statistically significant differences are in yellow (p < 0.05), 

orange (p < 0.01) or red (p < 0.001) 
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Comparing the CJD- group and the control group (tables 2.4 and 2.7), the relative 

alterations of T2 and of the fraction of the restricted compartment were generally smaller 

and less statistically significant, but followed the trend of those reported above for the 

CJD+ group. The radius of the spherical compartment in CJD- was significantly larger than 

in healthy and pathological controls (p < 0.001) but smaller than in CJD+ regions (p < 

0.001). 

On the contrary in the CJD- group there was no significant change in diffusivity in the 

mono-exponential model (i.e. ADC), in the biexponential model (i.e. dF and dS) nor in the 

restricted-diffusion model (i.e. dH). This result suggests that both models can explain the 

appearance of signal hyperintensity on dMRI either as a reduction of diffusivity 

(biexponential model) or as an increase of intra-vacuolar volume fraction (restricted model). 

  

Figure 2.6. Estimated radius of the spherical compartment in the different subjects and areas. 
A) Histogram showing the estimated radius averaged across all the ROIs in each subject. 
B) Histogram showing the estimated radius averaged across all the CJD+ ROIs in each 
anatomical area 
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CJD- 

vs 

HC 

Biexponential Restricted Monoexp Nr of 

ROIs 
M0 T2 dF dS f M0 T2 dH f M0 T2 ADC 

ACC^ 
-17% 

* 
+22% 
*** 

10% -11% 0% 
-17% 

** 
+22% 
*** 

1% 3% 
-18% 

** 
+24% 
*** 

-2% 3 

PreCu 11% 1% 11% -8% 13% 15% -2% 24% 25% 8% 3% 13% 1 

SFG -7% 
+12% 

** 
-6% 

-27% 
* 

+19% 
** 

-7% 
+12% 

** 
5% 3% -8% 

+15% 
** 

0% 12 

aMFG 
-12% 

* 

+15% 

** 
11% -16% 11% 

-12% 

* 

+15% 

** 
6% 5% 

-14% 

** 

+18% 

** 
0% 9 

STG 7% -2% -23% 
-35% 

* 

+17% 

* 
8% -3% -5% 5% 7% -2% -3% 7 

ITG 
+18% 

* 
-3% -13% -26% 7% 

+20% 

* 
-5% -4% 

+19% 

* 

+14% 

* 
-1% -12% 7 

SPL 
-16% 
*** 

0% 
-19% 

* 
-21% 

* 
6% 

-16% 
*** 

1% 
-13% 

* 
2% 

-14% 
** 

4% 
-13% 

** 
10 

IPL 1% 3% 
+27% 

** 
14% -3% 0% 3% 

+18% 
* 

5% -2% 10% 
+12% 

* 
5 

Occ 
+13% 

** 
7% 

+13% 
* 

2% 0% 
+23% 
*** 

-1% 
+24% 

* 
+56% 
*** 

+10% 
** 

+15% 
* 

5% 17 

Hip 
-11% 

** 

+12% 

*** 
21% 

+111% 

* 

-18% 

* 

-12% 

*** 

+13% 

*** 
0% 5% 

-13% 

* 

+19% 

** 
1% 11 

Cau 
-5% 

* 

+15% 

* 
29% 154% -12% 

-7% 

* 
17% 7% 2% 

-9% 

* 
19% 0% 3 

aPut 
-7% 

** 

+13% 

*** 
9% 5% -2% 

-6% 

* 

+12% 

*** 
5% 9% 

-10% 

** 

+16% 

** 
-7% 4 

DMTh 3% 5% 1% 15% -1% 
+6% 

* 
3% 3% 

+17% 
* 

2% 6% -3% 6 

Statistically significant differences are marked according to the significance level: * p<0.05, ** 

p<0.01, *** p<0.001. 
^ In ACC no change is significant because there is just one sample in the CJD- group. 

 

In the RPE group a slight increase of T2 and diffusivities in comparison with healthy 

controls (tables 2.4 and 2.8) was observed, while in the GSS group just few sporadic 

anatomic reductions of M0 and T2 were found (tables 2.4 and 2.9). 

The CJD+ group was also compared with the RPE and GSS groups and with a 

“generalized” control group including all the ROIs in non-CJD subjects (HC, RPE and 

GSS). In all three comparisons similar results as between CJD+ and healthy controls were 

found. These results demonstrated that increased T2, decreased diffusivities and 

increased restricted volume fraction are the main changes in MR parameters associated 

with regions of dMRI signal hyperintensity. 

Table 2.7. Relative difference of each estimated parameter in each anatomical area between 
the CJD- group and the healthy controls.  
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RPE 

vs 

HC 

Biexponential Restricted Monoexp 

M0 T2 dF dS f M0 T2 dH f M0 T2 ADC 

ACC 
-11% 

** 
+11% 

** 
+31% 

* 
19% -8% 

-12% 
** 

+11% 
** 

+18% 
** 

+12% 
** 

-14% 
** 

+13% 
** 

8% 

PreCu 3% 3% -6% 
-24% 

* 

+25% 

** 
5% 1% 

+18% 

* 
9% 1% 4% 

+12% 

* 

SFG -7% 
+15% 

* 
9% -13% 19% -6% 

+15% 

* 

+20% 

*** 
1% -8% 

+18% 

* 

+16% 

*** 

aMFG 
-11% 

* 
5% -13% 

-33% 

* 

+26% 

* 

-11% 

* 
5% 5% 4% 

-11% 

* 
5% 1% 

STG -2% 1% -22% -35% 
+17% 

* 
-2% 1% -3% -3% -1% 0% -1% 

ITG 
+25% 

* 
-8% 2% -9% 11% 

+25% 
* 

-8% 
+11% 

* 
-1% 

+23% 
* 

-7% 
+9% 

* 

SPL -3% -2% 
-19% 

** 

-21% 

** 

+14% 

* 
-1% -2% -2% 2% -1% -3% -1% 

IPL 
+16% 

** 
2% -3% -17% 

+18% 
** 

+17% 
** 

1% 
+10% 

** 
-2% 

+15% 
** 

2% 
+11% 

** 

Occ 2% 3% -2% -15% 9% 2% 3% 5% -9% 4% 3% 
+10% 

** 

Hip -3% 
+7% 

* 
-15% -16% 3% -4% 

+8% 

* 
-3% -10% -3% 8% 5% 

Cau -4% 1% 
+30% 

* 
1% -5% -4% 0% 

+30% 
* 

+25% 
* 

-10% 
* 

4% 4% 

aPut 
-8% 

* 
2% 18% -78% -2% 

-7% 

* 
2% 

+23% 

* 

+16% 

* 

-13% 

* 
5% 0% 

DMTh -4% 3% -6% -95% 6% -2% 1% 4% 8% -6% 4% -5% 
 

 

 

 

 

 

 

GSS 

vs 

HC 

Biexponential Restricted Monoexp 

M0 T2 dF dS f M0 T2 dH f M0 T2 ADC 

ACC 
-21% 

*** 
4% 

-21% 

** 

-59% 

* 

+20% 

** 

-20% 

*** 
3% -5% 3% 

-18% 

** 
2% -2% 

PreCu -3% -5% 9% 12% -10% -3% -5% 3% 5% -3% -5% 1% 

SFG 
-19% 

** 
3% -14% -14% 11% 

-18% 

** 
3% -1% 5% 

-17% 

** 
1% 0% 

aMFG -20%** 2% -14% -11% 8% -19%** 2% 
-7% 

* 
2% 

-17% 
** 

0% -4% 

STG 9% -5% -16% 16% -6% 9% -5% -11% 
-14% 

* 

+13% 

* 
-8% 1% 

ITG 
+22% 

* 

-14% 

* 

+24% 

* 

+51% 

* 

-22% 

* 

+21% 

* 

-14% 

* 
4% -1% 

+21% 

* 

-15% 

* 
5% 

SPL -4% 
-9% 
*** 

-15% -23% 8% 1% 
-12% 
*** 

1% 
+39% 
*** 

-4% 
-10% 
*** 

-8% 
* 

IPL 10% -4% -2% -18% 11% 13% 
-6% 

* 

+11% 

** 
27% 8% -3% 2% 

Occ 4% -3% 2% -5% 4% 4% -3% 5% -3% 5% -3% 7% 

Hip -2% -2% -34% -55% 8% -3% 0% -22% -20% 3% -5% -6% 

Cau 
-10% 

** 
2% 36% 250% -19% 

-11% 

** 
3% 2% -3% 

-9% 

** 
2% 5% 

aPut 
-18% 

** 

+5% 

* 
-1% -100% -1% 

-17% 

** 

+4% 

* 
5% 20% 

-18% 

** 

+5% 

* 
-5% 

DMTh 3% 
-4% 

* 
30% 243% -19% 2% 

-4% 

* 
1% -3% +3%* 

-5% 

* 
6% 

Statistically significant differences are marked according to the significance level: * p<0.05, ** 

p<0.01, *** p<0.001. 

Table 2.8. Relative difference of each estimated parameter in each anatomical area between 
the RPE group and the healthy controls. 

Table 2.9. Relative difference of each estimated parameter in each anatomical area between 
the GSS group and the healthy controls. 
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2.4. Discussion 

In this study mathematical models have been used to analyse differences in dMRI signal in 

patients with suspected prion disease and controls. Data were acquired with an advanced 

imaging protocol using many combinations of TE, diffusion weightings and times that 

allowed an in-depth analysis of the MRI signal abnormality. The results of the model-based 

analyses showed significantly longer T2, lower diffusivity, or greater fraction of restricted 

diffusion in dMRI hyperintense areas. For the first time an estimate of the radius of the 

restricted compartment was provided, that in affected ROIs may be related to the presence 

and size of vacuoles. 

A first inspection performed on raw dMRI signal showed a significantly higher signal in the 

CJD+ group with respect to healthy subjects, GSS and RPE, across the whole range of b-

values. The absolute difference between the signal in CJD+ and controls in each ROI 

appears almost constant across different echo times and b-values. The relative difference 

in signal tends to increase with both b and TE, reaching a maximum at b = 3000 s/mm2 

and TE = 103 ms, which indicates an optimal operating point. Since the relative signal 

difference is closer to the contrast seen by human eye than the absolute signal. Our 

results are in agreement with previous studies [Hyare 2010a, Riva-Amarante 2011] which 

suggested use of high b-values (b = 3000) for a better contrast of CJD lesions. 

In the second part of the study the dMRI signal was analysed with three mathematical 

models: biexponential, spherical restricted-diffusion and mono-exponential. This is the first 

study probing CJD with diffusion models more complex than the mono-exponential one. 

The two new bi-compartment models are derived from two hypotheses about the origin of 

the hyperintensity on dMRI and FLAIR MR images in CJD patients: a) the reduction of 

diffusivity in the extracellular space due to the deposition of prion protein (PrPSc) and b) 

the restriction of water trapped inside disease-related vacuoles. The aims of the model-
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based analysis were (i) to evaluate the differences in the parameters of each model 

associated with CJD, and (ii) to compare the models themselves to understand the 

underlying neuropathological substrate. As for aim (i), the statistical analysis highlighted 

some consistent differences: in CJD patients the T2 value is markedly increased in almost 

all hyperintense affected regions, the diffusivities are generally reduced in the mono- and 

biexponential models, and the fraction of the spherical compartment estimated by the 

restricted-diffusion model is increased. Although the ADC is the only parameter to show 

statistically significant differences in all the areas, this does not support the mono-

exponential model. The biexponential and restricted-diffusion models also show 

statistically significant differences in all areas, though explaining them by means of 

different parameters. Furthermore, the models pin down the source of the statistical 

differences more precisely to particular parameters that are not the same in different 

anatomic regions. 

The ADC numerical values found for CJD patients and controls in our study are compatible 

with those reported by previous works that have shown a reduction in ADC in CJD patients 

[Demaerel 2003, Tschampa 2003, Hyare 2010b]. For the other MR parameters there are 

no previous numerical results in the literature, but the quantitative results of the present 

work are in agreement with qualitative results reported in many clinical studies about the 

sensitivity of different MRI sequences to CJD.detection. In particular, according to our 

results both the T2-weighted and the diffusion-weighted component of the signal are 

altered; thus confirming the common evidence that also FLAIR and T2-weighted 

sequences can detect the pathology to some extent due to the alteration of T2. 

Nonetheless, dMRI sequences are more sensitive because they include both T2 and 

diffusion weightings. The increase of the T2 relaxation time may be related to neuronal loss, 

resulting in a more homogeneous microenvironment due to reduction of microstructural 

components that cause surface relaxation. Conversely, the similar performance of the two 
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bi-comparment models leaves open the question about the micro-structural mechanisms 

underlying decreased MD, as discussed later on.  

Focusing spherical restriction, this is the first study attempting to measure vacuolar 

average size. A significant increase in the radius of the spherical compartment was found 

in sCJD patients compared with normal and pathological controls, even though a direct 

comparison is not very meaningful because the source of isotropic restriction in controls, 

where vacuoles are absent, may be different to CJD patients (e.g., cell soma), requiring 

different hypotheses as to the ADC within the compartment. The estimated radius of the 

spherical restricted compartment in affected regions was compatible with the dimension of 

the vacuoles in CJD as measured by histopathology [Kovacs 2008]. This supports the 

association of the restricted portion of signal with the vacuoles, and that the radius of the 

sphere is an estimation of the average size of the vacuoles in the considered ROI or voxel. 

If confirmed on a larger group of patients with pathology proven sCJD subtype, these 

results might have implications for early in vivo diagnosis of sCJD subtype. Interesting 

differences in average vacuolar size among anatomical areas were also found; for 

example the estimated radius was smaller in the frontal lobes, cingulate, hippocampus and 

caudate, larger in the thalamus, parietal and occipital lobes. This variation may reflect 

genuine differences in vacuole size, although other factors, such as differences in vacuole 

membrane permeability, may also bias the estimate. 

Interestingly, in the "unaffected regions" of CJD patients (CJD- group) an increase of T2 

and of the fraction of the spherical compartment in the restricted-diffusion model was 

found (although lower than in affected CJD+ regions), but no coherent changes in 

diffusivities were evident. These results suggest that perhaps the pathological alterations 

in regions without MR signal hyperintensity might be at subclinical stage. 

Only minor differences in the estimated parameters were found in GSS and RPE patients 

with respect to healthy subjects; furthermore, almost the same differences resulted from 



89 
 

the comparison between the CJD+ group and each of the three control groups (healthy, 

GSS and RPE). GSS is a genetic form of prion disease characterized by accumulation of 

N- and C-terminal truncated fragments of PrP in form of amyloid plaques. Spongiform 

changes are usually absent or mild, except for a subgroup of patients with the P102L 

mutation showing a CJD-like phenotype. In patients with RPE the absence of MR signal 

abnormalities was an early clue to eventually rule out the diagnosis of sCJD. 

Thus we can conclude that the above reported differences in T2, diffusivity and vacuolar 

volume fraction are specific to CJD and unlikely related to unspecific neuronal 

degeneration. 

With regards to the specific pathological mechanisms altering diffusion properties, 

addressed in aim (ii), it can be observed that both the bi-compartment models have a 

better fitting performance than the mono-exponential one, and the difference in BIC is 

much greater in the affected ROIs than in the healthy tissue, even though the BIC values 

themselves are higher. Small differences in BIC values for healthy subjects show only 

small benefits of the more complex models compared to the mono-exponential, while in 

CJD+ the advantages of the more complex models are much more significant. Although 

our models cannot capture all the signal abnormality (because the BIC is always higher in 

CJD+ than in control ROIs) they represent a step towards a better characterization of the 

affected tissue, and some interesting observations can be inferred by a detailed analysis of 

the results. 

As to mechanisms underlying the decreased MD, since the biexponential and the 

restricted-diffusion models have similar fitting performances, a possible explanation is that 

both pathological features of CJD may determine the dMRI signal abnormality to some 

extent. In affected ROIs water diffusion might be both hindered with lower diffusivity likely 

caused by prion PrPSc deposition in the extracellular space (hypothesis a) and restricted in 

vacuoles with impermeable barriers (hypothesis b). In the biexponential model the 
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reduction of diffusivity occurs in both extra and intracellular compartments, which does not 

support hypothesis (a) directly, as this hypothesis implies a reduction only in the extra-

cellular “fast” diffusion compartment, even though this observation does not refute 

hypothesis (a) because the assignment of components in the biexponential model to the 

intra and extracellular spaces is not strict [Clark 2000]. However, in the restricted-diffusion 

model the differences between CJD+ and controls are found primarily in the restricted 

compartment and the diffusivity in the hindered compartment is almost never significantly 

altered. This finding somewhat goes against the combined hypothesis. Perhaps the 

biological mechanism involved in CJD is even more complex than we initially anticipated 

with the two hypotheses. Permeability of the vacuole walls is one possible mechanism that 

our models did not consider. It would reduce observable restricted diffusion and produce 

signal profiles closer to the biexponential model, as we observe. Thus, a key area for 

further work is to study more sophisticated models, probably requiring more exotic 

measurements [Drobnjak 2010, Lasic 2011] that include this kind of effect. A better 

understanding of the hallmark dMRI features of CJD will have an impact in designing new 

MRI sequences and may improve detection of disease in prionopathies, especially in pre-

symptomatic patients. It has to be noted that the long and complex acquisition protocol 

used here was not intended as practical to run routinely for clinical assessment, but rather 

to provide the best information with which to identify an appropriate model.  In future 

studies, an economical imaging scheme, more practical for clinical assessment, could be 

found basing on these preliminary results, for example using the experiment design 

optimization algorithm in [Alexander 2008]. 

A few limitations of this study should be acknowledged. First of all, the clinical diagnosis 

was available for all the patients but not autopsy-proven results: so it was not possible to 

look for a correlation of MRI parameters with neuropathological results. Regarding the 

acquisition protocol, the twice-refocused SS-SE EPI dMRI sequence available on our 
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scanner has advantages from the point of view of image quality, but does not allow setting 

the diffusion time independently from the TE: a standard Stejskal-Tanner sequence could 

help obtaining clearer results on the dependence of the signal on the acquisition 

parameters. Finally, more sophisticated models could be investigated, as discussed above.  

However, this work can represent an important step forward to a better characterization of 

MRI abnormalities in prionopathies and to foster the development of more sensitive 

sequences for early diagnosis of sCJD. Furthermore, the explored model parameters 

displayed promising differentiations by the analysis of clinically feasible scans and, if 

validated by larger trials, could provide further diagnostic information. 
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3. MICROSTRUCTURAL FEATURES OF 
BRAIN TUMORS BY NODDI 

 

 

What is required of a working hypothesis 

is a fine capacity for discrimination. 

Jean-Francois Lyotard 

 

 

This chapter addresses the study of tumoral and peritumoral areas, where DTI 

provides poor information while multi-compartmental models can improve the 

microstructural characterization. 

Compared to the previous chapter addressing only GM, this study considers 

anisotropic models and increased angular resolution because WM areas were often 

involved. Hence, the need for reduced complexity inherent in clinical studies suggests 

limiting the geometrical detail. A good compromise was represented by the NODDI 

scan protocol and model, which simplify neurites to sticks, though leaving space to 

direction uncertainty by the ODI parameter. The applicability of NODDI in cases of 

isotropic restriction, expected in some tumors, was preliminary assessed by the 

comparison with a multi-compartment isotropic diffusion model. 

The study was carried out through a cooperation among the Humanitas Research 

Hospital, the University College of London and the Politecnico di Milano. 

http://www.brainyquote.com/quotes/authors/j/jeanfrancois_lyotard.html
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3.1. Introduction: Glioma characterization and MRI 

Gliomas are the most common tumors of the central nervous system. They arise from glial 

cells, which support and protect neurons in the brain, and are named according to the type 

of cells they likely originate from, basing on their histological features: astrocytomas from 

astrocytes, oligodendrogliomas from oligodendrocytes, ependymomas from ependymal 

cells, mixed gliomas containing cells from different types of glia (for example 

oligoastrocytomas from oligodendrocytes and astrocytes). In particular, glioblastoma 

multiforme (GBM), a malignant astrocytoma, is the most common brain glioma and has the 

worst prognosis. 

The accurate classification of gliomas is fundamental for the modern clinical practice of 

neuro-oncology, because it allows predicting the biological behavior of the tumor and its 

response to therapy, providing a basis for planning chemotherapy, radiotherapy or surgery. 

In particular, the most widely used classification system for gliomas is the histology-based 

grading defined by the World Health Organization (WHO), which associates each type of 

glioma to a malignancy scale from I to IV [Louis 2007]. 

Grade I gliomas have low proliferative potential and are generally cured by surgical 

resection alone. 

Grade II gliomas are generally infiltrative in nature and, despite low proliferative activity, 

often recur. Some type II tumors tend to progress to higher grades of malignancy, for 

example low-grade diffuse astrocytomas may transform to anaplastic astrocytoma or GBM. 

Grade III gliomas have histological evidence of malignancy, including nuclear atypia and 

mitosis. Patients with grade III tumors usually receive adjuvant radio- and/or chemotherapy. 

Grade IV gliomas are cytologically malignant, mitotically active, necrosis-prone tumors 

typically associated with rapid pre- and postoperative disease evolution and a fatal 
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outcome. Examples of grade IV neoplasms include GBM, most embryonal neoplasms and 

many sarcomas. 

The determination of tumor grade is based on histology, and biopsy remains the gold 

standard, but it has some limitations: it is invasive, operator-dependent and has an 

inherent sampling error due to the small number of biopsy samples. Thus, the 

characterization of brain gliomas by neuroimaging would be very important, and MRI is 

one of the best candidates for this task because its non-invasiveness and multiparametric 

nature. Indeed, a qualitative differentiation between low-grade gliomas (LGG) and high-

grade gliomas (HGG) can be obtained by the visual inspection of morphological, contrast-

enhanced, diffusion-weighted and perfusion-weighted MRI and of the derived maps. 

LGG are usually homogeneous on morphological MRI, with hyperintensity on T2-weighted 

images, no signal abnormality on contrast-enhanced, diffusion- or perfusion-weighted MRI. 

ADC is usually high, FA is usually low (figure 3.1). Peritumoral edema is uncommon. 

Grade III gliomas are usually hyperintense on T2-weighted images and may present 

peritumoral edema. They usually have areas of contrast-enhancement and elevated 

relative cerebral blood volume (rCBV, estimated by perfusion-weighted MRI) and may 

show areas of increased dMRI signal and low ADC. 

Grade IV gliomas are usually heterogeneous, with ring-shaped areas of contrast-

enhancement, peritumoral edema and necrotic or cystic areas. dMRI signal is usually 

heterogeneous, rCBV is high (figure 3.2). 

This qualitative differentiation of brain gliomas is user-dependent and not very accurate: 

for example, contrast-enhancement may be absent in a non-negligible percentage of 

malignant lesions [Scott 2002]. 

 



98 
 

 

 

Figure 3.1. MRI images of a typical LGG: a) T2-weighted, b) contrast-enhanced, c) dMRI, d) 
ADC map, e) FA map, f) rCBV map. Reproduced from [Svolos 2014] 

Figure 3.2. MRI images of a typical GBM: a) T2-weighted, b) contrast-enhanced, c) dMRI, d) 
ADC map, e) FA map, f) rCBV map. Reproduced from [Svolos 2014] 
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Thus, the quantitative characterization of brain gliomas by advanced techniques as dMRI 

and perfusion MRI has been investigated by many research groups, because these 

techniques have the potential to provide more specific data about lesions [Svolos 2014]. In 

particular, the application of dMRI is interesting, because it conveys information about 

microstructure, even though the results have to be considered carefully. 

Many studies succeeded in differentiating LGG and HGG by evaluating the intratumoral 

ADC or MD [Sugahara 1999, Kono 2001, Inoue 2005, Lee 2008, Kang 2011, Liu 2011, 

Server 2014]. In particular, these studies found higher intratumoral diffusivity in LGG than 

in HGG. 

This result was associated to higher cellularity in HGG, which is intuitive since a higher 

density of cells causes higher hindrance of water molecules in the tissue and then reduces 

the apparent diffusivity. Indeed, an inverse correlation between ADC and cellularity in brain 

tumor (figure 3.3) was demonstrated by several works [Chenevert 1997, Sugahara 1999, 

Gauvain 2001, Kono 2001, Guo 2002]. 

 

However, a recent study [Rahm 2014] highlighted a bad colocalization between areas with 

low ADC and areas with abnormally high metabolic activity, detected by Positron Emission 

Tomography with the amino acid O-(2-18F-fluorethyl)-L-tyrosine. According to the authors, 

Figure 3.3. Correlation between ADC and tumor cellularity. Reproduced from [Gauvain 2001] 
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this implies that ADC is not directly correlated with tumor cell density, but may be 

influenced by many factors (non-tumor cell density, alteration of water distribution). 

A few works considered also differences in FA. Some of them found no significant 

differences between HGG and LGG [Lee 2008, Server 2014], while according to others FA 

can distinguish them, even more accurately than ADC or rCBV [Liu 2011], but with 

contradictory results: some studies obtained a higher FA in HGG [Beppu 2003, Inoue 

2005], others found the opposite [Stadbauer 2006]. 

This survey of studies attempting glioma grading by dMRI demonstrates a great interest in 

this research field and a good potential of this technique, but also important limitations. A 

higher standardization of acquisition and analysis protocols would probably reduce the 

variability of results, but the application of standard dMRI methods likely limits the 

specificity of the mentioned studies. 

The purpose of this work is to investigate the usefulness of an advanced multi-

compartment dMRI model, NODDI ([Zhang 2012], paragraph 1.5.7) in the microstructural 

characterization of brain gliomas. NODDI parameters are expected to provide 

complementary and more specific information on glioma microstructure than standard 

dMRI parameters such as MD (or ADC) and FA. Different types of lesion will be analyzed 

and the possibility to differentiate gliomas of different grades and to characterize their 

microstructural features will be assessed. 

3.2. Materials and methods 

3.2.1. MRI acquisition and neuropathology 

MRI data from 71 patients with histologically confirmed diagnosis of brain glioma were 

acquired on a 3T MRI scanner (Siemens Verio, Erlangen Germany). A dMRI protocol was 
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acquired with the following parameters: TE = 96 ms, TR = 15 s, 8 b = 0 volumes and 60 

diffusion-weighted ones in 2 shells (b-values: 700 and 2000 s/mm2) with 20 and 40 

diffusion gradient directions, respectively. 64 axial slices were acquired, with a FOV of 256 

x 256 mm2 and an isotropic resolution of 2 x 2 x 2 mm3. This acquisition protocol was 

chosen basing on the evaluation of accuracy and precision of NODDI parameters 

estimation by different protocols performed in [Zhang 2012], on the resulting 

recommendations for clinical studies, on the hardware features of the available scanner 

and on the acquisition time allowed on brain tumor patients.A T2-weighted Turbo Spin 

Echo sequence was acquired for anatomical reference with the following parameters: TE = 

106 ms, TR = 5420 ms, flip-angle = 150°, NA = 2.  40 slices were acquired, with a FOV of 

512 x 512 mm2, an in-plane resolution of 0.47x0.47 mm2 and a slice thickness of 3 mm. A 

T1-weighted MPRAGE sequence was acquired after injection of a gadolinium-based 

contrast agent, with the following parameters: TE = 2.73 ms, TR = 1800 ms, TI = 900 ms, 

flip-angle = 9°, NA=1. 176 slices were acquired, with a FOV of 448 x 512 mm2, an in-plane 

resolution of 0.45 x 0.45 mm2 and a slice thickness of 0.9 mm. 

All patients had surgery and neuropathological diagnosis; in particular, the tumor grade 

was determined. 

3.2.2. Pre-processing and model fitting 

The dMRI images were corrected for motion and distortions using FSL’s FLIRT [Jenkinson 

2002] and the quality of realignment was assessed by visual inspection. The brain area 

was extracted using the semi-automatic Region Competition Snakes algorithm in ITK-

SNAP [Yushkevich 2006]. 

The diffusion tensor in each voxel was estimated with Diffusion Toolkit [Wang 2007] using 

the whole data set, and FA and MD maps were derived. 
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The NODDI model was fitted to the data using the NODDI Matlab Toolbox 

[http://www.nitrc.org/projects/noddi_toolbox], which uses a three-stage fitting procedure, 

with an initial grid search, a gradient descent and a Markov Chain Monte Carlo, each 

finding the optimal starting point for the following step, as described in [Alexander 2010]. 

The following parameters were estimated: the principal direction of the intracellular 

compartment, the orientation dispersion index (   ), the volume fraction of the CSF (    ) 

and the relative volume fraction of the intracellular compartment (   ), as defined in 

equations (1.29) and (1.26). 

The original formulation of NODDI in equation (1.29) defines     as the intracellular volume 

fraction relative to the non-CSF tissue, but in some applications it may be more useful to 

have an estimate of the intracellular volume fraction with respect to the whole voxel. In this 

study the volume fractions of the intracellular (    ) and extracellular space (    ) were 

defined as follows:  

     (      )    

     (      )(     ) 

so that                 .  

A primary aim of this work is the characterization of areas of high cellularity in gliomas, 

which are presumably associated to low MD or high restriction, and high dMRI signal, here 

evaluated as hyperintensity in the trace-weighted map, i.e. the map of       (     ( )), 

where    is the b = 0 signal and   ( )                           . 

NODDI was developed to model WM and does not explicitly account for isotropic 

restriction, expected in highly cellular lesions, thus it could not be very appropriate for 

identifying and characterizing them. However, it can be expected that in those regions 

NODDI would found still high intracellular volume fractions (    ), but associated to high 

orientational dispersions (ODI); moreover, the need to keep the model simple and to 

(3.1) 

(3.2) 
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evaluate anisotropic restriction in the peritumoral and healthy WM motivated the choice of 

the “standard version” of NODDI to analyze the dMRI data. 

Nevertheless, to test the performance of NODDI and the validity of the estimated 

parameters in tumor areas with high cellular density, the images from a subset of 20 

patients were analyzed with a simple diffusion model including compartments with 

restricted, hindered and free diffusion. It was designed as the “isotropic equivalent” of 

NODDI and has the following mathematical form:  

          (    )       (     ) 

where   ,    and    are the volume fractions of the restricted, hindered and free diffusion 

compartments, respectively. Water in the restricted compartment was modeled as 

stationary, as in the MMWMD ([Alexander 2010], paragraph 1.5.6), i.e. it is supposed not 

to move at all in any direction because it is “trapped” in tissue areas with very high cellular 

density. Thus, no diffusive motion happens in this compartment and the associated signal 

is not attenuated by diffusion. Water in the hindered and free diffusion compartments is 

modeled with Gaussian isotropic diffusion, with diffusivities   and   , respectively.    was 

fixed to 3·10-3 mm2/s, which is a typical value for diffusivity in the CSF. 

Since the volume fractions are constrained to sum to 1 (          ), the model has 

three free parameters:   ,    and  . 

The same fitting procedure described in paragraph 2.2.5 was used here. For both NODDI 

and the isotropic diffusion model, the log-likelihood (equation (2.6)) was used as an 

objective function, and the BIC (equation (2.7)) was calculated to evaluate the fitting 

performance. 

3.2.3. Statistical analysis 

Multiple Regions of interest (ROIs) were delineated in each lesion and in contralateral 

hemisphere, according to the appearance on T2-weighted images, contrast-enhanced T1-

(3.3) 
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weighted images and trace-weighted maps. In particular, in heterogeneous lesions evident 

areas of necrosis, contrast enhancement, edema (perilesional hyperintensity on T2-

weighted images), and high cellularity (hyperintensity on trace-weighted maps), were 

segmented. 

The mean and standard deviation of each estimated parameter were calculated in each 

ROI. The comparison between NODDI and the isotropic model by the BIC was performed 

only in areas with high orientation dispersion (ODI > 0.4), because a poor performance of 

the isotropic model is trivial where anisotropy is high. The statistical significance of the 

difference was compared using a paired one-tail t-test. The correlation between 

corresponding parameters in the two models (     and   ,      and   , respectively) was 

evaluated in the same areas, using the Pearson’s correlation coefficient. 

Concerning the correlation between dMRI (NODDI and DTI) and the tumor grade a single 

representative value for each parameter of the former was derived to be related to the 

single outcome of neuropathology. Namely, the maximum      and      among the lesion 

ROIs was considered, while      was averaged among all the ROIs, excluding those with 

high cellularity (     > 0.3). This choice was motivated by a different spatial distribution of 

the parameters: generally tumors (especially LGG) exhibit multiple regions with high     , 

possibly with some isolated areas with high      and     . For DTI, the mean, minimum and 

maximum MD and the mean FA among the ROIs were considered. 

The relation between each dMRI parameter and the tumor grade was assessed by 

comparing the mean value of each dMRI parameter in the three groups defined by the 

tumor grades (WHO grade II, III and IV); an unpaired one-tail t-test with unequal variances 

was used to evaluate the statistical significance of the differences. 
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3.3. Results 

3.3.1. Neuropathological diagnosis and conventional MRI 

In the group of 71 patients, 27 were diagnosed with a WHO grade II lesion: 14 

oligodendrogliomas, 6 astrocytomas and 7 oligoastrocytomas. 2 patients presented areas 

with contrast enhancement, 4 had areas of presumed high cellularity basing on trace-

weighted map hyperintensity. 

15 patients were diagnosed with a WHO grade III tumor: 4 anaplastic oligodendrogliomas, 

8 anaplastic astrocytomas and 3 anaplastic oligoastrocytomas. 5 patients presented areas 

of contrast enhancement, 8 had areas of presumed high cellularity. 

29 patients were diagnosed with a WHO grade IV tumor: 28 GBM and 1 gliosarcoma. All 

the 29 patients presented areas of contrast enhancement, 25 had areas of presumed high 

cellularity. 

17 regions of presumed peritumoral edema were identified on the T2-weighted images (16 

in grade IV patients, 1 in a grade III patient). 

3.3.2. Comparison between NODDI and the isotropic diffusion model 

From the subset of 20 patients presenting pathological regions of high cellularity, analyzed 

with both NODDI and the isotropic diffusion model defined in equation (3.3), the ROIs 

having high orientation dispersion (ODI > 0.4) were selected, resulting in a dataset of 

parameters from the two models for 44 ROIs. 

The comparison of the BIC between the two models showed a better performance of 

NODDI in all the ROIs. The mean BIC was 609.88 ± 134.99 for NODDI and 671.71 ± 

163.72 for the isotropic model. Considering only the 25 pathological areas with high 

cellularity (     > 0.3), which are the primary target of this analysis, the mean BIC was 
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631.53 ± 175.39 for NODDI and 700.43 ± 206.89 for the isotropic model. In both cases a 

paired t-test demonstrated statistical significance of the differences (p < 0.001). 

In the same ROIs, the volume fractions estimated by the two models (     and   ,      and 

  , respectively) were compared. 

A very good correlation was found both between      and    (figure 3.4) and between      

and    (figure 3.5); the Pearson’s correlation coefficients were 0.903 and 0.961, 

respectively. However, some important differences in the absolute values of the estimated 

fractions can be noticed: the angular coefficients of the lines of regression were 0.272 for 

     vs.    and 0.619 for      vs.   , respectively. So, if the isotropic model is considered as 

a valid reference in areas of low diffusion anisotropy, NODDI tends to underestimate both 

the volume fractions, especially     . 

According to these results, NODDI can fit the data well even in regions with relatively high 

isotropic restriction; the estimated volume fractions can be meaningful parameters for 

comparing different lesions, but their absolute value displays a consistent scaling error. 

Indeed, the relation between      and the real restricted volume can be affected by the 

simplification of sticks with null radius. 

 

 

Figure 3.4. Correlation between 𝑓𝐼𝐶𝑉 and 𝑓𝑅 in 44 ROIs with ODI > 0.4 
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3.3.3. Estimated DTI and NODDI parameters 

In this paragraph, a qualitative overview of the estimated NODDI and DTI parameters in 

the different types of lesions will be presented, with particular reference to the 

differentiation between tumor grades. For each tumor grade, the typical pattern of NODDI 

and DTI parameters will be presented, and some representative plots will be shown. 

In the great majority of grade II gliomas the most evident result was an increase of      

with respect to the contralateral healthy tissue (figure 3.6 and 3.7). MD was slightly 

increased with respect to the healthy tissue; FA was reduced and ODI was increased with 

respect to the contralateral WM, generally with a diffusion anisotropy similar or even 

smaller than the healthy GM. 

In 2 cases there were areas with relatively increased      with respect to the rest of the 

lesion (see the second bar in figure 3.8); in these areas MD was relatively low. 

Figure 3.5. Correlation between 𝑓𝐸𝐶𝑉 and 𝑓𝐹 in 44 ROIs with ODI > 0.4 
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Figure 3.6. Parameters estimated by NODDI (𝑓𝐸𝐶𝑉, 𝑓𝐼𝐶𝑉, 𝑓𝐼𝑆𝑂 and 𝑂𝐷𝐼) and by DTI (MD and 
FA) in an oligodendroglioma showing typical characteristics of grade II gliomas. The bar graph 
on the left side shows the mean relative fractions of the three compartments estimated by 
NODDI in each ROI, while the bar graphs on the right side show the mean and standard 
deviation (error bars) of ODI, MD and FA in each ROI. 
The first two ROIs were placed in different regions of the tumor, while the other two ROIs were 
placed in the contralateral GM and WM, respectively. 

Figure 3.7. Parameters estimated by NODDI and by DTI in an oligodendroglioma showing 
typical characteristics of grade II gliomas. The bar graphs have the same meaning as in figure 
3.6. The first two ROIs were placed in different affected regions, while the other two ROIs were 
placed in the corresponding contralateral areas. 
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In grade III gliomas few different patterns of NODDI parameters were found considering 

the population of this study. 

Some cases presented very similar characteristics to those described for grade II: tumors 

with increased      and MD with respect to the healthy contralateral regions and low FA 

even when the lesion was in a WM area (figure 3.9). 

However, in several cases regions with relatively high      were found, usually 

corresponding to areas of hyperintensity in the diffusion trace-weighted maps. With 

respect to the areas with high     , these regions had lower MD values, usually 

comparable or even lower than the contralateral healthy tissue. They were interpreted as 

regions of higher tumor cellularity, likely the most aggressive parts of the tumors. 

In some patients areas with high      were detected together with areas with high      (as 

the first ROI in figure 3.10), while in other cases all the considered affected ROIs had high 

     (figure 3.11). 

Figure 3.8. Parameters estimated by NODDI and by DTI in an oligoastrocytoma with an area 
with increased cellularity. The bar graphs have the same meaning as in figure 3.6. The first two 
ROIs were placed in the bulk tumor and in the nodule with higher dMRI intensity; the third ROI 
was placed in the contralateral WM. 
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In two patients, areas with increased      and MD were detected. 

 

 

 

 

Figure 3.9. Parameters estimated by NODDI and by DTI in an anaplastic astrocytoma without 
areas of increased cellularity. The bar graphs have the same meaning as in figure 3.6. The first 
two ROIs were placed in different regions of the tumor, while the other two ROIs were placed in 
the contralateral GM and WM, respectively. 
 

Figure 3.10. Parameters estimated by NODDI and by DTI in an anaplastic oligoastrocytoma 
with an area of presumed increased cellularity. The bar graphs have the same meaning as in 
figure 3.6. The first two ROIs were placed in different regions of the tumor, while the other two 
ROIs were placed in the contralateral GM and WM, respectively. 
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Grade IV gliomas were generally very heterogeneous both on conventional MRI images 

and in the distribution of estimated NODDI parameters. 

In most of the cases, regions with increased      were found, usually in the core of the 

tumor; they were interpreted as necrotic areas. In these areas      ranged from very large 

fractions as in the first ROI in figure 3.12 and in figure 3.13 to relatively smaller fractions as 

in the second ROI shown in figure 3.14, but always much larger than in the healthy tissue. 

The MD was generally increased, but with a certain variability. 

Regions with contrast enhancement, as the second ROI in figure 3.12 and in figure 3.13, 

were associated with relatively increased      and      and relatively high MD. 

In most of the lesions, regions with high      were found, with the same features described 

above for the areas of presumed high cellularity in grade III gliomas. See for example the 

third ROI in figure 3.13 and the first one in figure 3.14 

Figure 3.11. Parameters estimated by NODDI and by DTI in an anaplastic oligoastrocytoma 
with areas of presumed increased cellularity. The bar graphs have the same meaning as in 
figure 3.6. The first two ROIs were placed in different regions of the tumor, while the other two 
ROIs were placed in the contralateral GM and WM, respectively. 
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In some patients, regions with increased      were detected, with characteristics similar to 

those described for grade II gliomas. They were interpreted as areas with low cellularity 

but not necrotic, probably the less aggressive parts of the tumor, at an earlier stage of 

development with respect to the rest of the lesion. See for example the fourth ROI in figure 

3.14. 

In several grade IV patients peritumoral areas of presumed vasogenic edema were 

detected (for example, the third ROI in figure 3.12 and in figure 3.14). These areas were 

associated with increased      and      and with a low    , usually comparable with that 

of healthy WM. MD was high, FA was low compared to the healthy WM. 

Considering the 17 ROIs of presumed vasogenic edema, they all had     < 0.2,     > 0.15 

and     < 0.3, with only one exception with higher    . On the contrary, it was not 

possible to identify univocal DTI parameters for edema: MD is generally high, but with a 

relative degree of variability, and FA was generally quite low, ranging from 0.05 to 0.25. 

The impact of this finding on tractography is discussed in the next chapter. 

 

Figure 3.12. Parameters estimated by NODDI and by DTI in a representative GBM with areas 
of presumed necrosis, contrast enhancement and edema. The bar graphs have the same 
meaning as in figure 3.6. The first three ROIs were placed in different regions of the tumor and 
edema, while the other two ROIs were placed in the contralateral GM and WM, respectively. 
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Figure 3.13. Parameters estimated by NODDI and by DTI in a representative GBM with an 
area of presumed increased cellularity. The bar graphs have the same meaning as in figure 
3.6. The first three ROIs were placed in different regions of the tumor, while the other two ROIs 
were placed in the contralateral GM and WM, respectively. 
 

Figure 3.14. Parameters estimated by NODDI and by DTI in a representative GBM with an 
area of increased extracellular volume. The bar graphs have the same meaning as in figure 
3.6. The first three ROIs were placed in different regions of the tumor and edema, while the 
other two ROIs were placed in the contralateral GM and WM, respectively. 
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In summary, the parameters estimated by NODDI had quite different distributions among 

the ROIs delineated in tumors with different WHO grade. On the contrary, DTI parameters 

were not very informative: MD values were generally quite high, but not specific to the 

different lesion types; only in the areas with presumed high cellularity relatively low MD 

values were found rather consistently. FA values provided no specific information about 

the lesions. In the following paragraph, a more quantitative approach will be used for the 

correlation between NODDI and DTI parameters and the tumor grade. 

3.3.4. Correlation between dMRI parameters and the tumor grade 

The mean     , maximum      and maximum      were calculated among the ROIs in each 

lesion, and then compared between the grade II, grade III and grade IV gliomas to 

investigate the possibility to differentiate between different tumor grades basing on the 

microstructural parameters estimated by NODDI. 

The average features of grade II and grade III gliomas were similar (grade III cases 

presented only a slight increase of      and     ), while grade IV gliomas had lower     , 

higher      and higher      compared to the other two groups (figure 3.15). 

 

 

Figure 3.15. Bar graph showing the mean 𝑓𝐸𝐶𝑉 , maximum 𝑓𝐼𝐶𝑉  and maximum 𝑓𝐼𝑆𝑂 
averaged among the patients with grade II, grade III and grade IV gliomas, respectively. 

The significant differences are marked with stars. 
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The differences between grade II and grade IV and between grade III and grade IV were 

significant for all NODDI parameters (p < 0.01), while none of them showed statistically 

significant differences between grade II and grade III gliomas. 

Considering DTI parameters, the mean MD and FA were calculated among the ROIs in 

each patient; moreover, the minimum and maximum MD were considered, because they 

were assumed to be the best DTI indices of areas of increased cellularity and necrosis, 

thus corresponding to the maximum      and     , respectively. 

No DTI parameter showed important differences between grade II and grade III groups, 

while grade IV gliomas had slightly lower mean MD, a lower minimum MD and a slightly 

higher maximum MD. The FA looked uninformative to the tumor grade. 

Only the difference in mimimum MD between grade II and grade IV groups was significant 

(p < 0.01) 

 

 

 

 

Figure 3.15. Bar graph showing the mean, minimum and maximum MD and the mean FA 
averaged among the patients with grade II, grade III and grade IV gliomas, respectively. 

The significant differences are marked with stars. 
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3.4. Discussion 

In this study, the dMRI data from 71 patients with brain gliomas were analyzed with 

NODDI to investigate the possibility of this model to characterize the microstructural 

features of the different types of tumors. 

In a preliminary step, NODDI results in a subset of 20 patients were compared with those 

from an isotropic diffusion model to understand if NODDI can be useful also in areas with 

isotropic restriction. This comparison showed a better performance of NODDI (evaluated 

by the BIC) in all the considered regions with relatively high orientation dispersion.  

Moreover, the corresponding volume fractions of the two models were highly correlated, so 

it was possible to conclude that a relatively high value of      associated with a high value 

of  ODI could be an index of isotropic restriction. However, a scaling error in the absolute 

values of the estimated volume fractions was also noticed. In particular, the      estimated 

by NODDI was always much smaller than the    estimated by the isotropic model. This 

could be expected from the mathematical form of the intracellular space in NODDI, 

modeled as a set of sticks with free diffusion along the axis of each stick and perfectly 

restricted diffusion in the perpendicular direction. When the     is high, the set of sticks 

can be thought as approximately equivalent to the “average” of a compartment with 

isotropic restriction (coming from diffusion in the perpendicular directions of each stick) 

and a compartment with isotropic free, or at least hindered, diffusion (coming from 

diffusion along the sticks). Thus, the volume fraction of the compartment with truly 

restricted diffusion is smaller than the      estimated by NODDI. 

As a conclusion about this preliminary experiment, NODDI is sensitive to isotropic 

restricted diffusion, as is expected in regions of high cellularity inside brain tumors, but the 

numeric values of the estimated volume fractions have to be considered carefully; however, 
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they should be still useful when comparing data from different regions or different subjects 

acquired in the same conditions. 

Once these preliminary results confirmed the possibility to investigate the microstructural 

features of brain tissues including isotropic restriction, the analysis of NODDI and DTI 

parameters was extended to all the patients in the studied population. Multiple ROIs were 

drawn for each patient in the affected and contralateral healthy areas identified on T2-

weighted and contrast-enhanced MRI. The patients were classified according to the tumor 

grade defined by the neuropathological analysis and the difference in NODDI and DTI 

parameters between groups were examined. 

In almost all the ROIs analyzed in grade II gliomas, NODDI provided high      values, with 

reduced     . This suggests that these tumors have low cellularity, since most of water is in 

the extracellular space. 

Also in grade III gliomas ROIs with increased      were found, but in several cases there 

were additional regions with relatively increased     , presumably associated with high 

cellularity. 

In grade IV gliomas, areas with different features were typically observed: some ROIs had 

very high      (presumably necrotic or cystic areas), some had both increased      and 

relatively high      (usually associated with contrast-enhancement), and others had 

relatively high      (high cellularity). Peritumoral areas of presumed edema had increased 

     and      (reduced     ) with relatively low    . 

However, this classification had some exceptions: for example, few ROIs with presumed 

high cellularity or with high      were found in grade II tumors, and ROIs with presumed 

low cellularity (    ) were found in grade IV cases. 

A quantitative group-analysis showed statistically significant differences in NODDI 

parameters between grade IV and both grade II and III, with a reduction of      and an 

increase of maximum      and      in grade IV cases. These changes are coherent with 
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the previous qualitative analysis, since in grade IV patients less ROIs with low cellularity 

and more ROIs with high cellularity or necrosis were detected. 

DTI parameters were much less specific to the different kinds of lesions identified. In 

particular, MD values were generally increased with respect to the contralateral healthy 

tissues, but similar values were obtained in many cases with a quite different appearance 

on conventional MRI and different NODDI volume fractions; for example, both areas with 

increased      and areas with relatively high      had similarly increased MD. The only 

exception was the quite consistent detection of areas with low cellularity by low MD values, 

comparable or even smaller than in healthy regions. 

FA values were not informative about the lesional features; quite low values were usually 

found in affected ROIs, and the differences among them appeared to be more correlated 

with the anatomical location of the tumor (WM lesions tended to have higher FA) than with 

the microstructural changes induced by the tumor itself. 

The only statistically significant difference in DTI parameters shown by the group-analysis 

was a reduction of the minimum MD in grade IV cases with respect to grade II (but not 

grade III) cases. This result probably corresponds to the increase in      observed by 

NODDI, because both are assumed to be indices of the presence of highly cellular regions. 

Instead, the other findings by NODDI (reduced portion of ROIs with low cellularity and 

increase of necrosis) were not evident with DTI, as could be expected from the qualitative 

results described above. 

It can be concluded that DTI is much less specific than NODDI in the differentiation 

between tumor grades and in the microstructural characterization of the various lesions 

and lesion components. 

The main limitation of this study is the lack of precise correspondence between the ROIs 

identified on MRI for the analysis of NODDI and DTI parameters and the bioptic samples 

used for the neuropathological examination. Thus, the dMRI parameters obtained in the 
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various ROIs had to be combined to perform a correlation analysis with the tumor grade, 

which in turn were defined on a sample with unknown spatial relationship with the MRI 

ROIs. As a consequence, it was not possible to validate NODDI findings in terms of the 

regional variation of neuropathological features. A rather obvious future extension of this 

work would be a study with bioptic samples extracted from the same locations of the ROIs 

drawn on MRI (or vice-versa). This would allow a more precise correlation between 

NODDI results and histopathological measures, for example indices of cellularity or tumor 

proliferation. However, the findings of this work are compatible with the known features of 

the different glioma grades and with the appearance of the examined ROIs on on T2-

weighted and contrast-enhanced images. Then it is expected that the validity of these 

preliminary results will be confirmed by neuropathological validation. 

If NODDI results in the differentiation between the lesion components will be validated, a 

further step would be to identify precise thresholds for a classification of affected areas by 

NODDI parameters, as shown in paragraph 3.3.3 for peritumoral edemas, which could not 

be easily identified basing on NODDI parameters. However, this task arises several issues 

about the meaning of the absolute values of the estimated parameters. 

First of all, no model is perfect: NODDI allows a good fitting of clinical dMRI data, but it 

implies many assumptions on the underlying tissue and the interpretation of the estimated 

volume fractions could be not very straightforward in some cases, as highlighted in the 

case of isotropic restriction. Moreover, NODDI is a single fiber model as DTI, and could 

provide not correct results in areas of fiber crossing, but this should not be a relevant issue 

in tumor areas. 

Even if the hypotheses of the model about the geometrical features of the tissue were 

perfectly satisfied, the volume fractions are relative to the signal and not to the amount of 

water present in the voxel, which could be quite variable between different regions, 

especially in brain tumors. Moreover, they are estimated from images with relatively high 
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T2-weighting and the different T2 values among the compartments is not taken into account 

by NODDI, so the estimated fractions themselves are T2-weighted. This problem could be 

solved by estimating proton-density and T2 from images acquired with multiple echo times, 

but this would require a more complex acquisition scheme with a longer acquisition time, 

which would limit its clinical application. Alternatively, the found volume fractions could be 

normalized using an internal reference, such as the contralateral tissue, but this could 

introduce biases because the microstructural features of normal brain have a certain 

degree of variability among anatomical locations. 

Finally, similar NODDI parameters could be found in quite different conditions. For 

example, the tumor components with high cellularity, which are assumed to arise from 

previously low-cellularity lesions, have often similar volume fractions to the healthy tissue 

(see figures 3.8, 3.11 and 3.13). Thus, it is possible that a tumor component at a very 

initial stage, with only a limited increase of     , has very similar volume fractions to a 

high-grade lesion with increased cellularity. Therefore, NODDI parameters alone may be 

insufficient for an accurate classification of lesions in some cases, and have to be 

combined with data from conventional MRI or other sources. 

In conclusion, this work provided promising preliminary results about glioma differentiation 

and characterization based on NODDI, even though this procedure presents many 

challenges. If these findings are validated, NODDI could be a very useful tool for the 

diagnosis and the planning of therapy and/or surgery in brain tumor patients. 
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4. NODDI-BASED TRACTOGRAPHY IN 
PERITUMORAL EDEMA 

 

 

Fast is fine, but accuracy is everything. 

Xenophon 

 

 

This chapter addresses the enhancement of fiber reconstruction in peritumoral edema 

where Diffusion Tensor tractography fails due to decreased FA, but surgical planning may 

consider the preservation of important surviving bundles. NODDI, based on its simplified 

description of fibers and their distinction from the extracellular compartment and free water 

is a good candidate for more sensitive and specific detection of fiber direction, though 

feasible from data achievable in clinical scans. 

Results were described in [Figini 2014a] and a preliminary presentation was given in 

[Figini 2014b]. 

4.1. Introduction: Tractography in oncological neurosurgical planning 

Diffusion tractography (paragraph 1.6) is widely used in research studies to qualitatively 

evaluate the presence and the path of bundles connecting brain regions, or to 

quantitatively compare them in terms of “connection strength”, even though the validity of 

the latter approach has been discussed [Jones 2010]. 

It also plays an important role in glioma surgery. When planning and performing a 

neurosurgery operation, it would be fundamental to define the boundaries of the lesion and 

whether the surrounding areas contain important WM bundles or have residual 

http://www.brainyquote.com/quotes/quotes/x/xenophon176310.html
http://www.brainyquote.com/quotes/authors/x/xenophon.html
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functionality, in order to preserve undamaged tracts; Diffusion tensor tractography (DTT, 

[Mori 1999, Basser 2000]) is widely used for this purpose, together with other techniques, 

such as functional MRI (fMRI) and intraoperative electrical stimulation [Black 1987, Bizzi 

2009, Ng 2010, Dimou 2013]. In particular, the presurgical planning usually includes fMRI 

to identify areas involved in specific functional tasks, and DTT to reconstruct the trajectory 

of structurally undamaged WM tracts. Both fMRI and DTT results can be visualized in 

neuronavigation systems during surgery (figure 4.1), and their spatial relationship with the 

tumor is taken into account to resect the maximum part of the affected tissue without 

causing neurologic deficits [Wolbers 2014]. In this phase, subcortical electrical stimulation 

is usually applied to further validate the detection and localization of still functional areas to 

be preserved by the surgeon [Bello 2008]. 

 

 

However, in some cases DTT fails to reconstruct WM tracts that are still intact and 

functional, but surrounded by damaged brain tissue. This limitation is mainly related to the 

termination criteria generally used in DTT, based both on a maximum angle between the 

Figure 4.1. Visualization of DTT and fMRI results in neuronavigation for neuro-oncological 
surgery. Left: DTT reconstruction of the arcuate fasciculus. Left and right: fMRI showing the 
brain areas activated in a verbal fluency task. Reproduced from [Wolbers 2014] 
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directions in adjacent voxels to avoid unnaturally sharp bends and on a threshold on FA to 

prevent the reconstruction of tracts where the estimation of directions is not reliable 

(paragraph 1.6). FA is not very specific: a low value of FA could be related to different 

conditions, for example to isotropic diffusion, such as in the CSF, to the presence of WM 

fibers with no prevalent direction, such as in the case of “fiber crossing”, or to partial 

volume between WM and isotropic tissues. In the last case fibers with a coherent direction 

may be present, but not reconstructed by DTT due to the reduction of FA. 

A common case in oncological presurgical mapping in which DTT shows this limit is the 

reconstruction of fibers through areas of vasogenic edema, where DTI parameters do not 

characterize the tissue properly, as already discussed in paragraph 1.3. In areas of 

vasogenic edema low FA values are found [Lu 2003, Provenzale 2004], and almost no 

streamlines are reconstructed by DTT regardless of the actual state of underlying WM 

[Yamada 2003, Schonberg 2006, Bizzi 2009]. Conversely, it is common evidence that in 

those regions still functional tracts may be found, confounded by the abnormal presence of 

CSF. This was demonstrated by histology [Kuroiwa 1994], magnetic source imaging 

[Schiffbauer 2001] cortical stimulation [Berman 2004]. Moreover, a case was reported 

[Yamada 2003] in which the CST, initially not detected by DTT because of the presence of 

edema, was successfully reconstructed after the resection of the tumor and consequent 

reduction of edema. 

Since the limitation of DTT in areas of partial volume is mainly related to its inadequacy in 

differentiating the characteristics of multiple compartments (the signal in each voxel is 

characterized by a single tensor), the use of a multicompartmental model could help to 

overcome it. In clinical applications, the recently proposed NODDI [Zhang 2012] seems 

advantageous over other models, because it provides specific microstructural parameters 

with a clinically-feasible acquisition scheme (paragraph 1.5). 
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The purpose of this work is to assess the feasibility of a NODDI-based tractography 

procedure (NODDIT) in brain tumor patients and the advantage over DTT. In particular, 

the utility of NODDI parameters to identify the presence of coherent fibers within vasogenic 

edema was investigated; the advantage of NODDI (and other multi-compartment models) 

over DTI is that it provides parameters specific to the WM compartment, thus solving 

partial volume issues, at least on a theoretical level. In particular, NODDI quantifies the 

amount of non-free diffusion, associated to brain tissue, thus NODDIT can use two 

separate thresholds to detect the presence of structures and to specifically evaluate the 

orientational coherence of fibers. On the contrary, in DTT the same parameter (FA) is used 

to assess both these conditions. 

To allow a fair comparison with DTT, NODDIT parameters were first calibrated to have a 

performance as similar as possible to DTT on normal WM and next assessing the different 

outcomes in edema. 

4.2. Materials and methods 

4.2.1. MRI Acquisition, pre-processing and model fitting 

The brain tumor patients selected for this work are a subset of the population of the study 

on the microstructural characterization of brain tumors described in chapter 3. The same 

acquisition, pre-processing and fitting procedures explained in paragraphs 3.2.1 and 3.2.2 

were followed here, with the only exception of the analysis based on the isotropic diffusion 

model (paragraph 3,2,2). 

In particular, the following parameters estimated by NODDI were considered: the principal 

direction of the intracellular compartment, the orientation dispersion index (ODI) and the 
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volume fraction of the CSF (    ). From DTI, the first eigenvector, the FA and MD were 

considered. 

4.2.2. Selection of the subjects for the study 

From the population of patients with brain tumors described in chapter 3, 10 patients were 

chosen as a control group to calibrate NODDIT algorithm on healthy hemispheres and 

structures (C group) and 10 for analysis in tumor and tumor surrounding structure (T 

group). C subjects were selected according to clinical reports and further inspection by an 

expert neuroradiologist having the following features: no lesion in one hemisphere and on 

both sides of the corpus callosum (CC) and cortico-spinal tract (CST), which were used as 

target structures. T patients were chosen on the basis of the diagnosis of glioblastoma 

multiforme (GBM) with the purpose of differentiating the tumor ROI with damaged fibers 

from the surrounding edema ROI, where preserved fibers are hardly detected by the 

classical DTI analysis.  

4.2.3. ODI threshold calibration 

The aim of this preliminary stage was to investigate the dependence of the results of 

NODDIT on the termination criteria based on both an ODI and a      threshold, and to find 

a way to fairly compare DTT and NODDIT. Therefore we compared NODDIT with different 

ODI thresholds and DTT in healthy regions of C subjects, selected to have lesions only in 

one hemisphere and far from the CC and the CST. 

For NODDIT, the main direction of the intracellular compartment estimated by the model in 

each voxel was used, and different ODI upper thresholds were applied: every 0.05 from 0 

to 0.25, every 0.01 from 0.25 to 0.7 and every 0.05 from 0.7 to 1. A      upper threshold of 



128 
 

0.8 was also applied to exclude the voxels with high contamination of CSF, where the 

estimation of ODI and fiber directions is not robust. 

As a reference, whole-brain tractography was performed from the direction of the first 

eigenvector estimated by DTI in each voxel, with an FA lower threshold of 0.20. 

All the reconstructions were performed with the Interpolated Streamline algorithm for 

deterministic tractography in Diffusion Toolkit [Wang 2007], with an angle threshold of 35°. 

Using Trackvis [www.trackvis.org], inclusive and exclusive ROIs were drawn in order to 

extract the CC and the CST, and they were applied to reconstruct these two tracts from 

the NODDIT obtained with each ODI threshold and from the reference DTT. The number 

of streamlines passing through each voxel was calculated for the CC, for the CST and for 

the whole-brain tractographies, considering only the streamlines longer than 2 cm. 

As a global index of the similarity between NODDIT and DTT, the correlation between the 

number of streamlines reconstructed by NODDIT with each ODI threshold and by DTT in 

each voxel of the healthy WM was calculated; the healthy WM was defined as the set of 

voxels in the hemisphere contralateral to the lesion with at least 95% probability to belong 

to WM according to the segmentation algorithm implemented in SPM 8 [Ashburner 2005]. 

To evaluate the behavior of the two techniques in the reconstruction of specific tracts, the 

reconstructed CC and CST were compared. Specifically, the overlap between the volumes 

of the tracts obtained by NODDIT with each ODI threshold and by DTT was quantified by 

the Dice index [Dice 1945] between the sets of voxels with at least 5 streamlines. 

The dependence of each of the 3 calculated indices (correlation, Dice index on the CC and 

Dice index on the CST) on the ODI threshold was evaluated and an optimal value was 

chosen, providing the results most similar to those obtained with DTI in the healthy WM. 
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4.2.4. Comparison between DTT and NODDIT in the tumor areas 

The main stage of this study aimed to evaluate the results obtained by NODDIT in 

pathological areas of patients with brain tumors. On T patients, with GBM tumors and 

surrounding areas of vasogenic edema, the tractography results obtained in healthy and 

affected regions by DTT and optimized NODDIT were compared. 

Whole-brain tractography was performed with Diffusion Toolkit from DTI directions with FA 

> 0.2, and from NODDI directions with      < 0.8 and with the optimized ODI threshold. As 

in the calibration stage, the number of streamlines longer than 2 cm passing through each 

voxel was considered. 

On each patient’s b = 0 image, 4 ROIs were drawn: in the lesion core, in the peritumoral 

edema, in the contralateral white matter and in the ventricles. The streamline density index, 

which is the mean number of streamlines passing in each included voxel, was evaluated in 

each ROI. 

In order to investigate the dependence of the results in pathological areas on these 

thresholds, the analysis was repeated with additional FA and ODI thresholds (FA = 0.00, 

0.05, 0.10, 0.15, 0.20; ODI = 0.20, 0.30, 0.40, 0.45, 0.46, 0.47, 0.48, 0.49, 0.50, 0.60, 0.70)  

4.3. Results 

4.3.1. ODI threshold calibration 

The correlation between the number of streamlines reconstructed by NODDIT (with 

increasing ODI thresholds) and by DTT (FA > 0.2) (figure 4.2) increased in all the patients 

until an ODI value between 0.45 and 0.5, and then decreased slightly. The ODI value 

corresponding to the maximum correlation, averaged among the 10 patients, was 0.490 ± 

0.018. 
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A second analysis was focused on the overlap between the volumes occupied by the CC 

and CST reconstructed by NODDIT and DTT (figure 4.3). In all the subjects the Dice index 

increased with ODI for values lower than about 0.4 and then remained constant. Thus, 

every ODI threshold higher than about 0.4 is almost equivalent for the reconstruction of 

specific tracts by NODDIT. 

 
Figure 4.4 shows some representative examples of the CST reconstructed by DTT and by 

NODDIT with different ODI thresholds. Note that a significant increase of streamlines is 

observed passing from ODI < 0.3 to ODI < 0.5, while the reconstructions with ODI < 0.5 

and ODI a 0.8 look very similar. 

Figure 4.2. Correlation index calculated between NODDIT and DTT streamlines in each voxel 
of the healthy WM with different ODI thresholds used as termination criteria for NODDIT. The 
different colors correspond to the different subjects. 

Figure 4.3. Dice index between the volume of the CC (left) and CST (right) reconstructed by 
DTT and by NODDIT using different ODI thresholds as termination criteria. The different colors 
correspond to the different subjects. 
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To better understand the behavior reported in figures 4.2, 4.3 and 4.4, the distribution of 

FA and ODI values was evaluated in the voxels occupied by the CST reconstructed by 

DTT and NODDIT, respectively, with no FA or ODI threshold (figure 4.5).While FA shows a 

relatively broad distribution between 0.2 and 0.8, ODI has a narrower distribution centered 

on about 0.2 

 

 

Figure 4.4. Examples of tractographic reconstruction of the CST by DTT and by NODDIT with 

different ODI thresholds in the same subject. 
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Based on these results, an optimal ODI of 0.49 was chosen for the following comparisons. 

To further validate the agreement between DTT and NODDIT with this ODI threshold in 

the healthy tissue, we examined the scatter plot and the Bland-Altman plot (showing the 

mean of two measures on the horizontal axis and their difference on the vertical axis) for 

the number of streamlines found by DTT and NODDIT in all the voxels of the healthy WM 

of all the C subjects (figure 4.7). 

 

 

 

Figure 4.5. Histograms of FA (left) and ODI (right) values in the voxels occupied by the CST 
reconstructed by DTT and by NODDIT without FA or ODI thresholds, respectively. 

Figure 4.6. Scatter plot (left) and Bland-Altman plot (right) of the streamline density found in 
each voxel by DTT with FA > 0.2 and by NODDIT with ODI < 0.49. In the scatter plot, the red 
line is the identity line. In the Bland-Altman plot the mean between NODDIT and DTT 
streamline density is reported on the x axis, while the difference between NODDIT and DTT 
streamline density is on the y axis, The red dashed lines are ±1.96 times the standard deviation 
of the difference (95% confidence interval) 
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In the scatter plot the values are centered on the identity line and have a relatively low 

dispersion. In the Bland-Altman plot the differences are centered on 0 for all the mean 

values and have a relatively low dispersion. Thus it can be concluded that with the 

estimated optimal ODI threshold the number of streamlines estimated by NODDIT and 

DTT are in good agreement: the two techniques provide similar values, with no evident 

bias.  

4.3.2. Comparison between DTT and NODDIT in the tumor areas 

The mean streamline densities provided by NODDIT (with the optimized ODI threshold) 

and by DTT in the healthy WM, tumor core and vasogenic edema, averaged among the 10 

T subjects, are shown in figure 4.7 as bar graphs. 

 

In the contralateral WM both techniques provide high streamline densities (between 25 

and 30 streamlines per voxel on average) with no important difference between DTT and 

NODDIT. In the tumor core both tractography methods provide very low streamline 

densities, as expected since no residual tracts are assumed to be present in the tumor 

core of GBM. 

Figure 4.7. Mean streamline density found by DTT and NODDIT in contralateral healthy WM, 

tumor core and vasogenic edema. 
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On the contrary, in vasogenic edema the mean streamline density estimated by NODDIT 

is significantly higher than that estimated by DTT. For both techniques the results in 

vasogenic edema are intermediate between those in the tumor core and those in healthy 

WM, but NODDIT streamline densities are about 67% than in healthy WM on average, 

while DTT streamline densities are only about 19% than in healthy WM on average. 

The same results are shown in figure 4.8 as a Bland-Altman plot. In both the normal 

appearing WM and the tumor core the difference between NODDIT and DTT streamline 

density is very low, while in vasogenic edemas the differences are much higher (note that  

a positive difference means that NODDIT streamline density is higher than DTT streamline 

density).

 

 

Figure 4.8. Bland-Altman plot for the streamline density found by DTT and NODDIT in areas of 
vasogenic edema, tumor core and contralateral WM in each patient. The dashed lines 
represent the mean difference between NODDIT and DTT streamline density in each region 
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Some additional remarks can be made examining the individual streamline densities 

obtained for each patient (table 4.1). 

As already observed, in the healthy WM, the streamline densities from DTT and optimized 

NODDIT were always comparable and high (between 16 and 36 streamlines per voxel). In 

the tumor cores, very low values of streamline density were obtained from DTT (less than 

0.02 streamlines per voxel in 7 cases out of 10, with a maximum of 1.3 streamlines per 

voxel in the remaining ones). Considering NODDIT, higher densities were obtained in all 

the cases, however they were lower than 1 streamline per voxel in 6 cases out of 10, and 

lower than 3 streamlines per voxel in the remaining ones. 

In the edemas, DTT streamline density was lower than 6 streamlines per voxel in 8 cases 

out of 10, while NODDIT streamline density was higher than 10 streamlines per voxel in all 

the cases (table 1). Only in two cases the number of streamlines reconstructed by DTT 

was almost comparable to that reconstructed by NODDIT. Moreover, these were the only 

cases in which DTI-based streamline density in the edema was of the same order of 

magnitude than in the contralateral WM. By contrast, with NODDI the streamline density in 

the edema was always of the same order of magnitude than in the contralateral normal 

appearing WM, even though slightly lower. 

 

 

Patient 

code 

Streamline density 

contralateral WM tumor core edema 

DTI NODDI DTI NODDI DTI NODDI 

01 26.13 28.25 0.01 0.23 5.52 17.39 
02 30.45 31.95 0.00 0.15 2.98 25.18 
03 16.60 19.39 0.00 0.09 0.53 15.65 
04 21.42 19.93 0.01 0.15 1.79 17.73 
05 37.92 37.14 0.02 0.67 2.40 21.46 
06 26.77 29.07 0.85 1.82 10.74 21.39 
07 24.87 25.98 1.30 2.76 19.16 27.46 
08 28.58 32.19 0.36 2.68 1.99 18.16 
09 27.71 33.88 0.00 2.09 3.74 12.63 
10 31.22 33.94 0.00 0.50 0.41 10.92 

Table 4.1. Streamline density obtained with DTT (FA > 0.20) and NODDIT (ODI < 0.49) in the 
different ROIs for each patient. 
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The analysis in the edema was repeated using different ODI thresholds for NODDIT. The 

difference between NODDIT and DTT streamline density at each ODI threshold is shown 

in figure 4.9. From these experiments it arises that NODDIT streamline density in the 

edemas is higher than DTT for all the thresholds above 0.30 in 8 patients out of 10, and for 

all the thresholds above 0.40 in the other two patients. Thus the enhanced sensitivity of 

NODDIT in reconstructing streamlines in the edema is robust against the error caused by 

a possible overestimation of the optimal ODI threshold. 

 

 

 

Repeating the same analysis with different FA thresholds, the streamline density in the 

edemas increased at lower thresholds, reaching values similar to those obtained by 

optimized NODDI at a threshold of about FA = 0.10 (figure 4.10). 

Figure 4.9. Difference between the streamline density obtained by NODDIT with different ODI 
thresholds and that obtained by DTT in the edema. The different colors correspond to different 
patients. The horizontal black dashed line represents null difference, while the vertical blue 
dashed line corresponds to the optimal ODI threshold used in this study. 
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To evaluate the significance of the previous finding, the streamline density comparison 

was focused on the ventricles, where no fibers at all should be reconstructed. 

NODDIT streamline density in the ventricles was virtually null: lower than 0.05 streamlines 

per voxel in all the patients, with a mean value of 0.02 streamline per voxel. 

DTT streamline density was higher than NODDIT in 9 out of 10 patients at FA = 0.20 

(mean density 0.32 streamlines per voxel), and increased with lower FA thresholds, 

reaching an average value of about 1.6 streamlines per voxel at FA = 0.10 and more than 

8 streamlines per voxel at FA = 0 (figure 4.11). It has to be remarked that a length 

threshold was set to reckon only the tracts longer than 2 cm in the evaluation of the 

streamline density; without this filter, the number of streamlines found by DTT in the CSF 

would have been even much higher with low FA thresholds. 

So DTT can achieve similar results as NODDIT in the edemas by reducing the FA 

threshold, but it produces a larger amount of false positives in regions with high CSF 

content. 

Figure 4.10. Difference between the streamline density obtained by DTT with different FA 
thresholds and that obtained by NODDIT in the edema. The different colors correspond to 
different patients. The horizontal black dashed line represents null difference. 



138 
 

 

 

Figure 4.12 shows two examples of the reconstruction of specific tracts passing through 

edematous areas. In particular, inclusive and exclusive ROIs were manually delineated to 

segment the IFOF and CST in T patients number 02 and 03 respectively. The same ROIs 

were applied both to DTT and NODDIT. 

In the first case (T patient number 02) the IFOF was reconstructed by both the techniques, 

but NODDIT (figure 4.12, A) showed a higher streamline density than DTT (figure 4.12, B) 

on the side of the edema. Note the area of low FA (streamlines colored in yellow) in the 

edematous region around the lesion. 

In the second case (T patient number 03), DTT reconstructed the CST only on the healthy 

side (figure 4.12, C). NODDIT provided streamlines on both sides, with a realistic trajectory 

of the tract on the affected side (figure 4.12, D). 

Also in this case, the streamlines reconstructed by NODDIT in the edema have low FA 

values, which probably prevents the reconstruction by DTT. 

 

Figure 4.11. Difference between the streamline density obtained by DTT with different FA 
thresholds and that obtained by NODDIT in the edema. The different colors correspond to 
different patients. The horizontal black dashed line represents null difference. 
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4.4. Discussion 

In this work a procedure to perform tractography based on NODDI parameters was 

developed and applied it in the analysis of brain tumor patients to investigate its potential 

benefits in areas of vasogenic edema, where standard DTT is usually not able to reliably 

reconstruct WM tracts. 

The first result of this study is the optimization of an ODI threshold to have NODDIT 

reconstructions highly overlapping DTT ones at FA > 0.2 in healthy brain areas. The 

optimal ODI threshold was chosen considering two aspects: the voxel by voxel correlation 

Figure 4.12. Examples of tractographic reconstruction in two representative GBM patients. 
First row: the IFOF was reconstructed from the same ROIs with DTT (A) and NODDIT (B). A 
manual segmentation of the tumor mass is represented in blue. Note the higher streamline 
density in the edema from NODDIT with respect to DTT. 
Second row: the CST was reconstructed from the same ROIs with DTT (C) and NODDIT (D). 
DTT did not allow the reconstruction of any streamline on the side of the edema, while NODDIT 
provided a realistic reconstruction of the CST. 
In all the panels the streamlines are color-encoded according to FA. 
 

A B 

C D 

DTT NODDIT 

DTT NODDIT 
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of the number of streamlines reconstructed by the two techniques, and the 

correspondence between the volumes of the reconstructed CC and CST, evaluated by the 

Dice index. 

Interestingly, the correlation showed only a slight decrease for thresholds higher than the 

optimal one, and the Dice index showed a plateau for high ODI thresholds. This suggests 

the robustness of the NODDIT approach, because the dependence of the results on the 

threshold is low. This result was verified by visual inspection of the tracts reconstructed 

with different thresholds and by evaluating the distribution of FA and ODI values inside the 

tracts. The former demonstrated a gradual increase of the number of streamlines for 

increasing ODI thresholds until about 0.5 and only few changes above this value. The 

latter showed a narrower distribution of ODI with respect to FA, centered on a value of 

about ODI = 0.2; thus, it is quite obvious that increasing the ODI threshold beyond a 

certain limit has little effect on tractography.  

It has to be noted that NODDIT involves an additional threshold on     , which has likely a 

role for this robust behavior at high thresholds. When      is high, the estimation of the 

orientation distribution is unreliable, so it is probable that some potential additional 

streamlines with high ODI are excluded from the reconstruction because they are also 

associated with high      values. 

In the main part of this work NODDIT performance was investigated in brain tumor patients. 

The main result is a significantly higher streamline density in the areas of edema achieved 

by NODDIT (using the calibrated ODI threshold) with respect to DTT. This result is specific 

to edemas, since in this group of patients we verified that the two methods provide similar 

streamline densities in the healthy WM structures contralateral to the tumors. Moreover, 

the values of streamline density found in the edemas by NODDIT are almost comparable 

to those found in healthy WM, while for DTT they are much lower. The difference between 

the performance of NODDIT and DTT is very unlikely due to an error in the calibration step, 
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as could be expected by the robustness of NODDI described above; indeed, we 

investigated the dependence of the estimated streamline densities in the edemas on the 

ODI threshold and found that it is much smaller than the difference between NODDIT and 

DTT for a reasonable calibration error. 

In the core of GBM tumors, where little structure is expected, both DTT and NODDIT found 

low streamline densities as expected. However, it should be noted that the densities found 

by NODDIT, though low, are higher than those found by DTT in all cases. Since no 

histological ground truth was available, it is not clear at this stage whether the additional 

streamlines consistently reconstructed by NODDI in the tumor cores are false positives or 

real structures (fibers or other sources of diffusion anisotropy) better detected by NODDIT 

than by DTT. 

To address the specificity of the proposed method, ROIs were placed in the ventricles, 

where no fibers should be reconstructed at all. Virtually no streamlines were detected here 

by NODDIT. It is worth to remark that this basic specificity feature required a threshold of 

     < 0.8, while a pure ODI threshold didn’t provide an acceptable performance (data not 

shown). On the contrary, DTT showed a non-negligible number of false positives in the 

CSF, especially with the lower FA thresholds necessary to achieve results similar to 

NODDIT in the edema. 

In summary, NODDIT showed noteworthy accuracy: the appropriate settings of threshold 

on the two main NODDI parameters provided both high sensitivity in problematic areas as 

edema and good specificity in areas were few or no fibers were to be expected. The 

multicompartmental nature of NODDI is probably the key factor for the advantage of 

NODDIT over DTT: it allows a greater flexibility in the choice of exclusion and termination 

criteria. 

The visual assessment of the reconstruction of specific tracts confirmed the quantitative 

results and verified that the streamlines found in areas of edema are compatible with 
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known neuroanatomy. In some cases NODDIT allowed the reconstruction of tracts 

completely missed by DTT, while in other cases the tracts of interest were identified by 

both techniques but NODDIT provided a higher number of streamlines. 

The proposed technique could have important applications, especially in presurgical 

mapping. It may provide more reliable tractographic reconstructions in the areas of 

vasogenic edema that would convey crucial information for planning neurosurgery 

operations. The simple acquisition protocol and relatively short acquisition time make this 

method feasible in a clinical setting; the only issue is the long processing time needed for 

the estimation of NODDI parameters (about 10 hours for a typical dataset and a typical 

PC). 

The main limitation of this study is the lack of a ground truth for the validation of the 

reconstructed tracts: we can not be completely sure that the streamlines reconstructed by 

the two methods correspond to real fibers, even though DTT has been validated in many 

cases [Leclercq 2010, Hansen 2011, Seehaus 2012] and the similarity between the main 

tracts obtained in healthy regions with NODDIT and DTT seems encouraging for the 

validity of NODDIT results also in pathological areas. So a major area of future work is the 

validation of the results of NODDIT with techniques as intraoperative electrical stimulation 

or with the detection of WM fibers in bioptic samples. 

Moreover, NODDI is a single fiber model and thus is not advantageous over DTI in areas 

of fiber crossing. In further work, a modified version of NODDI including multiple 

intracellular compartments could be applied for tractography, even though this would 

further increase the post-processing time and would probably require a more complex 

acquisition protocol. Advanced dMRI methods aiming at an accurate estimate of the ODF 

(see paragraph 1.4), such as Spherical Deconvolution, can definitely solve the fiber 

crossing problem, but their performance in edematous areas has to be investigated; this is 
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an interesting topic for future studies, but was not considered in this work of thesis 

because it is focused on multi-compartment models. 

Another possible extension of this work is the application of NODDIT to other brain lesions 

addressed by neurosurgery. In particular, low-grade gliomas may infiltrate WM bundles 

without disrupting them, and it would be very important to assess if the infiltrated fibers are 

still intact; this is not possible with DTI, but a multicompartmental model as NODDI may 

help to distinguish between the tumor and the infiltrated bundle. 

Finally, in this work a standard tractographic algorithm was used and the principal direction 

estimated by NODDI was taken as the only possible fiber direction, considering the ODI 

only as a termination criterion and not accounting for the dispersion of orientations in the 

reconstruction of the pathways. Thus, a possible area of future work is the use of more 

sophisticated algorithms for tractography, possibly with a full exploitation of the information 

provided by NODDI about orientation dispersion. 

In conclusion, this work proposed a feasible method for tractography based on the NODDI 

model and applied it for the study of patients with GBM. It showed that NODDIT allows 

tractography through areas of vasogenic edema in a much more reliable way than DTT, 

with great potential advantages in the field of presurgical mapping.  
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5. CONCLUSIONS 
 

 

Science never solves a problem  

without creating ten more. 

George Bernard Shaw 

 

 

Diffusion MRI (dMRI) is a powerful technique, employing water molecules as endogenous 

probes to study the microstructure of biological tissues. 

DTI is the most widely used dMRI approach, since with a simple acquisition and 

processing protocol, it provides information about the average extent and directionality of 

the diffusive motions of water molecules, which are indirect indices of the presence of 

structures and of their orientations in the studied tissue. The popularity of DTI is also due 

to its sensitivity to pathological changes of tissue microstructure in many diseases. 

However, it is based on rather simplistic assumptions about water diffusion, which are not 

satisfied in many cases, and the estimated parameters are affected by many factors, 

making DTI results not very specific to complex physiological (e.g. fiber crossing) and 

pathological conditions. 

Many advanced dMRI methods have been developed in recent years to overcome DTI 

limitations. In particular, methods based on mathematical models of combined free, 

hindered and/or restricted diffusion in environments with known geometry have gained 

interest because they can provide more specific information about microstructural features 

of tissues. 

The aim of this work of thesis was to evaluate the feasibility and usefulness of model-

based dMRI techniques in clinical studies on neurological diseases. 
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In particular, two neuropathies were studied: Creutzfeldt-Jakob Disease (CJD), 

investigated with specific models derived from neuropathological hypotheses on tissue 

alterations (chapter 2), and brain tumors, investigated with the Neurite Orientation 

Dispersion and Density Imaging (NODDI). The latter study had two aims: to differentiate 

and characterize different kinds of brain glioma (chapter 3) and to test the possibility to 

improve tractography in regions with vasogenic edema (chapter 4). 

5.1. Model-based analysis of dMRI signal in CJD patients 

In the study on CJD, dMRI data acquired with a wide range of T2 and diffusion weightings 

and diffusion times were thoroughly examined with mathematical models based on two 

different hypotheses on the neuropathological origin of the typical dMRI hyperintensity 

detected in CJD patients: extracellular PrPSc deposition and spongiform degeneration with 

the formation of vacuoles restricting water molecules. By comparing the raw MRI data of 

patients and healthy subjects the dependence of the observed signal hyperintensity on the 

acquisition parameters was investigated and optimal MRI parameters that may further 

highlight such hyperintensities in future clinical studies were suggested. This study showed 

that a biexponential or a spherical restricted-diffusion model can fit the data better than the 

generally used mono-exponential model. According to the results of this work, in the 

affected ROIs the main contributions to dMRI signal hyperintensity come from an increase 

of T2 and some form of reduction of the diffusive motions, which is explained as a 

reduction of diffusivities by the mono- and biexponential models and as an increase of the 

restricted compartment in the spherical restricted-diffusion model. Since the two bi-

compartment models performed similarly, it was not possible to conclude whether prion 

PrPSc deposition or spongiform degeneration is a more likely cause of dMRI 

hyperintensities. Either both pathological changes do contribute to the signal abnormality, 
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or the degree of complexity of microstructural pathology is higher than anticipated by the 

two models investigated in this study. Future studies will have to test more sophisticated 

models, for example accounting for vacuole permeability. For the first time this study 

showed that it is feasible to estimate average vacuolar size with MRI. This work can 

represent an important step forward to a better characterization of MRI abnormalities in 

prionopathies and to foster the development of more sensitive sequences for early 

diagnosis and characterization of sCJD. 

5.2. Microstructural features of brain tumors by NODDI 

In the study on the microstructural characterization of brain gliomas with NODDI, dMRI 

data were acquired with a two-shell (i.e., low and high b-value) acquisition protocol from a 

population of patients with neuropathological diagnosis of brain glioma. The data were 

analyzed with NODDI, DTI and, for a subset of patients, with a multi-compartment isotropic 

diffusion model designed to understand NODDI performance in the case of isotropic 

restricted diffusion. 

The comparison between NODDI and the isotropic model showed that NODDI can be 

useful also in regions with isotropic diffusion restriction, even though the values of the 

estimated volume fractions have to be considered carefully in this case. 

The subsequent ROI-based analysis in the full population of patients pointed out the 

possibility to characterize the different tumor types and the different components of each 

lesion with NODDI parameters. In particular, in grade II gliomas regions with high 

extracellular water content were usually identified, while in grade III gliomas additional 

regions with high cellularity were detected and in grade IV gliomas regions with several 

different features were generally found: necrotic areas, areas of enhancement with 

increased extracellular and free water, highly cellular areas and peritumoral edemas. 
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On the contrary, DTI parameters were not very useful for the characterization of the 

different types of lesions: similar high MD and low FA values were found in most of the 

lesions, with the only exception of the areas with highest cellularity. 

When compared between groups of patients with different tumor grades, NODDI volume 

fractions allowed differentiating grade IV from grade II and grade III gliomas. 

If these preliminary results will be validated with a more in-depth correlation with 

neuropathological measures, NODDI could establish itself as a valuable tool for non-

invasive tumor grading and characterization. This would have an important impact on the 

presurgical evaluation of brain tumor patients, which is fundamental to define the strategy 

for chemotherapy, radiotherapy and/or surgery 

5.3. NODDI-based tractography in peritumoral edema 

In the study on tractography in brain tumor patients, an algorithm was developed to 

perform tractography using NODDI parameters. NODDI-based tractography (NODDIT) has 

one main advantage on DTI-based tractography (DTT): it can set termination criteria 

based on more than one parameter to detect the presence of brain tissue (     threshold) 

and to stop the reconstruction when the tract direction is unreliable (ODI threshold), while 

in DTT both these conditions are tested upon the sole FA threshold. 

In a preliminary step, the ODI threshold used as a termination criterion for NODDIT was 

calibrated in order to have results as similar as possible to DTT in the healthy brain tissue. 

Then the optimized NODDIT algorithm was applied in patients with GBM lesions 

surrounded by areas of vasogenic edema. 

The main result of this study is a higher streamline density estimated by NODDIT with 

respect to DTT in the areas of edema in all the considered cases; conversely, in the 

contralateral normal appearing WM and in the tumor core the two techniques showed 
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similar results. The visual inspection of the reconstructed tracts confirmed the quantitative 

results: NODDIT could reconstruct plausible streamlines through areas of edemas, where 

DTT found less streamlines or even failed to reconstruct tracts at all. 

These preliminary results are very encouraging. NODDIT could be used to obtain more 

reliable tractography reconstructions than possible with DTT in brain regions with partial 

volume from pathological tissue, such as in the case of peritumoral edema. 

NODDIT could hence find important applications in neuro-oncology and especially in 

presurgical mapping, to understand if structurally preserved WM tracts pass through the 

edematous regions and what is their spatial relationship with the tumor. 

5.4. Final considerations 

In this work of thesis, model-based dMRI methods have been applied in different 

applications to study the microstructural alterations caused by neuropathies involving GM 

and WM. 

In all the proposed applications, the use of multi-compartment models was advantageous 

over traditional methods and provided more specific parameters of the underlying tissue 

microstructure or of the microstructural changes induced by pathology. 

The translational approach followed by the present work was to choose or develop suitable 

models for specific applications, fit it to the data, thus bringing advanced methodologies 

and protocols to end applications. In general, this aim represents a challenge as to the 

validation and interpretation of methods and results, since the necessary compromise 

between model complexity and connection to the biological ground-truth, and the often 

incomplete knowledge of the latter, render this process neither straightforward nor trivial. 

Furthermore, the hardware features available on clinical scanners (especially the 

maximum gradient amplitude) may limit the accuracy and precision of parameters 
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estimation, thus challenging their interpretation. However, if this limitation is taken into 

account and the results are considered to obtain a contrast between different conditions 

rather than precise numeric values of microstructural features, this issue does not impair 

the clinical application of multi-compartment dMRI methods. 

This procedure is definitely more demanding than that required for a traditional DTI 

analysis, but it is presently the only available way to obtain as unambiguous 

microstructural information as possible on the examined biological tissues. 
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