
 
 

     

        
 

 

 

 

 

DIPARTIMENTO DI INGEGNERIA DELL’INFORMAZIONE 
 

 

CORSO DI LAUREA MAGISTRALE IN  

BIOINGEGNERIA 
 

 

 

 

 

 

NEURONAL DAMAGE AND COGNITIVE IMPAIRMENT IN 

PARKINSON'S DISEASE: THE RELATION AMONG SERUM 

BIOMARKERS, BRAIN ATROPHY AND COGNITIVE 

PERFORMANCE  
 

 

 

 

 

 

        Relatore: Ch.ma Prof.ssa Alessandra Bertoldo  

                Correlatore: Dott. Simone Cauzzo 

 

 

 

 

Laureando: Andrea Ribattezzato 

 

  

                                  

ANNO ACCADEMICO 2023 – 2024 

Data di laurea 05/12/2024

DIPARTIMENTO 

DI INGEGNERIA 

DELL’INFORMAZIONE 

  





i 
 

 

 

Contents 
 

ABSTRACT ......................................................................................................... 1 

1 INTRODUCTION ............................................................................................ 3 

1.1 NEUROIMAGING ...................................................................................... 3 

1.1.1 MAGNETIC RESONANCE IMAGING .............................................. 4 

1.1.2 ANATOMICAL MRI .......................................................................... 11 

1.1.3 FUNCTIONAL MRI ........................................................................... 12 

1.1.4 DIFFUSION MRI ................................................................................ 12 

1.2 MRI MORPHOMETRY ............................................................................ 13 

1.2.1 SURFACE-BASED MORPFHOMETRY........................................... 13 

1.2.2 VOXEL-BASED MORPFHOMETRY ............................................... 14 

1.3 PARKINSON’S DISEASE ........................................................................ 15 

1.3.1 COGNITIVE STATES ........................................................................ 15 

1.3.2 BIOMARKERS IN PARKINSON’S DISEASE ................................. 16 

2 AIM OF THE THESIS .................................................................................. 19 

3 METHODS ..................................................................................................... 20 

3.1 PARTICIPANTS ....................................................................................... 20 

3.2 ACQUISITION .......................................................................................... 20 

3.2.1 MRI ...................................................................................................... 20 

3.2.2 COGNITIVE ASSESSMENT ............................................................. 20 

3.2.3 SERUM ................................................................................................ 21 

3.3 ANALYSIS ................................................................................................ 21 

3.3.1 SURFACE-BASED MORPHOMETRY ............................................. 22 

3.3.2 VOXEL-BASED MORPHOMETRY ................................................. 30 

3.3.3 ANALYSIS OF BIOMARKERS ........................................................ 31 

4 RESULTS ........................................................................................................ 34 

4.1 DATASET DESCRIPTION ...................................................................... 34 



ii 
 

4.2 MORPHOMETRY OF PD AND COGNITIVE STATES ........................ 35 

4.3 COMPARISON BETWEEN VOXEL-BASED AND SURFACE-BASED 

MORPHOMETRY ........................................................................................... 41 

4.4 MORPHOMETRY VERSUS BLOOD BIOMARKERS .......................... 44 

4.5 BLOOD BIOMARKERS, DEMOGRAPHICS AND COGNITIVE 

STATES ........................................................................................................... 63 

5 DISCUSSIONS ............................................................................................... 68 

5.1 LIMITATIONS .......................................................................................... 70 

5.2 FUTURE DIRECTIONS ........................................................................... 70 

6 CONCLUSIONS ............................................................................................. 72 

BIBLIOGRAPHY ............................................................................................. 73 

 

 

  



1 
 

ABSTRACT 
 

Parkinson’s disease (PD) is the second most widespread neurodegenerative pathology after 

Alzheimer’s one. During the early stages it presents highly heterogeneous features and, as time 

progresses, it leads patients to present symptoms of a not only motor nature. Among the main 

motor symptoms, it is possible to find cognitive impairment, apathy, depression, anxiety, 

impulse control disorders, sleep disturbance, fatigue, pain, visual hallucinations and autonomic 

dysfunction. At present, the mechanism by which these collateral symptoms can develop during 

the disease progression and/or what type of physiological factors they are linked to, is not yet 

well understood. The development of new magnetic resonance imaging techniques has had a 

great impact on the characterization of many neurodegenerative pathologies, including 

Parkinson’s disease. 

The objective of this thesis is to carry out a morphometric analysis on the patients' magnetic 

resonance images and to investigate the relationship between morphometric results, blood 

parameters and cognitive status. 

To do this, it was considered a cohort of 57 PD patients, part of which affected by mild cognitive 

impairment (MCI), while another part characterized by a normal cognitive state (NC). The 

structural images considered were acquired using high-field magnetic resonance imaging and 

the sequences used for the morphometry were mainly T1-weighted and FLAIR T2-weighted. 

The biomarkers considered were nuerofilament light chain (NFL), Glial fibrillary acidic protein 

(GFAP), phosporilated Tau 181 and the GFAP/NFL ratio, while the cognitive scales used were 

the Montreal Cognitive Assessment (MOCA) and the Mini Mental State Examination (MMSE). 

To obtain brain morphometrics both a surface-based/voxel-based hybrid model on FreeSurfer 

and a voxel-based model on SPM were used. The morphometry results of the two models were 

compared. From the statistical parameters of the morphometry, the brain volumes were 

extracted and, so, the correlations between those of MCI and those of NC patients were 

calculated. Then, the correlations between volumes and biomarkers were evaluated and 

comparisons on the values of the biomarkers, dividing the population by gender, cognitive state 

and score on the cognitive scales were carried out. 

The results showed that there is a significant linear correlation between FreeSurfer and SPM 

results for most of the cortical volume estimates, although a scaling factor is present, while the 

situation in the subcortex is much more heterogenous, presenting areas for which there is little 

or no correlation. The morphometrics obtained with Freesurfer are in line with the literature. 
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Gray matter atrophy was found in the cingulate, entorhinal, fusiform, parahippocampal and 

temporal cortex, other than in the orbital regions and in the paracentral lobule. 

Trends were observed between volumes and blood biomarkers and statistical tests suggested 

links between biomarker values and demographic parameters like age, gender and cognitive 

status. However, applying the Bonferroni-Holm multiple testing correction method, the 

significance values found earlier did not survive. 

Although the study was limited by the relatively small size of the dataset available, these 

preliminary results highlight how this line of research could reveal new insights in the 

specificity of these biomarkers and further studies could lead to a clearer picture of the 

neurodegenerative phenomenon dictated by Parkinson’s disease in all its aspects. 
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Chapter 1 

INTRODUCTION 

1.1 NEUROIMAGING 

The field of neuroimaging deals with the study of the brain through visual representations of its 

structure, function and connectivity (1). The visualization of the brain in two or three 

dimensions allows a human user (e.g. a physician) to draw results for diagnostic or research 

purposes. This need calls for the use of a variety of visualization and image processing 

techniques to process images and to make them more understandable and more useful for 

human users. 

The main objective of neuroimaging is to better understand the functioning of the brain, both 

in normal and pathological conditions, through the direct observation of its activities and 

anatomical characteristics (2). 

Neuroimaging techniques such as structural magnetic resonance imaging (sMRI) and computed 

tomography (CT) enable detailed visualization of the anatomical structure of the brain, 

including brain tissues, lesions, and structural anomalies (3). Techniques such as functional 

magnetic resonance imaging (fMRI), electroencephalography (EEG), and 

magnetoencephalography (MEG) allow real-time observation of brain activity at rest or during 

cognitive, emotional, or behavioural tasks (4). Through diffusion tensor imaging (DTI) it is 

possible to map neural connections in the brain and study the brain circuits involved in various 

cognitive and behavioural functions (5). 

The field of neuroimaging has important applications in scientific research, clinical practice, 

neurology, and psychiatry. Neuroimaging can be used to better understand the neural bases of 

neurological and psychiatric diseases, diagnose brain lesions, monitor the progression of certain 

clinical conditions, and evaluate the effectiveness of pharmacological or therapeutic 

treatments(6). Moreover, neuroimaging is crucial for the development and improvement of 

neurotechnologies, such as neurofeedback, non-invasive brain stimulation, and brain-computer 

interfaces, which have the potential to transform the treatment of various neurological and 

psychiatric conditions (7). 
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1.1.1 MAGNETIC RESONANCE IMAGING 

Magnetic Resonance Imaging (MRI) consists of a set of techniques that, by exploiting the 

magnetic and electrical properties of the electron, allows the study of biological tissues through 

the assessment of the absorption of radiofrequency and microwave energies by the electron 

subjected to an external magnetic field (8). A fundamental characteristic of Magnetic 

Resonance Imaging (MRI) is the use of low-energy electromagnetic radiation that does not alter 

or destroy the substances under study and has no harmful effects on biological molecules.  

The main components of a magnetic resonance imaging (MRI) system include: 

1. Magnet: The magnet is the primary component of the MRI system and generates a 

uniform static magnetic field within which the patient is positioned during the 

examination. 

2. Radiofrequency coils: These coils emit radiofrequency pulses used to manipulate the 

magnetic field within the patient and to detect signals generated by protons in the body 

during the examination. 

3. Gradient magnetic system: This system consists of magnetic gradients that allow the 

creation of weak but directed magnetic fields in different directions. These gradients are 

used to encode spatial information during image acquisition. 

4. Computer and image processing software: After signals are detected by the 

radiofrequency coils, they are sent to a computer that uses specialized software to 

process the data and generate final images. 

5. Control console: This is the interface that allows operators to control the MRI system, 

set examination parameters, and monitor the patient during the scan. 

6. Patient bed: The bed on which the patient is positioned slides in and out of the MRI 

machine during the examination. 
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Figure 1: Schematic representation of the MRI coils and the relative position of the patient (image from (9)) 

 

When the patient is positioned inside the MRI machine, the protons present in the body tissues 

are aligned with the static magnetic field. A radiofrequency pulse is applied, causing a 

temporary disturbance in the alignment of the protons. When the pulse is turned off, the protons 

release energy and gradually return to their initial state of alignment to the static magnetic field. 

The MRI machine detects the signals emitted by the protons as they return to their state of 

magnetic alignment. These signals are processed to create detailed images of the body tissues. 

The reference system adopted in this technology is the one reported below (Figure 1). In these 

figures, the one on the right side describe the reference system and the terminology adopt while 

the image on the left describe how it is applied the static magnetic field from the main coil that 

produce the polarization of all the magnetic dipoles relative to each molecule and atoms. This 

magnetic field lead to the same orientation of all the magnetic dipoles inside our body. This is 

a crucial step, which we will describe it later deeply, to have the same position and orientation 

for all the dipoles of our body. 

 

Figure 2: MRI Reference System. M0, or B0, is the static magnetic field. The reference system is organized in such a way that 

the z axis coincides with the direction and direction of B0 (or M0), while the x and y axes lie on a plane perpendicular to z 
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Figure 3: Orientation of the main magnetic. The reference system z axis of is parallel to B0 and longitudinal with respect to 

the patient (image from (9)) 

 

When an atom, with an odd number of protons and/or neutrons, is placed in a magnetic field, 

its nucleus aligns either parallel or antiparallel to the direction of the field lines, and it rotates 

around its axis at a specific frequency (Larmor frequency). By providing energy in the form of 

radio waves tuned to the Larmor frequency, the nucleus absorbs this energy and enters an 

unstable state. After the RF pulse is ceased, the nucleus returns to its initial condition, emitting 

a radio wave that can be captured and analysed by the apparatus. 

Since the human brain is predominantly composed of water, there is an abundance of free 

hydrogen protons. At rest, these hydrogen protons rotate around their own axis and, being 

positively charged, induce a small polar magnetic field known as the magnetic moment or spin. 

The spin (also called angular momentum) is a vector quantity, which has a value of +/- 1/2. In 

the absence of an external magnetic field, each proton aligns randomly in space, resulting in a 

zero magnetic moment, but applying an external magnetic field (homogeneous and constant 

over time), individual particles align themselves according to the direction of the magnetic field, 

much like the needle of a compass aligns itself with the direction of the Earth's magnetic field, 

positioning itself parallel or antiparallel (10). 

Considering that the magnetic axis of the proton tends to align itself with the direction of the 

magnetic field in an oscillating manner, and that this oscillation combines with the rotational 

motion inherent to the particle (spin), we will have a complex movement of rotation on a conical 

surface with the axis being the direction of the magnetic field. The movement is very similar to 

that of a spinning top, which oscillates around its own axis of rotation. It's important to know 

the speed of this movement measured as the precession frequency (the number of precessions 

per second) (10). The speed of the precession movement, measured as a frequency, increases 
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proportionally with the intensity of the external magnetic field and varies from atom to atom 

depending on the gyromagnetic constant (10). The relationship that links these quantities is 

called the Larmor equation: 

𝜔0 = 𝛾 ∗ 𝐵0 

where 

𝜔0 = 𝑝𝑟𝑒𝑐𝑒𝑠𝑠𝑖𝑜𝑛 𝑎𝑛𝑔𝑢𝑙𝑎𝑟 𝑠𝑝𝑒𝑒𝑑 𝑜𝑟 𝑝𝑟𝑒𝑐𝑒𝑠𝑠𝑖𝑜𝑛 𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦 

𝛾 =gyromagnetic constant 

𝐵0 = 𝑠𝑡𝑎𝑡𝑖𝑐  𝑚𝑎𝑔𝑛𝑒𝑡𝑖𝑐 𝑓𝑖𝑒𝑙𝑑 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 

 

By positioning a patient in an MRI machine, like in any magnetic field, the patient behaves like 

a magnet, forming its own magnetic field. We cannot quantify longitudinal magnetization, as it 

presents a direction parallel to that of the external magnetic field. So, it is necessary to disturb 

this system so that a new magnetization is generated in the transverse direction to the previous 

one. To achieve this, a short-duration electromagnetic wave, which we call an RF pulse, is sent 

to the patient. This pulse is intended to disturb the protons uniformly, aligning them parallel to 

the external magnetic field. Not all radiofrequency pulses disturb the alignment of protons, but 

only some can change their energy. Only when the RF pulse and the protons have the same 

frequency, the protons can absorb energy from the radio pulse (a phenomenon called 

resonance). The pulse must have the same frequency: if it were not the case, the energy 

exchange would be lower or impossible because it would not match the speed of the protons. 

The Larmor equation allows to calculate this frequency so as to determine the frequency of the 

RF pulse to be sent. 
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Figure 4:  Protons longitudinal magnetisation recovery following a 90° radiofrequency (RF) pulse (image from (9)) 

 

 

The radio wave has two effects on the protons: 

● It causes some protons to transition to a higher energy level (they align downwards). 

● It causes the protons to precess in phase. The first effect results in a decrease in 

longitudinal magnetization. The second effect establishes a new magnetization in the 

"X-Y" plane, transverse, which moves around with the precessing protons. 

 

Once the RF pulse is turned off, the system tends to return to equilibrium (reaching its state of 

minimum energy) by releasing the energy absorbed during excitation. This occurs through two 

independent processes: longitudinal relaxation and transverse relaxation. 

Longitudinal relaxation, also known as spin-lattice relaxation or T1 relaxation, is named after 

the time constant that governs this process. T1 relaxation refers to the process of recovering 

longitudinal magnetization through the exchange of energy with the surrounding environment. 
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Figure 5: T1 and T2 relaxation rates for different brain tissue classes (image form (8))  

 

 

T1 is the longitudinal relaxation time (thermal relaxation time or spin lattice relaxation time). 

The T1 relaxation time characterizes the rate at which the 𝑀𝑧 component recovers its initial 

magnetization 𝑀0.  

𝑀𝑧(𝑡) = 𝑀0(1 − 𝑒
−

𝑡
𝑇1) 

 

Transverse relaxation, also known as T2 relaxation, describes the process of losing phase 

coherence between spins, effectively destroying the transverse component of the magnetization 

vector. This is caused by the presence of local magnetic fields produced by neighbouring 

nuclear and electronic spins. 
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Figure 6: T1, T2 and T2* relaxation (image from (9)) 

 

T2 is also known as the transverse relaxation time (spin – spin relaxation time). The T2 

relaxation time characterizes the rate at which the 𝑀𝑥𝑦 component decays.  

𝑀𝑥𝑦(𝑡) = 𝑀0 𝑒
−

𝑡
𝑇2 

Both T1 and T2 relaxations are exponential processes. Since T1 and T2 depend on the 

surrounding environment of the spins, they tend to vary with tissue characteristics: water is 

bound differently in different tissues. This leads to differences in the rate of T1 and T2 

relaxation in different tissues, generating contrast in the image. T1 and T2 relaxations are 

independent processes that operate on different time scales and depend on the strength of the 

magnetic field. 

Two other important parameters in MRI acquisition sequences are the "Echo Time" (TE) and 

"Repetition Time" (TR). They allow for the adjustment of contrast, spatial resolution, and 

motion sensitivity in the obtained images and their choice depends on the scan's objective and 

the characteristics of the tissues one aims to visualize. 

Repetition Time (TR): TR is the time interval between the emission of two successive 

radiofrequency (RF) pulses during the image acquisition sequence. In other words, it's the time 

taken to repeat the entire sequence of RF pulses and image acquisition. This parameter primarily 

influences the tissue contrast weighting in the final image. A longer TR tends to produce greater 

tissue contrast as it allows more time for longitudinal relaxation (T1) of protons in tissues. 

Echo Time (TE): TE is the time elapsed between the radiofrequency pulse and the moment 

when the MRI signal is measured. This parameter mainly affects tissue contrast weighting and 
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sensitivity to motion. A shorter TE tends to produce images with greater contrast between 

tissues with different transverse relaxation times (T2), while a longer TE can provide 

information about lesions that may have different T2 relaxation times compared to surrounding 

tissues. 

In T1 sequence a short TR and a short TE are used. T1 images provide excellent anatomical 

resolution and are effective in visualizing details of anatomical structures. Tissues containing 

many proteins and fats, such as fat, appear bright in T1 images. 

In T2 sequence, a long TR and a long TE are used. T2 images are useful for highlighting tissues 

containing water, such as soft tissues. These tissues appear bright in T2 images. T2 sequences 

are often used to diagnose inflammatory lesions, edema, tumor lesions, and many other 

conditions. 

While T2 identifies the transverse relaxation time, due to fluctuations in the magnetic field 

within the tissue (due to the interaction of the magnetic fields of neighboring protons), there is 

a second cause which involves the loss of phase of the transverse magnetic moment (9). The 

static magnetic field B0, indeed, is not homogeneous over the entire control volume (9). So 

according to Currie et al. “magnetic field variations result in slightly different Larmor 

frequencies for protons at different locations within the field” (9). It is possible to consider both 

factors in estimating the loss of transverse magnetization, incorporating the phenomena into a 

single time variable indicated with T2*. Thus, since T2* considers both T2 relaxation and the 

de-phasing that results from inhomogeneity in B0, it determines the actual rate of decay 

observed when measuring a free induction decay signal (9). 

 

1.1.2 ANATOMICAL MRI 

Anatomical MRI provides an overview of the brain structure and its static characterization 

(8,11). It’s an imaging technique that gives information about shape, size and tissue integrity 

(8). The type of images commonly used for this purpose are T1, T2 and Flair (12). 

 

According to Bloomfield et al. “T1-w images provide good contrast between grey matter (GM) 

and white matter (WM), while high water content media (e.g., Cerebrospinal Fluid (CSF)) and 

bones appear dark. T1-w images are typically used for tissue segmentation and registration 

purposes and are often acquired using a 3D sequence with isotropic voxel size (e.g., 1x1x1 

mm^3).” (8) 
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T2 weighted images are characterized by a marked contrast between tissues and fluid 

substances (13). Brain tissues appear dark (or grey), while high water content media are bright 

(8,13). Since many pathologies cause an increase in local water, T2 weighted images have 

proven to be very useful in clinical diagnostics (14). Lesions, such as demyelination or 

inflammation, are sensitively detected with a hyperintense signal change (15). According to 

Bloomfield et al., when used for clinical purposes, “T2w images are often acquired with high 

in-plane resolution relative to the slice thickness (e.g., voxel size of 0.5x0.5x3 mm^3)” (8). 

 

Depending on the type of structures you want to analyze and, thus, highlight, it’s possible to 

use other types of sequences. An example of these is the flair, which allows clinicians and 

researchers to visualize the brain with T2 weighting image and suppression of the cerebrospinal 

fluid signal (16). 

 

1.1.3 FUNCTIONAL MRI 

Functional MRI (fMRI) is a neuroimaging method designed to provide a real-time indirect 

measure of brain activity (8). It operates on the premise that neural activity requires metabolic 

support of oxygenated blood (neurovascular coupling). Gradient-echo sequences sensitive to 

the variation in magnetic polarization of tissues are able to capture differences in magnetic 

susceptibility dictated by blood oxygenation levels (17). Since neuronal activity is evaluated on 

variations in the magnetic field which depends on the degree of oxygenation of the tissues due 

to the blood flow, the fMRI operating principle is known as blood-oxygen-level-dependent 

(BOLD) contrast technique (8) (17). So, the magnitude of the BOLD signal is an indirect 

measure of neuronal activity which offers a non-invasive means to provide unique insights into 

brain functions (17) whether under specific conditions or during rest, thereby complementing 

the information provided by anatomical or diffusion MRI (8) (17) (18). 

 

1.1.4 DIFFUSION MRI 

In addition to anatomical and functional ones, there are other techniques capable of providing 

images with relevant features in the clinical and research field. Among these, the Diffusion MRI 

techniques has played an important role in clinical diagnostics thanks to their property to use 

the movement of water molecules within biological tissues to generate images with distinct 

contrast compared to the ones discussed previously (19). The simplest technique in diffusion 
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imaging is diffusion-weighted imaging (DWI), while its advanced form is diffusion tensor 

imaging (DTI) (8,19). 

Although image contrast is based on differences in the magnitude of diffusion of water 

molecules within the brain both in DWI and in DTI, the second one analyses the three-

dimensional shape of the diffusion, also known as diffusion tensor (19). The DTI instead is 

based on simpler model of water molecules diffusion, offering good but less detailed images 

(19). 

Diffusion MRI is able to produce a non-invasive characterization of the brain architecture and 

heterogeneity at a fiber level, not achievable through conventional imaging methods (8). 

However, since it is very complex to interpret DWI and DTI, it is necessary to use post-

processing techniques on this type of image (8,20).  

Thus, numerous software for the post-processing of diffusion images have been created both 

by research centers and by scanner suppliers and made available by them. These processing 

tools are very different from each other in terms of pre-processing steps, models, and statistical 

analysis approaches. 

 

 

1.2 MRI MORPHOMETRY 

Magnetic Resonance Imaging (MRI) Morphometry is a field of neuroscience that deals with 

analysing the shape and dimensions of brain structures using images obtained through magnetic 

resonance imaging. This type of analysis is crucial for understanding structural variations in the 

human brain in relation to pathological conditions, normal development, aging, and more. There 

are two main approaches used in brain morphometry: voxel-based and surface-based. 

1.2.1 SURFACE-BASED MORPFHOMETRY 

In the surface-based method, the interface between gray matter and white matter is modelled as 

a three-dimensional surface. This approach focuses on analysing the geometric and topological 

characteristics of brain surfaces, such as surface area, cortical thickness, and the shape of gyri 

and sulci (24). Analysis of brain surfaces can reveal subtle changes in cortical morphology 

associated with various neurological or pathological conditions. Measurements obtained from 

brain surfaces are often considered more sensitive than voxel-based measurements for detecting 

localized variations in the brain (25). Statistical analysis of surface measurements is used to 
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identify specific regions of the brain that show significant differences between groups of 

individuals or are associated with clinical variables. 

In summary, while the voxel-based approach focuses on analysing differences in signal 

intensity in the voxels of the brain image, the surface-based approach focuses on analysing the 

geometric characteristics of brain surfaces (24). Both approaches are complementary and can 

provide valuable information about brain morphology in relation to various clinical and 

biological conditions (24). 

1.2.2 VOXEL-BASED MORPFHOMETRY 

In the voxel-based method, the brain image is divided into three-dimensional volume units 

called voxels (volumetric pixels). This approach focuses on analysing differences in signal 

intensity between voxels in brain images of different individuals or the same individual at 

different times. Differences in signal intensity may reflect variations in the density or 

concentration of brain tissue, such as the presence of lesions, atrophy, or changes in neuron 

density. Statistical analysis is used to compare voxels between different groups of individuals 

or to evaluate correlations between brain signal patterns and clinical or behavioural variables. 

The voxel-based approach is often used to detect global or diffuse changes in the brain. 

 

One of the most used software for voxel-based morphometric analysis is SPM (Statistical 

Parametric Mapping) (21). SPM is a statistical analysis technique primarily used in 

neuroscience to analyse neuroimaging data, such as images obtained from functional magnetic 

resonance imaging (fMRI) or positron emission tomography (PET) (21). SPM allows for 

comparing brain imaging data between different experimental conditions or groups of subjects 

to identify patterns of brain activation associated with specific cognitive processes or 

pathologies (21). 

Through the CAT12 toolbox, included in SPM, it is possible to implement a technique known 

as "optimized" voxel-based morphometry (VBM)(22).  

It is necessary for the images to be spatially normalized, segmented into different tissue classes, 

and smoothed before conducting statistical tests (23). The "optimized" preprocessing strategy 

involves spatially normalizing the brain images of subjects to a standard space by matching the 

gray matter in these images with a reference gray matter. The historical motivation behind this 

approach was to reduce the confounding effects of non-brain structural variability (e.g., scalp) 

on registration (21). Tissue classification in SPM requires that the images be registered with 

tissue probability maps (21). After registration, these maps represent the prior probability of 
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different tissue classes being found at each location in an image. Bayes' rule can then be used 

to combine these priors with tissue type probabilities derived from voxel intensities to provide 

the posterior probability (21). 

This procedure is inherently circular because registration requires an initial tissue classification, 

and tissue classification requires an initial registration. This circularity is resolved here by 

combining both components into a single generative model. This model also includes 

parameters that account for image intensity nonuniformity, although it is now quite standard to 

include intensity nonuniformity correction in segmentation and registration methods. 

Estimating the model parameters (for a maximum a posteriori solution) involves alternating 

among classification, bias correction, and registration steps. This approach provides better 

results than simple serial applications of each component. 

 

1.3 PARKINSON’S DISEASE 

Parkinson’s disease (PD) was first described by Dr. James Parkinson in 1817 as a “shaking 

palsy” (26). It is the second most widespread neurodegenerative pathology after Alzheimer’s 

one (27). PD is highly heterogeneous in early clinical features and later outcomes because it is 

characterised by both cardinal motor and non-motor symptoms (28). Resting tremor, rigidity, 

and bradykinesia are the most frequent motor indicators of the presence of PD (29). Cognitive 

impairment, apathy, depression, anxiety, impulse control disorders, sleep disturbance, fatigue, 

pain, visual hallucinations and autonomic dysfunction are among the main symptoms of a non-

motor nature that can arise throughout disease course (28) (30).  

The motor symptoms of PD are attributed to the loss of striatal dopaminergic neurons, although 

the presence of nonmotor symptoms supports neuronal loss in non-dopaminergic areas as well 

(31). The term parkinsonism is a symptom complex used to describe the motor features of PD, 

which include resting tremor, bradykinesia, and muscular rigidity. PD is the most common 

cause of parkinsonism, although a number of secondary causes also exist, including diseases 

that mimic PD and drug-induced causes (31). 

1.3.1 COGNITIVE STATES 

Cognitive decline is, among non-motor symptoms in PD, the one impacting the most on life 

quality, and in the PD population it is six times more frequent than in the healthy population 

(32). Cognitive decline can involve different domains, with heterogeneous impact and patterns 
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across the PD population (33), nonetheless decline is most frequently observed in executive 

domain, in particular in early stages, due to fronto-striatal degeneration (34). 

Cognitive decline in PD is defined as a spectrum ranging from no cognitive impariment (NC) 

to mild cognitive impairment (MCI) to dementia (PDD) (35,36). With MCI, daily life activities 

are preserved. Nonetheless, cognitive impairment is present and represents a risk factor for 

dementia, with 60% of diagnosed PD-MCI turning to PDD in a 5 year follow-up (37). The 

diagnosis is based on a global cognitive scale and a battery of neuropsychological tests at first 

level, covering five cognitive domains. When the patient obtains deficitary scores for at least 

two domains, the diagnosis is positive. 

 

1.3.2 BIOMARKERS IN PARKINSON’S DISEASE 

MRI 

Typically, a standard brain MRI will appear normal during the early stages of Parkinson's 

disease, or it may reveal alterations associated with ageing (38). Cortical atrophy in either the 

frontal or temporal lobe may become evident (39). These areas of atrophy can be evaluated 

quantitatively by measuring diameters and areas or by utilising voxel-based morphology 

(VBM), which employs a 3D isotropic voxel T1 sequence such as T1 MP-RAGE sequence 

(40).VBM facilitates the detection of differences between groups in an operator-independent 

and automated manner (41). Studies using VBM have documented grey matter decline in 

cortical regions within the frontal lobe in individuals with Parkinson's disease (42). Cortical 

atrophy could potentially contribute to the onset of dementia in Parkinson's disease, particularly 

when regions like the limbic/paralimbic areas, anterior cingulate, and subcortical grey matter 

are affected (43). However, VBM's application in routine clinical diagnostic procedures is 

restricted due to the absence of well-defined or validated diagnostic criteria (40).  

SERUM BIOMARKERS 

PD biomarkers are heterogenous and can be classified in four macro-categories: genetical 

biomarkers, clinical biomarkers, imaging biomarkers and biochemical biomarkers. Among 

clinical biomarkers, the triad bradykinesia/akinesia, tremor and rigidity is the most relevant, 

and can be quantified with PD-specific scales such as the Unified Parkinson’s Disease Rating 

Scale (UPDRS) (44,45). For neuroimaging, single-photon emission computerized tomography 

(SPECT) is the clinical standard for detecting the lower expression of dopamine in the striatum 

in PD, even before the expression of motor symptoms (46). MRI is instead still understudied in 
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PD and underused in clinical practice, being it mostly limited to the differentiation of 

parkinsonisms (47). 

In recent years, the search for proteins in biological fluids has gained attention in 

neurodegeneration research. Once based on invasive CSF sampling, nowadays advances in the 

sensitivity of serum and plasma analysis made blood-based research on protein biomarkers of 

neurodegeneration a hot topic, despite the lower concentrations of biomarkers in blood with 

respect to CSF. Some proteins, such as Neurofilament Light Chain (NfL), Glial Fibrillary 

Acidic Protein (GFAP), phosphorylated-tau181 (pTau181) and pTau217, have already been 

associated to neurodegenerative processes in Alzheimer’s disease (48). The search for blood 

biomarkers of Parkinson’s disease is instead still limited to preliminary works, assessing the 

possibility to help in the early diagnosis and in the differentiation of parkinsonisms, as well as 

in predicting cognitive decline (49). Blood biomarkers can be measured in both the serum and 

the plasma components of blood (i.e., the corpuscolar and the liquid component of blood). The 

measures obtained from serum and plasma are strongly correlated and are both used in literature 

(50). 

NfL is a protein composing the neuronal cytoskeleton, particularly expressed at axonal level. 

NfL is released in the interstitial fluid in proportion to neuronal and axonal damage (51), with 

values in blood that are strictly correlated to those found in CSF, possibly representing thus a 

cheap, non-invasive biomarker (52). Higher NfL values have been observed in the blood of PD 

patients rather than in the blood of atypical parkinsonim patients (53), but higher in PD with 

respect to healthy controls (54). The latter study indicated plasma NfL as the best predictor for 

the evolution of motor symptoms after two years follow-up, overperforming age, sex, disease 

duration and other factors. 

GFAP is a structural protein present in the cytoskeleton of astrocytes, which is released in high 

quantities into the CSF and in blood flow during the process of astrogliosis. For that reason, the 

large presence of this protein in plasma was proposed by Yang, Z., & Wang, K. K. (55) as a 

possible nonspecific biomarker of neurodegeneration. The validity of this biomarker has 

already met evidence in some degenerative diseases such as the Alzheimer's one, where a strong 

correlation has been found between the concentrations of GFAP in plasma and those of beta-

amyloid protein (Aβ42) in CSF (56). Studies regarding connections between the GFAP protein 

and Parkinson's are still limited. Studies regarding connections between the GFAP protein and 

Parkinson's are still in their early stages, so not much is available about it in the scientific 

literature (50). Two studies, in particular, have returned considerable results in order to consider 

possible relationships between this biomarker and PD. The first study, conducted by Lin et al. 

(57), showed that PD patients have higher plasma GFAP concentrations than healthy controls. 
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The second study, conducted by the same group (58), was focused on the ability of plasma 

GFAP to differentiate motor subtypes of PD   and possibly predict their evolution over time. At 

two-year follow-up, patients with subtype characterized by akinesia, rigidity, postural 

instability and disturbances gait (PIGD) show higher plasma GFAP levels compared to patients 

with tremor-dominant (TD) subtype. Furthermore, patients with TD, who already present, at 

the beginning of the follow-up period, higher concentrations of GFAP in plasma tend to evolve 

towards a PIGD phenotype during time. Conversely, patients with PIGD and lower initial 

GFAP levels in plasma tend to convert to TD or other undefined subtypes. 

The Tau protein is a fundamental protein for the stabilization of microtubules which are 

intracellular structures that constitute the neuronal cytoskeleton. PTau refers to an abnormal 

phosphorylation of the Tau protein. The pTau protein plays a key role in some 

neurodegenerative diseases, triggering neuronal death. The mechanism of 

hyperphosphorylation of the Tau protein is not yet perfectly clear, however, it seems to be 

connected to the accumulation of the Aβ42 protein and the interaction with it. A strong presence 

of pTau and the Aβ42 proteins was found in patients suffering from Alzheimer disease. With 

the introduction of innovative measurement techniques that have made it possible to measure 

the levels of pTau181 in the blood, it has been demonstrated that, through the estimation of the 

values of this protein, it is possible to distinguish patients with Alzheimer's disease from healthy 

controls, even earlier of the onset of memory disorders (59,60). Moreover, the measure of 

pTau181 levels can anticipate the confirmation of neuropathological diagnosis post-mortem 

(59,60). Alzheimer's neuropathology is well documented in the brains (analysed post-mortem) 

of PD patients suffering from dementia (61). So, the pTau181 protein could be a good non-

invasive biomarker to identify PD patients at risk of dementia or, at least, of the onset of 

cognitive disorders. 
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Chapter 2 

AIM OF THE THESIS 

The aim of this study is to perform on PD patients a preliminary evaluation on the association 

between blood biomarkers (NFL, GFAP, pTau181, GFAP/NFL), cognitive state, and grey 

matter morphometry based on structural magnetic resonance imaging. In this way, it was 

possible to evaluate if the results suggested some kind of correlation between the variables 

involved and the evolution of Parkinson's disease. My analysis was focused on the search for a 

biomarker that could give possible indications on the disease and/or its evolution in patients 

suffering from it in such a way as to be able to open up new perspectives in the way of 

diagnosing it. So, the results of the patients' blood tests were used to understand if there was a 

link with the regression of the gray matter or with the cognitive state in subjects suffering from 

Parkinson's disease.  

Secondly, I investigated any differences attributable to the subjects’ gender, comparing 

populations with the same cognitive state and different gender and vice versa, in relation to 

each biomarker used. In this way it was possible to understand whether it was necessary to 

evaluate the possibility of differentiating the diagnosis of patients based on gender or cognitive 

state in the future studies.  

Finally, I related the results of the MOCA and MMSE cognitive tests with biomarkers, to 

evaluate a possible link between the patients' physiological parameters and the way in which 

the cognitive state is assessed. 

More generally, my study was based not only on seeking a connection between the patients’ 

physiological parameters and the morphometric analysis, but also on the possibility of finding 

a connection between the subjects’ pathophysiology and their cognitive functions. 
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Chapter 3 

METHODS 

3.1 PARTICIPANTS 

A cohort of 57 PD patients were recruited at the Parkinson Disease and Movement Disorders 

Unit, Neurology Clinic in Padua, and at the San Camillo Hospital, Venice. PD was diagnosed 

according to the clinical diagnostic criteria. All subjects underwent a comprehensive 

neuropsychological battery (level II criteria of the MDS guidelines as described (62)) 

specifically designed to target PD-cognitive deficits, which allow us to classify patients as PD-

NC, PD-MCI, or PD with dementia (PDD). All examinations were approved by the Venice 

Research Ethics Committee, Venice, Italy, and completed in accordance with the Helsinki 

Declaration. 

3.2 ACQUISITION 

3.2.1 MRI 

Structural MRI acquired within 5 years from the date of blood sampling at the Neurology Clinic 

in Padua and at the San Camillo Hospital in Venice were collected. All images were acquired 

on 3T Philips Ingenia scanners. Structural images include at least one T1 structural image with 

1 mm isotropic voxel size, and, for 55 patients a T2 FLAIR image with similar resolution, and 

for 2 patients a T2 image with similar resolution. 

3.2.2 COGNITIVE ASSESSMENT 

All participants underwent second-level neuropsychological evaluation, in order to characterize 

their cognitive profile. The cognitive diagnosis has been produced following the guidelines in 

Litvan et al. 2012 for MCI (63), and that in Dubois et al. 2007 for PDD (64). In particular, two 

scales of global cognition were used, the Montreal Cognitive Assessment (65,66) and the Mini 

Mental State Examination (67,68). 
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3.2.3 SERUM 

All subjects underwent blood sampling at the Neurology Clinic in Padua. Serum was extracted 

and processed using the commercial single-molecule assay (SIMOA™) kit developed by 

Quanterix (69). NfL, GFAP and pTau181 concentrations were expressed in ng/L. One 

additional biomarker was defined as the ratio NfL/GFAP. 

3.3 ANALYSIS 

Before starting our analyses, a preliminary study was carried out on the available images to 

verify their suitability. The dataset was provided in DICOM format, the most widespread 

standard in the field of medical imaging. In the DICOM format, datasets are stored in 2D 

images, one for each slice acquired on the acquisition plane, each bearing standardized metadata 

describing the subject and the acquisition protocol. To be processed with the most used MRI 

processing software, DICOM data need to be reconstructed as 3D images. MRI images were 

converted to NIFTI format, using the popular dcm2niix software. Once the files had been 

converted, we moved on to a qualitative evaluation of the T1-weighted and T2-weighted FLAIR 

images in the Freesurfer viewer “Freeview” aimed at verifying that they met the minimal 

requirements to be included in the analysis, i.e., 

- Full brain coverage; 

- Voxel size of 1mm isotropic or close to this value (sub-millimetric voxel sizes were 

accepted, as well as non-cubic voxel shapes non exceeding 1.5 mm3; 

- Absence of excessive Gibbs ringing / movement-related artefacts. 

 In this process, I was assisted by the automatic evaluation performed by the software BAAD 

(and by CAT12) on nifti images (70), which provides a quality score from A (optimal) to D 

(worst) based on resolution, contrast and noise. After this preliminary quality check through 

which the original dataset was skimmed, we then moved on to the actual morphometric analysis. 

The morphometry software used were FreeSurfer (71) and BAAD (Brain Anatomical Analysis 

using Diffeomorphic deformation). The latter is a wrapper of SMP CAT12 routines integrated 

with Alzheimer disease score calculation (72). Testing both software allowed to gain experience 

on both a voxel based and a surfaced based approach and to have the possibility to compare 

them. 
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Figure 7: xample of the Freeview GUI used to evaluate the quality of structural images, here used to visualize on a three-

plane view the T1-weighted image of subject 1452. 

 

3.3.1 SURFACE-BASED MORPHOMETRY 

PREPROCESSING 

In order to achieve the parcellation and segmentation of the brain and extract the data of interest 

it was necessary to preprocess the images, carrying out normalization, registration, removal of 

the artifacts, such as bias field, and skull-stripping. Indeed, when we perform the parcellation 

and segmentation, each brain area must be classified within an atlas.   

MRI images generally have different dimensions and orientation based on how the patient is 

positioned inside the machine or based on the MRI features itself.  

The normalization aim is to bring the image back to a unit of measurement that is easily 

interpretable, and which allows the areas of a subject's brain to match or be framed 

dimensionally within an atlas(73).  

Image registration, also known as image fusion, matching or warping, consists of aligning two 

images, so that common features overlap and differences, should there be any, between the two 

are emphasized and readily visible to the naked eye (74).  We used it to insert the brain into a 

measurement system similar to that of the atlas, in such a way to ensure that the reference atlas 

and the brain are not translated or rotated during the superposition.  



23 
 

Since magnetic resonance images are affected by numerous artefacts including Gibbs-ringing 

(75) and bias field (76), segmentation algorithms may have problems classifying some parts of 

the image. Moreover, to classify the components of the patients' brain in an atlas it is necessary 

to remove the skull and, in general, what is not part of the brain itself. So, in our analysis two 

preparatory operations were carried out for normalization and registration. On the one hand we 

used the N4 algorithm to perform bias field correction (77), on the other hand, we implemented 

skullstripping by using a combination of FreeSurfer’s SynthStrip algorithm, based on neural 

networks (78), and the optiBET approach (79), which performs preliminar normalization to the 

MNI template and applies the inverse registration to the brain tissue mask of the MNI template 

to obtain a brain tissue mask at subject level.  The logical OR between the results of the two 

algorithms allows to obtain a conservative skull-stripping, with reliable cut level at the medulla 

as obtained from optiBET.  

In order to carry out preprocessing on the images we used a unified tissue classification model 

proposed by John Ashburner and Karl J. Friston (80). In their work, they underlined that to get 

brain matter classification there’s a first step where the image is registered with a tissue 

probability map (81), which is the prior probability of different tissue classes being found at 

each location in an image (82). Bayes rule can then be used to combine these priors with tissue 

type probabilities derived from voxel intensities to provide the posterior probability (80). To 

execute the registration, it’s required an initial tissue classification, and the tissue classification 

requires an initial registration: so, it leads to build a procedure inherently circular. This 

circularity was resolved by Ashburner and Friston. by combining both components into a single 

generative model which includes parameters that account for image intensity nonuniformity 

(80). According to Ashburner and Friston, “estimating model parameters (for a maximum a 

posteriori solution) involves alternating among classification, bias correction, and registration 

steps. This approach provides better results than simple serial applications of each component” 

(80). The objective function used by Ashburner et al. is constituted by a mixture of Gaussians 

(MOG). The algorithm is set up in such a way as to search for the minimum of the objective 

function, finding the optimal values of its parameters. 

The objective function used by Ashburner et al. is constituted by a mixture of Gaussians 

(MOG). The algorithm is set up in such a way as to search for the minimum of the objective 

function, finding the optimal values of its parameters. Thus, the cost function takes on an 

expression of the type 
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Where: 

● γk is the prior probability of any voxel, irrespective of its intensity, belonging to 

the kth Gaussian, given the proportion of voxels that belong to that Gaussian 

● μk and σk2 are the mean and the variance of the kth Gaussian 

● ρ is a scale factor 

● β is a vector of unknown parameters 

● K is the number of Gaussians (clusters) 

● I is the number of elements of observed data y 

 

 

Through particular formulations of the priors and β it is possible to manipulate equation (1) in 

such a way as to be able to find the optimal parameters that minimize the cost function. Thus, 

based on the type of boundary conditions that are established to solve the problem, and, 

therefore, based on the mathematical expression of the priors and beta, it will be possible to 

come to different results. 

In addition to optimization, the algorithm used carries out a regularization, reducing, where 

possible, the number of parameters considered in order to avoid pernicious interactions among 

the parameter estimates. By reducing the number of parameters, indeed, regularization prevents 

the algorithm from relying too much on the measured data (affected by errors and noise) and 

thus avoiding the problem of overfitting. 

 

FREESURFER 

We used the software FreeSurfer as a reference point for each step of our analysis. Through it 

we carried out a quality check of the images in the preliminary preprocessing phase and in all 

subsequent phases (including segmentation and data extrapolation). 

FreeSurfer requires data to be stored within a specific hierarchy of folders which use standard 

naming. In a study folder defined using a global variable, each subject corresponds to a folder 
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named with the prefix “subj” and the code identifying the subject. In the folder specific to a 

subject, the T1-weighted image is stored in a “mri/orig” subfolder. Images are first processed 

using the N4 and Synthstrip algorithms (figure 8), then organized in the folder hierarchy. 

 

Figure 8: T1 and the flair order within the folders so that FreeSurfer can process them, carrying out Gibbs-ringing and bias 

field correction, skullstripping, parcellation and segmentation 

 

The workflow was divided into two steps, skullstripping and actual morphometry. Before 

skullstripping, both the T1-weighted and T2FLAIR images were corrected for bias field using 

the N4 correction as implemented in ANTs software and wrapped in FreeSurfer. Then, the two 

images were rigidly co-registered. Skullstripping was implemented with a combination of 

standard and machine-learning based approaches. The FreeSurfer routine mri_synthstrip (78) 

performs skull-stripping using a pre-trained deep-learning model. The routine was observed to 

provide good results in general, and it was chosen as a starting point for the optiBET algorithm 

(79). The optiBET algorithm extracts the brain by normalizing the T1 image to the MNI 

template, then using the inverse transform to bring a dilated MNI mask to the subject space. 

With respect to the output of mri_synthstrip, optiBET ensures that the medulla is cut at a 

replicable level, the one determined by the extent of the MNI template. OptiBET was observed 

to be far more conservative than mri_synthstrip in including some non-brain areas, but 

happened to cut some external gyri in the upper central cortex. Nonetheless, the final brain 

extraction result is obtained with a logical OR between the mask extracted with mri_synthstrip 

and that extracted with optiBET, in order to be sure to include all parts of the brain. A mask of 

the medulla was created to ensure that no addition from mri_synthstrip was introduced in that 

region. FreeSurfer, in fact, has an interface, Freeview, that allows you to analyse not only 

volumes, but also surfaces in three-dimensional, axial, sagittal and coronal views. Furthermore, 

it is possible to simultaneously load not only several different images (for example a T1 and 

the corresponding skullstrip), but also volumes and surfaces, allowing you to make overlaps 

between them. 
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Figure 9: Subject 1410 T1 loaded on Freeview 

 

All the views through which it is possible to analyze T1 images in FreeSurfer are respectively 

represented in figures 9,10 and 11. In these and subsequent images, I have shown the results 

obtained on MRI sequences of one of the subjects (n°1410) who were included in the study. 

 

The Skullstripping outcomes are represented in figure 12, where it’s possible to appreciate the 

precision of the algorithm and the height where it cut the brainstem. 
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Figure 10: 1410 subject Axial View on Freeview 

 

 

Figure 11: 1410 subject Coronal View on Freeview 
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Figure 12: Subject 1410 Skullstripping result 

 

 
Figure 13: Superposition of the T1 and the brain image of patient 1410 obtained through the skullstrip 

 

Freeview allows to superimpose different images to compare them with the naked eye by 

adjusting their opacity and colormap. I used this functionality to verify that skullstripping had 

been performed correctly on each subject, checking, in particular, that no parts of the 

telencephalon, cerebellum or a significant portion of the brainstem had been eliminated. Figure 

13 shows how I overlapped the subject 1410 T1 with its respective skullstrip image, increasing 

the opacity of the T1 and setting a heat colormap for the extracted brain. In this way I was able 

to supervise each slice in the three main views (sagittal, axial and coronal) ensuring that the 

quality of the result could be acceptable to move on to parcellation and segmentation operations.  
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Figure 14: Parcellation and Segmentation results on subject 1410. The image presents the results displayed in Freeview: 

each part of the brain has been cataloged and marked with a color. Labels with a corresponding color have also been 

attributed to the cerebellum and brainstem. The list of volumes is visible in the bottom left pane of Freeview. 

 

 

 
Figure 15: Parcellation and Segmentation performed with FreeSurfer and visualized in FreeView. The separating surface 

between the cortical part and what surrounds the telencephalon is in yellow. The separation surface between the cortical and 

subcortical parts is in blue. In the bottom right view it is possible to see a three-dimensional reconstruction of the patient's 

brain, made possible through a surfaced-based morphometry model used to obtain the aforementioned separation surfaces. 

At the end of the morphometric analysis obtained with FreeSurfer, I performend the parcellation 

of the cortical part and the segmentation of the subcortical part (figure 14). The cortical areas 
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were parcelled with two atlases: the Desikan-Killiany-Tourville Atlas (83) and the Destrieux 

Atlas (a2009s). As it possible to see in figure 15, the algorithm had automatically assigned a 

label to every brain volume and other important parts of central nervous system (cerebellum 

and brainstem). Freeview also allows us to overlay surface-modeled images onto volume-

modeled images. I used this tool for a visual analysis not only of the level of quality achieved 

in dividing the cortical part from the subcortical one, but also to better appreciate the result of 

the previous skullstrip. In figure 15, in addition to the parcellation and segmentation carried out 

on subject 1410, I’ve also shown the separation surfaces obtained (respectively in yellow the 

one that divides the cortex from what is external and in blue the separation between the cortical 

and subcortical part). In the same figure (in the bottom right view) there is the three-dimensional 

modeling of the cerebral cortex. To reconstruct the cortical surface, the skullstripping pre-

process was essential: in fact, having previously extrapolated the brain, it was possible to 

reconstruct the external surface by interpolating the border points of each slice. 

Once the parcellation and segmentation processes were completed, I obtained a spreadsheet 

with a table reporting subjects' telencephalon volumes parameters (surface area, gray volume, 

average thickness, standard deviation of the thickness, etc.). So, I used the gray matter volume 

values for each cortical and subcortical area for subsequent statistical considerations. 

 

 

3.3.2 VOXEL-BASED MORPHOMETRY 

BAAD is a software for voxel-based morphometry based on diffeomorphic deformations and 

on the CAT Computational Anatomy Toolbox for the popular SPM software (84). This method 

enables registering and comparing structural magnetic resonance imaging (MRI) images of 

individual brains to identify differences or changes in brain anatomy. This can be useful for 

studying anatomical variations associated with neurological, psychiatric conditions, or 

developmental processes. 

For the morphometric processing addressed in this thesis work, BAAD was utilised as follows: 

● The corresponding NIfTI files of the magnetic resonance imaging scans conducted on 

the patients were imported for a multichannel segmentation (using the command 

import). Specifically, T1 and FLAIR images were used. 

● After loading the list of patients with all T1 images, it was possible to associate their 

corresponding FLAIR images through the command. 
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● Afterwards, the parameters for Voxel-Based Morphometry (VBM) were configured. 

The use of FLAIR images was set as an option for White Matter Lesion (WML) 

correction. It was analysed both white and grey matter. BAAD has used the same age 

by decade as control group through the command “Auto select”. Finally, the volumetric 

Desikan-Killiany atlas as provided with the popular software AFNI was selected as 

custom template for ROI analysis. 

● Through the "analyse" button, the VBM analysis was initiated. 

Following the multichannel analysis of T1 and FLAIR images, BAAD provides a parcellation 

of the subject’s brain and relative brain morphometrics, expressed both in absolute terms (ml) 

and in Z-scores, using internally stored normative values. 

 

BAAD provides an easy implementation for CAT12-based voxel-based morphometry, as all 

preprocessing steps (skull stripping, bias field correction, T1-FLAIR coregistration and 

normalisation) are automatically executed once input data are given. This solution was used for 

comparison between different approaches. The comparison was conducted in two terms: 

- On absolute volumes, by computing the distance between Freesurfer volumes and 

BAAD volumes, in mm3. 

- On normalized volumes, comparing the Z-scores extracted by BAAD using its internal 

normalization based on age decades, sex and estimated intracranial volume, and the Z-

scores extracted from Freesurfer volumes using the tables published in Potvin et al. 

(85,86). 

 

3.3.3 ANALYSIS OF BIOMARKERS 

Once the morphometric parameters for the subjects had been obtained, it was possible to 

compare them with the serological data. 

 

To do this, I loaded both the tables with the statistical values of brain volumes and those 

containing the results of the blood tests on Matlab. Subsequently, I created some matrices where 

there were reported each subject gender, cognitive state, values of each of the 4 biomarkers and 

results of the morphometry. In this way it was possible to make considerations not only on the 

possible connections between serum and brain volumes, but also on any influence related to 

sex and/or cognitive state. 

 



32 
 

Once the data were grouped, I performed a check on them by first verifying whether they were 

normally distributed. Since the normality test gave me a negative result, it was not possible for 

me to calculate the correlation between volumes and biomarkers with the Pearson coefficient. 

Thus, I used a non-parametric test, obtaining the Spearman correlation coefficient and the 

relative p-value for each biomarker volume pair. I carried out this type of correlation analysis 

first on non-normalized volumes and then on volumes normalized with respect to normative 

values. Thirdly, I also performed a partial correlation between non-normalized volumes and 

biomarkers, in such a way as to verify the type of results in the absence of influence from sex, 

age and eTIV (estimated Total Intracranial Volume). 

 

The correlation coefficient values obtained from each volume-biomarker comparison were 

plotted on a correlation matrix. I used a color scale to allow the most correlated pairs to be 

visually captured.  

As regards the p-values, instead, I developed brain maps through freesurfer_statsurf_display 

toolbox, the areas of which were divided based on the volumes being compared. Subsequently, 

I associated the corresponding p-value to each volume, obtaining a map showing how the 

significance of the comparisons is distributed. 

 

The statistical tests conducted are single tests for each biomarker volume pair and the 

significance level of each test was set to 0.05 (5% significance). Once I obtained the volume-

biomarker pairs whose p-value was below the threshold, I plotted them on scatterplots to verify 

their distribution with respect to the reference population.  

Since the tests were carried out as single tests, each characterized by a significance level of 5%, 

I had to correct this value by bringing it back to the case of multiple comparisons. To do this I 

used the MultipleTestingToolbox on Matlab, through which I carried out corrections with 

Bonferroni-Holm method. 

 

Following the correlation analysis between volumes and biomarkers, I looked for possible links 

between the biomarkers and the cognitive state of patients divided by gender. 

The subjects were first divided into two fundamental cognitive categories: those suffering from 

mild cognitive impairment (MCI) and those with a normal cognition (NC). Secondly, these two 

groups were further divided by gender. 

Once this initial classification of subjects had been defined, I calculated the mean and standard 

deviation of each biomarker for each group.  
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Thus, I carried out comparisons between these groups, analyzing whether there were any 

significant differences in serological results between the populations considered. First, I carried 

out a T-test for each couple (male vs female, MCI, male vs female NC, male MCI vs male NC, 

female MCI vs NC, MCI vs NC, PD-men vs PD women) setting a level of significance for a 

single test equal to 5%.  

Secondly, I developed boxplots to compare the populations that had a p-value less than or equal 

to the threshold to have a visual confirmation of the differences in statistical terms. 

 

Thirdly, I corrected the significance value using multiple comparisons correction method of 

Bonferroni-Holm, in such a way as to be as cautious as possible.  

 

Finally, I calculated the correlation coefficient (and the relative p-value) between the biomarker 

values and the subjects scores on the cognitive scales object of this study (Montreal Cognitive 

Assessment and Mini-Mental State Examination). 
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Chapter 4 

RESULTS 

4.1 DATASET DESCRIPTION 

To carry out our analyses we considered a population consisting of 57 subjects. Among the 

patients recruited for this study 36 are men and 21 are women (Table 1). In terms of cognitive 

state, it’s possible to see that 20 are PD-MCI patients and 36 are PD-NC patients, while for one 

subject it was not possible to retrieve a cognitive evaluation.  

  

 MCI NC TOT 

Male 12 23 36 

Female 8 13 21 

TOT 20 36 56 

Table 1: Numerosity of the dataset divided for gender and for cognitive state 

 

The dataset appears unbalanced towards males and NC. To investigate any age differences 

related to the two grouping variables of table 1 (gender and cognitive state), unpaired, two-

tailed, two-samples t-tests were performed, setting the significance level to 5% (Matlab function 

ttest2). With x and y being the two sub-groups to be compared, the null hypothesis for the t-test 

is that the data in x and y comes from independent random samples from normal distributions 

with equal means and equal but unknown variances. The alternative hypothesis is that the data 

in x and y comes from populations with unequal means. From the p-values found in the tables 

2 and 3 we can see that not only there is no significant difference in terms of age between men 

and women in the whole PD sample, but neither there are differences between men and women 

within the PD-NC subgroup and within the PD-MCI subgroup. Furthermore, I also tested age 

difference between PD-MCI and PD-NC, disregarding sex, and found no significant difference 

(table 3). 

The only significant difference was found when comparing the PD-MCI male subjects with 

PD-NC male ones (table 4). The p-value found with a t-test is equal to 0.006. By correcting the 
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significance level of the test using Bonferroni-Holm, a significant difference in the age 

distribution between the two populations is confirmed.  

 

 

Male 

Mean 

Male 

STD 

Female 

Mean 

Female 

STD 

P-value Male 

VS Female TOT Mean 

STD 

Mean 

MCI 69,92 5,68 63,75 8,65 0,07 67,45 7,47 

NC 62,17 8,11 65,15 10,54 0,35 63,25 9,03 

TOT 65,14 8,27 64,62 9,66 0,83     
Table 2: Table showing the comparison of ages between the male and female populations. The table shows first the p-value 

obtained from the comparison between MCI men and women, then NC and finally between men and women in general. The 

table also indicates the mean and variance values of each population considered and of their totality (e.g. the total mean of 

the MCI population represented in the average of all subjects, men and women, affected by mild cognitive impairment) 

 

  

MCI 

Mean  

NC 

Mean 

P-value MCI VS 

NC 

Male and Female 

Subjects 67,45 63,25 0,08 
Table 3: Comparison between the ages of PD-MCI (men and women) and PD-NC subjects 

 

  

MCI 

Mean  

NC 

Mean 

P-value MCI VS 

NC 

Male Subjects 69,92 62,17 0,006 * 
Table 4: Comparison between the ages of PD-MCI and PD-NC male subjects. The * mark denotes a significant p-value with 

95% confidence. 

 

  

MCI 

Mean  

NC 

Mean 

P-value MCI VS 

NC 

Female Subjects 63,75 65,15 0,76 
Table 5: Comparison between the ages of PD-MCI and PD-NC female subjects 

 

4.2 MORPHOMETRY OF PD AND COGNITIVE STATES 

Once the morphometric data of each patient had been obtained, I performed an analysis aimed 

at searching for any differences between PD patients and normative data computed on healthy 

subjects, and between PD-MCI and PD-NC subjects.  

First, I combined the results obtained with the subcortical volumetric parcellation with those 

obtained using the cortical Desikan-Killiany-Tourville Atlas (DKT) parcellation. Volumes 

combined in this way were organized in a matrix having subjects along rows and brain labels 

along columns. Data were normalized for age, gender and Estimated Total Intracranial volume 

(eTIV) values as explained in the methods section. 

Then, I divided the PD-MCI subjects from the PD-NC ones and obtained the mean and standard 

deviation of each brain volume for each group (figure 16).  
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Figure 16: Extract from the table obtained from the morphometric data of the subjects 

 

To compare morphometrics of PD-NC patients with those of PD-MCI patients, I performed an 

unpaired two tailed t-test for each area, setting a significance level at 5%.  

The p-values smaller than the significance level of each t-test have been reported on an inverted 

logarithmic scale for visualization purposes, applying a –log10 transform to express higher 

significance with higher values in the figure 17.  

P-values lower than 0.05 were observed for left and right supramarginal and transversetemporal 

volumes, although no p-value survived correction for multiple comparisons or FDR (false 

discovery rate). The correction was performed using the Bonferroni-Holm method which sorts 

the p-values from smallest to largest and adjusts the significance level for each test in a stepwise 

manner. This method is ideal when there are a few very significant results among many results 

not significant (87).  

In a similar way I performed on the whole dataset of PD patients a one-sample two-tailed t-test 

for each area, setting a significance level at 5%. Since I used Z-scored data, the result is a 

statistical comparison between the morphometrics of PD patients and the normative 

morphometrics computed from age-, gender-, and eTIV-matched controls (figure 18). The 

cortical areas in red, in Figure 18, and those in the subcortical most deviated from zero, 

correspond to the areas with the greatest atrophy. In this way it is possible to note the regions 

of the brain most affected by Parkinson's disease. The regions in Figure 18, with p-values lower 
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than 0.05 (t-tests significance) are 66. By correcting the significance value with the Holm-

Bonferroni method, the volumes below the threshold become 44.  

They are: 

1. 'SC_Left-Lateral-Ventricle' 

2. 'SC_Left-Inf-Lat-Vent' 

3. 'SC_Left-Caudate' 

4. 'SC_Left-Putamen' 

5. 'SC_Left-Pallidum' 

6. 'SC_3rd-Ventricle' 

7. 'SC_Left-VentralDC' 

8. 'SC_Right-Lateral-Ventricle' 

9. 'SC_Right-Inf-Lat-Vent' 

10. 'SC_Right-Putamen' 

11. 'SC_Right-Pallidum' 

12. 'SC_Right-VentralDC' 

13. 'L_caudalanteriorcingulate' 

14. 'L_entorhinal' 

15. 'L_fusiform' 

16. 'L_inferiorparietal' 

17. 'L_inferiortemporal' 

18. 'L_isthmuscingulate' 

19. 'L_lateralorbitofrontal' 

20. 'L_lingual' 

21. 'L_middletemporal' 

22. 'L_parahippocampal' 

23. 'L_paracentral' 

24. 'L_parsopercularis' 

25. 'L_posteriorcingulate' 

26. 'L_rostralanteriorcingulate' 

27. 'L_rostralmiddlefrontal' 

28. 'L_superiortemporal' 

29. 'L_insula' 

30. 'R_caudalanteriorcingulate' 

31. 'R_entorhinal' 

32. 'R_fusiform' 
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33. 'R_inferiorparietal' 

34. 'R_inferiortemporal' 

35. 'R_isthmuscingulate' 

36. 'R_lingual' 

37. 'R_middletemporal' 

38. 'R_parahippocampal' 

39. 'R_paracentral' 

40. 'R_parsorbitalis' 

41. 'R_parstriangularis' 

42. 'R_postcentral' 

43. 'R_posteriorcingulate' 

44. 'R_rostralanteriorcingulate' 

45. 'R_superiorparietal' 

46. 'R_superiortemporal' 

47. 'R_transversetemporal' 

48. 'R_insula' 
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Figure 17: Comparison between MCI and NC of Normalised brain volumes. In the upper part of the figure, -log10(p-value) 

is expressed with colors ranging from white (not significant) to red (approaching significance). In the lower part of the figure 

an histogram summarizes data for subcortical structures, using again -log10 transform for the p-values. The acronyms that 

identify the various brain volumes have the following meanings: AC: Caudal anterior cingulate, CMF: Caudal middle 

frontal, CUN: Cuneus, ENT: Entorhinal, FUS: Fusiform, INFP: Inferior parietal, INS: Insula, ISTC: Isthmus cingulate, IT: 

Inferior temporal, LIN: Lingual, LOCC: Lateral occipital, LORB: Lateral orbito-frontal, MORB: Medial orbito-frontal, MT: 

Middle temporal, PARC: Paracentral lobule, PARH: Parahippocampal, PC: Posterior cingulate, PCAL: Pericalcarine, 

PCUN: Precuneus, POPE: Pars opercularis, PORB: Pars orbitalis, PREC: Precentral, PSTS: Postcentral, PTRI: Pars 

triangularis, RAC: Rostral anterior cingulate, RMF: Rostral middle frontal, SF: Superior frontal, SMAR: Supramarginal, 

SP: Superior parietal, ST: Superior temporal, TT: Transverse temporal 
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Figure 18: P-values of all z-scored volumes against zero. The graph was obtained by carrying out a T-test of the normalized 

volumes to check whether there were any values for which their normalized means (according to normative parameters) 

deviated from a null value. In the upper part of the figure, -log10(p-value) is expressed with colors ranging from white (not 

significant) to red (approaching significance). In the lower part of the figure an histogram summarizes data for subcortical 

structures, using again -log10 transform for the p-values. The acronyms that identify the various brain volumes have the 

following meanings: CAC: Caudal anterior cingulate, CMF: Caudal middle frontal, CUN: Cuneus, ENT: Entorhinal, FUS: 

Fusiform, INFP: Inferior parietal, INS: Insula, ISTC: Isthmus cingulate, IT: Inferior temporal, LIN: Lingual, LOCC: Lateral 

occipital, LORB: Lateral orbito-frontal, MORB: Medial orbito-frontal, MT: Middle temporal, PARC: Paracentral lobule, 

PARH: Parahippocampal, PC: Posterior cingulate, PCAL: Pericalcarine, PCUN: Precuneus, POPE: Pars opercularis, 

PORB: Pars orbitalis, PREC: Precentral, PSTS: Postcentral, PTRI: Pars triangularis, RAC: Rostral anterior cingulate, 

RMF: Rostral middle frontal, SF: Superior frontal, SMAR: Supramarginal, SP: Superior parietal, ST: Superior temporal, 

TT: Transverse temporal 
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4.3 COMPARISON BETWEEN VOXEL-BASED AND SURFACE-

BASED MORPHOMETRY 

We performed the same analysis using instead the BAAD software, i.e., employing voxel-based 

morphometry. The correlation coefficients between non-normalized volumes obtained from 

BAAD and FreeSurfer estimations are visualized for each region of interest in Figure 19. Except 

for right cingulate cortexes and fusiform gyrus, all cortical parcels obtained correlation 

coefficients above 0.7, while the situation in the subcortex is much more heterogenous, with 

ventricles and brainstem appearing to be totally uncorrelated.  

To assess whether there is consistent overestimation for one of the algorithms with respect to 

the other, we computed the ratio between the two set of estimated volumes and subtracted it 

from the unit. The median of this measure is visualized in Figure 20. We can see that volumes 

estimated with SPM are consistently smaller, about 75% of those estimated with freesurfer on 

average, in particular around the central sulcus and in the superior part of the temporal cortex, 

as well as in the pericalcarine. In the subcortex, the ventral diencephalon, the 4th ventricle and 

the choroid plexus and the optic chiasm are the only regions being larger in SPM, while in the 

cortex this is true only for the rostral middle frontal cortex. 

In the absence of a gold standard, we used as a first indication of quality, the correlation between 

morphometrics and scores obtained at the MOCA scale. 

Figure 21 shows the correlation coefficient values calculated respectively between the volumes 

obtained with FreeSurfer and MOCA, and the volumes obtained with SPM and MOCA. 

When we are analysing volumes and applying partial correlations, FreeSurfer achieves larger 

correlation values for its morphometrics with MOCA scores. In particular, it is able to catch the 

relation between MOCA scores and the lingual gyrus and rostral anterior cingulate, and the 

anticorrelation with ventricles expansion. BAAD might be better for subcortical regions, as it 

is better in finding correlation with putamen when using normalizations, the correlation with 

MOCA is basically the same. 

The results confirm that BAAD does not estimate cortical volumes as well as FS, while in the 

subcortex it could return significantly more relevant results. 
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Figure 19: Pearson correlation coefficient for the comparison between normalized volumes calculated with SPM and 

FreeSurfer respectively. The correlation coefficients of the cortical areas are reported on the brain maps, while the 

subcortical ones in the diagram below. The two maps above represent the medial (left) and lateral (right) views of the left 

hemisphere, while the two maps below the medial (left) and lateral (right) views of the right hemisphere. The acronyms that 

identify the various brain volumes have the following meanings: AC: Caudal anterior cingulate, CMF: Caudal middle 

frontal, CUN: Cuneus, ENT: Entorhinal, FUS: Fusiform, INFP: Inferior parietal, INS: Insula, ISTC: Isthmus cingulate, IT: 

Inferior temporal, LIN: Lingual, LOCC: Lateral occipital, LORB: Lateral orbito-frontal, MORB: Medial orbito-frontal, MT: 

Middle temporal, PARC: Paracentral lobule, PARH: Parahippocampal, PC: Posterior cingulate, PCAL: Pericalcarine, 

PCUN: Precuneus, POPE: Pars opercularis, PORB: Pars orbitalis, PREC: Precentral, PSTS: Postcentral, PTRI: Pars 

triangularis, RAC: Rostral anterior cingulate, RMF: Rostral middle frontal, SF: Superior frontal, SMAR: Supramarginal, 

SP: Superior parietal, ST: Superior temporal, TT: Transverse temporal 

 

 

 

 



43 
 

 

Figure 20: Values of the difference between the median of the ratio between volumes calculated with SPM and FreeSurfer, 

and unit value [(𝑚𝑒𝑑𝑖𝑎𝑛 
𝑆𝑃𝑀𝑣𝑜𝑙𝑢𝑚𝑒

𝐹𝑟𝑒𝑒𝑆𝑢𝑟𝑓𝑒𝑟𝑣𝑜𝑙𝑢𝑚𝑒
) − 1]. Values below zero indicate larger values for FreeSurfer, while values 

above zero indicate larger values for SPM. Cortical areas deviation from zeros are reported on the brain maps, while the 

subcortical deviations in the diagram below. The two maps above represent the medial (left) and lateral (right) views of the 

left hemisphere, while the two maps below the medial (left) and lateral (right) views of the right hemisphere. The acronyms 

that identify the various brain volumes have the following meanings: AC: Caudal anterior cingulate, CMF: Caudal middle 

frontal, CUN: Cuneus, ENT: Entorhinal, FUS: Fusiform, INFP: Inferior parietal, INS: Insula, ISTC: Isthmus cingulate, IT: 

Inferior temporal, LIN: Lingual, LOCC: Lateral occipital, LORB: Lateral orbito-frontal, MORB: Medial orbito-frontal, MT: 

Middle temporal, PARC: Paracentral lobule, PARH: Parahippocampal, PC: Posterior cingulate, PCAL: Pericalcarine, 

PCUN: Precuneus, POPE: Pars opercularis, PORB: Pars orbitalis, PREC: Precentral, PSTS: Postcentral, PTRI: Pars 

triangularis, RAC: Rostral anterior cingulate, RMF: Rostral middle frontal, SF: Superior frontal, SMAR: Supramarginal, 

SP: Superior parietal, ST: Superior temporal, TT: Transverse temporal 
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Figure 21: Spearman correlation coefficient values assumed, respectively, by FreeSurfer and BAAD (SPM) with MOCA. The 

correlation value calculated with FreeSurfer is purple, while the one calculated with SPM is yellow.  The red line is the 

threshold for significance p=0.05.  

 

 

 

 

4.4 MORPHOMETRY VERSUS BLOOD BIOMARKERS 

Once the morphometric analysis had been carried out for the population considered, we then 

moved on to look for a connection among the volumes and the 4 biomarkers derived from blood 

analyses.  
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Firstly, to figure out what kind of correlation coefficient I could use, I ran a normality test on 

the biomarkers to see if it was possible to use the Person Correlation Coefficient. Since the 

analysis performed through One-sample Kolmogorov-Smirnov test on Matlab highlighted a 

non-normal distribution on all four biomarkers, it was not possible to use the calculation of the 

Pearson correlation coefficient. 

Consequently, I performed a statistical nonparametric measure of correlation extracting 

Spearman correlation coefficients and the related p-values (figures 22, 24, 25, 26 and 27). 

As it can be seen in the figure 22, the maximum values of the Spearman coefficient for each 

biomarker correspond respectively to 0.2588, 0.3096, 0.3056 and 0.3570, while the minimum 

values are -0.3416, -0.3421, -0.3276 and -0.3104. So, the percentage of linear relationship 

between brain volumes and biomarkers reaches its maximum positive and negative values 

around 30%. Thus, the data indicate that the relationship between brain volumes and biomarkers 

appears to be positively and/or negatively linear only around 30% for very few volumes, while, 

for the majority, the Spearman coefficient tends to zero (i.e. no linear relation between the data 

considered).  

In figures from 24 to 27, the p-values greater than 0.05 were obscured, allowing us to have 

visibility of the areas in which we can reject the null hypothesis. For visualization purposes, p-

values were transformed with an inverted logarithmic scale (-log10(p)). From the results in 

figures 24, 25, 26 and 27 it emerges that in most volumes there is no connection between the 

pathology and the biomarkers considered. However, it is also possible to note that in a limited 

number of areas the p-value is lower than 0.05. In particular, the volumes where it is possible 

to find these values below 5% are: 

 

1. the link between NFL and SC_Optic-Chiasm, where the p-value is 0.0115 (Figure 24 

and blue scatterplot in Figure 23) 

2. the link between GFAP and SC_Left-vessel, where the p-value is 0.0113 (Figure 25 and 

green scatterplot in Figure 23) 

3. the link between pTau181 and R_superiorfrontal, where the p-value is 0.0166 (Figure 

26 and magenta scatterplot in Figure 23) 

4. the link between GFAP/NFL and SC_Optic-Chiasm, where the p-value is 0.0081 

(Figure 27 and cyan scatterplot in Figure 23) 
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Figure 22: Spearman Correlation Coefficients between biomarkers and brain volumes. The matrix in figure shows the values 

of the Sperman correlation coefficient between each volume on the x-axis and the biomarkers on the y-axis. The correlation 

coefficients can vary between -1 and 1. The lowest values tend towards blue, while, moving away from them there are shades 

tending towards green, orange and yellow (highest values found) 

 

 
 

Figure 23: Scatterplots showing the biomarker-volume relationship for all brain volumes for which the p-value is lower than 

the significance level of the tests conducted. The NFL-SC_Optic-Chiasm relationship scatterplot for each patient is at the top 

left, with circles marked in blue. The GFAP-SC_Left-vessel relationship scatterplot for each patient is at the top right, with 

circles marked in green. The pTau181-R_superiorfrontal relationship scatterplot for each patient is at the bottom left, with 

circles marked in magenta. The GFAP/NFL-SC_Optic-Chiasm relationship scatterplot for each patient is at the bottom right, 

with circles marked in cyan. 
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Figure 24:P-Values found between NFL and non-normalised brain volumes (Spearman). The acronyms that identify the 

various brain volumes have the following meanings: CAC: Caudal anterior cingulate, CMF: Caudal middle frontal, CUN: 

Cuneus, ENT: Entorhinal, FUS: Fusiform, INFP: Inferior parietal, INS: Insula, ISTC: Isthmus cingulate, IT: Inferior 

temporal, LIN: Lingual, LOCC: Lateral occipital, LORB: Lateral orbito-frontal, MORB: Medial orbito-frontal, MT: Middle 

temporal, PARC: Paracentral lobule, PARH: Parahippocampal, PC: Posterior cingulate, PCAL: Pericalcarine, PCUN: 

Precuneus, POPE: Pars opercularis, PORB: Pars orbitalis, PREC: Precentral, PSTS: Postcentral, PTRI: Pars triangularis, 

RAC: Rostral anterior cingulate, RMF: Rostral middle frontal, SF: Superior frontal, SMAR: Supramarginal, SP: Superior 

parietal, ST: Superior temporal, TT: Transverse temporal 
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Figure 25: P-Values found between GFAP and non-normalised brain volumes (Spearman). The acronyms that identify the 

various brain volumes have the following meanings: CAC: Caudal anterior cingulate, CMF: Caudal middle frontal, CUN: 

Cuneus, ENT: Entorhinal, FUS: Fusiform, INFP: Inferior parietal, INS: Insula, ISTC: Isthmus cingulate, IT: Inferior 

temporal, LIN: Lingual, LOCC: Lateral occipital, LORB: Lateral orbito-frontal, MORB: Medial orbito-frontal, MT: Middle 

temporal, PARC: Paracentral lobule, PARH: Parahippocampal, PC: Posterior cingulate, PCAL: Pericalcarine, PCUN: 

Precuneus, POPE: Pars opercularis, PORB: Pars orbitalis, PREC: Precentral, PSTS: Postcentral, PTRI: Pars triangularis, 

RAC: Rostral anterior cingulate, RMF: Rostral middle frontal, SF: Superior frontal, SMAR: Supramarginal, SP: Superior 

parietal, ST: Superior temporal, TT: Transverse temporal 
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Figure 26: P-Values found between pTau181 and non-normalised brain volumes (Spearman). The acronyms that identify the 

various brain volumes have the following meanings: CAC: Caudal anterior cingulate, CMF: Caudal middle frontal, CUN: 

Cuneus, ENT: Entorhinal, FUS: Fusiform, INFP: Inferior parietal, INS: Insula, ISTC: Isthmus cingulate, IT: Inferior 

temporal, LIN: Lingual, LOCC: Lateral occipital, LORB: Lateral orbito-frontal, MORB: Medial orbito-frontal, MT: Middle 

temporal, PARC: Paracentral lobule, PARH: Parahippocampal, PC: Posterior cingulate, PCAL: Pericalcarine, PCUN: 

Precuneus, POPE: Pars opercularis, PORB: Pars orbitalis, PREC: Precentral, PSTS: Postcentral, PTRI: Pars triangularis, 

RAC: Rostral anterior cingulate, RMF: Rostral middle frontal, SF: Superior frontal, SMAR: Supramarginal, SP: Superior 

parietal, ST: Superior temporal, TT: Transverse temporal 
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Figure 27: P-Values found between GFAP/NFL ratio and non-normalised brain volumes (Spearman). The acronyms that 

identify the various brain volumes have the following meanings: CAC: Caudal anterior cingulate, CMF: Caudal middle 

frontal, CUN: Cuneus, ENT: Entorhinal, FUS: Fusiform, INFP: Inferior parietal, INS: Insula, ISTC: Isthmus cingulate, IT: 

Inferior temporal, LIN: Lingual, LOCC: Lateral occipital, LORB: Lateral orbito-frontal, MORB: Medial orbito-frontal, MT: 

Middle temporal, PARC: Paracentral lobule, PARH: Parahippocampal, PC: Posterior cingulate, PCAL: Pericalcarine, 

PCUN: Precuneus, POPE: Pars opercularis, PORB: Pars orbitalis, PREC: Precentral, PSTS: Postcentral, PTRI: Pars 

triangularis, RAC: Rostral anterior cingulate, RMF: Rostral middle frontal, SF: Superior frontal, SMAR: Supramarginal, 

SP: Superior parietal, ST: Superior temporal, TT: Transverse temporal 

 

Although some p-values were below 0.05, it is worth noting that no significance survives a 

correction for multiple tests performed using the Bonferroni-Holmes method. 
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Subsequently, I calculated the Spearman Correlation Coefficient and the related p-values on the 

normalized volumetric data. The volumes for which the p-value is lower than the significance 

level of 0.05 are: 

 

1. SC_Left-Amygdala (p-value = 0,024) and  L_parsopercularis (p-value = 

0,0210), from the correlation made with NFL (see Figure 29 and 

Scatterplot in Figure 33) 

2. L_inferiorparietal (p-value = 0,0074) and R_caudalmiddlefrontal (p-

value = 0,026) R_entorhinal (p-value = 0,012), from the correlation 

made with GFAP (see Figure 30 and Scatterplot in Figure 34) 

3. SC_Right-Caudate (p-value = 0,049) and R_supramarginal (p-value = 

0,0333), from the correlation made with pTau181 (see Figure 31 and 

Scatterplot in Figure 35) 

4. SC_Left-Accumbens-area (p-value = 0,046) SC_Right-Thalamus (p-

value = 0,0206) R_transversetemporal (p-value = 0,045), from the 

correlation made with GFAP/NFL (see Figure 32 and Scatterplot in 

Figure 36) 

 

As above, I visualized p-values using an inverted logarithmic transform of -log10(p).  

 

 

 

Figure 28:: Normalized Spearman Correlation Coefficients between biomarkers and normalized volumes. The matrix in 

figure shows the values of the Sperman correlation coefficient between each normalized volume on the x-axis and the 

biomarkers on the y-axis. The correlation coefficients can vary between -1 and 1. The lowest values tend towards blue, while, 

moving away from them there are shades tending towards green, orange and yellow (highest values found) 
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Figure 29: P-Values found between NFL and normalised brain volumes (Spearman). The acronyms that identify the various 

brain volumes have the following meanings: CAC: Caudal anterior cingulate, CMF: Caudal middle frontal, CUN: Cuneus, 

ENT: Entorhinal, FUS: Fusiform, INFP: Inferior parietal, INS: Insula, ISTC: Isthmus cingulate, IT: Inferior temporal, LIN: 

Lingual, LOCC: Lateral occipital, LORB: Lateral orbito-frontal, MORB: Medial orbito-frontal, MT: Middle temporal, 

PARC: Paracentral lobule, PARH: Parahippocampal, PC: Posterior cingulate, PCAL: Pericalcarine, PCUN: Precuneus, 

POPE: Pars opercularis, PORB: Pars orbitalis, PREC: Precentral, PSTS: Postcentral, PTRI: Pars triangularis, RAC: 

Rostral anterior cingulate, RMF: Rostral middle frontal, SF: Superior frontal, SMAR: Supramarginal, SP: Superior parietal, 

ST: Superior temporal, TT: Transverse temporal 
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Figure 30: P-Values found between GFAP and normalised brain volumes (Spearman). The acronyms that identify the 

various brain volumes have the following meanings: CAC: Caudal anterior cingulate, CMF: Caudal middle frontal, CUN: 

Cuneus, ENT: Entorhinal, FUS: Fusiform, INFP: Inferior parietal, INS: Insula, ISTC: Isthmus cingulate, IT: Inferior 

temporal, LIN: Lingual, LOCC: Lateral occipital, LORB: Lateral orbito-frontal, MORB: Medial orbito-frontal, MT: Middle 

temporal, PARC: Paracentral lobule, PARH: Parahippocampal, PC: Posterior cingulate, PCAL: Pericalcarine, PCUN: 

Precuneus, POPE: Pars opercularis, PORB: Pars orbitalis, PREC: Precentral, PSTS: Postcentral, PTRI: Pars triangularis, 

RAC: Rostral anterior cingulate, RMF: Rostral middle frontal, SF: Superior frontal, SMAR: Supramarginal, SP: Superior 

parietal, ST: Superior temporal, TT: Transverse temporal 
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Figure 31: P-Values found between pTau181 and normalised brain volumes (Spearman). ). The acronyms that identify the 

various brain volumes have the following meanings: CAC: Caudal anterior cingulate, CMF: Caudal middle frontal, CUN: 

Cuneus, ENT: Entorhinal, FUS: Fusiform, INFP: Inferior parietal, INS: Insula, ISTC: Isthmus cingulate, IT: Inferior 

temporal, LIN: Lingual, LOCC: Lateral occipital, LORB: Lateral orbito-frontal, MORB: Medial orbito-frontal, MT: Middle 

temporal, PARC: Paracentral lobule, PARH: Parahippocampal, PC: Posterior cingulate, PCAL: Pericalcarine, PCUN: 

Precuneus, POPE: Pars opercularis, PORB: Pars orbitalis, PREC: Precentral, PSTS: Postcentral, PTRI: Pars triangularis, 

RAC: Rostral anterior cingulate, RMF: Rostral middle frontal, SF: Superior frontal, SMAR: Supramarginal, SP: Superior 

parietal, ST: Superior temporal, TT: Transverse temporal 
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Figure 32: P-Values found between GFAP/NFL ratio and normalised brain volumes (Spearman). ). The acronyms that 

identify the various brain volumes have the following meanings: CAC: Caudal anterior cingulate, CMF: Caudal middle 

frontal, CUN: Cuneus, ENT: Entorhinal, FUS: Fusiform, INFP: Inferior parietal, INS: Insula, ISTC: Isthmus cingulate, IT: 

Inferior temporal, LIN: Lingual, LOCC: Lateral occipital, LORB: Lateral orbito-frontal, MORB: Medial orbito-frontal, MT: 

Middle temporal, PARC: Paracentral lobule, PARH: Parahippocampal, PC: Posterior cingulate, PCAL: Pericalcarine, 

PCUN: Precuneus, POPE: Pars opercularis, PORB: Pars orbitalis, PREC: Precentral, PSTS: Postcentral, PTRI: Pars 

triangularis, RAC: Rostral anterior cingulate, RMF: Rostral middle frontal, SF: Superior frontal, SMAR: Supramarginal, 

SP: Superior parietal, ST: Superior temporal, TT: Transverse temporal 
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Figure 33: Scatterplots showing the NFL-volume relationship for the two brain volumes for which the p-value is lower than 

the significance level of the tests conducted. The NFL- SC_Left-Amygdala relationship scatterplot for each patient is at the 

top, while the NFL- SC_Left- L_parsopercularis relationship scatterplot for each patient is at the bottom. 

 

 

 

 

 
 

Figure 34: Scatterplots showing the GFAP-volume relationship for the three brain volumes for which the p-value is lower 

than the significance level of the tests conducted. The GFAP - L_inferiorparietal relationship scatterplot for each patient is 

at the top. The GFAP - R_caudalmiddlefrontal relationship scatterplot for each patient is in the middle. The GFAP - 

R_entorhinal relationship scatterplot for each patient is at the bottom. 
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Figure 35: Scatterplots showing the pTau181-volume relationship for the two brain volumes for which the p-value is lower 

than the significance level of the tests conducted. The pTau181- SC_Right-Caudate relationship scatterplot for each patient 

is at the top, while the pTau181- R_supramarginal relationship scatterplot for each patient is at the bottom. 

 

 

 

 

 
 

Figure 36: Scatterplots showing the GFAP/NFL-volume relationship for the three brain volumes for which the p-value is 

lower than the significance level of the tests conducted. The GFAP/NFL - SC_Left-Accumbens-area relationship scatterplot 

for each patient is at the top. The GFAP/NFL - SC_Right-Thalamus relationship scatterplot for each patient is in the middle. 

The GFAP/NFL - R_transversetemporal relationship scatterplot for each patient is at the bottom. 

 

Also in this case, applying the Holm-Bonferroni method for multiple testing correction leads to 

no sub-threshold p-values. 

Ultimately, I carried out a partial correlation analysis to evaluate whether the correction used 

to extract the volumes z-scores is adequate, or whether instead partial correlation could be a 
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relevantly better approach to exclude effects of age, gender and eTIV (figure 37). From figure 

38 to figure 41 it’s possible to see that the results obtained with partial correlation on absolute 

volumes are similar to those obtained with simple correlation on normalized volumes. 

 

 

 

 

 

 

 

 

Figure 37: Spearman Partial Correlation Coefficients between biomarkers and volumes. The matrix in figure shows the 

values of the Sperman partial correlation coefficient between each volume on the x-axis and the biomarkers on the y-axis. 

The correlation coefficients can vary between -1 and 1. The lowest values tend towards blue, while, moving away from them 

there are shades tending towards green, orange and yellow (highest values found) 
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Figure 38: P-Values found between NFL and brain volumes through Spearman Partial Correlation. The acronyms that 

identify the various brain volumes have the following meanings: CAC: Caudal anterior cingulate, CMF: Caudal middle 

frontal, CUN: Cuneus, ENT: Entorhinal, FUS: Fusiform, INFP: Inferior parietal, INS: Insula, ISTC: Isthmus cingulate, IT: 

Inferior temporal, LIN: Lingual, LOCC: Lateral occipital, LORB: Lateral orbito-frontal, MORB: Medial orbito-frontal, MT: 

Middle temporal, PARC: Paracentral lobule, PARH: Parahippocampal, PC: Posterior cingulate, PCAL: Pericalcarine, 

PCUN: Precuneus, POPE: Pars opercularis, PORB: Pars orbitalis, PREC: Precentral, PSTS: Postcentral, PTRI: Pars 

triangularis, RAC: Rostral anterior cingulate, RMF: Rostral middle frontal, SF: Superior frontal, SMAR: Supramarginal, 

SP: Superior parietal, ST: Superior temporal, TT: Transverse temporal 
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Figure 39: P-Values found between GFAP and brain volumes through Spearman Partial Correlation. The acronyms that 

identify the various brain volumes have the following meanings: CAC: Caudal anterior cingulate, CMF: Caudal middle 

frontal, CUN: Cuneus, ENT: Entorhinal, FUS: Fusiform, INFP: Inferior parietal, INS: Insula, ISTC: Isthmus cingulate, IT: 

Inferior temporal, LIN: Lingual, LOCC: Lateral occipital, LORB: Lateral orbito-frontal, MORB: Medial orbito-frontal, MT: 

Middle temporal, PARC: Paracentral lobule, PARH: Parahippocampal, PC: Posterior cingulate, PCAL: Pericalcarine, 

PCUN: Precuneus, POPE: Pars opercularis, PORB: Pars orbitalis, PREC: Precentral, PSTS: Postcentral, PTRI: Pars 

triangularis, RAC: Rostral anterior cingulate, RMF: Rostral middle frontal, SF: Superior frontal, SMAR: Supramarginal, 

SP: Superior parietal, ST: Superior temporal, TT: Transverse temporal 
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Figure 40: P-Values found between pTau181 and brain volumes through Spearman Partial Correlation. The acronyms that 

identify the various brain volumes have the following meanings: CAC: Caudal anterior cingulate, CMF: Caudal middle 

frontal, CUN: Cuneus, ENT: Entorhinal, FUS: Fusiform, INFP: Inferior parietal, INS: Insula, ISTC: Isthmus cingulate, IT: 

Inferior temporal, LIN: Lingual, LOCC: Lateral occipital, LORB: Lateral orbito-frontal, MORB: Medial orbito-frontal, MT: 

Middle temporal, PARC: Paracentral lobule, PARH: Parahippocampal, PC: Posterior cingulate, PCAL: Pericalcarine, 

PCUN: Precuneus, POPE: Pars opercularis, PORB: Pars orbitalis, PREC: Precentral, PSTS: Postcentral, PTRI: Pars 

triangularis, RAC: Rostral anterior cingulate, RMF: Rostral middle frontal, SF: Superior frontal, SMAR: Supramarginal, 

SP: Superior parietal, ST: Superior temporal, TT: Transverse temporal 
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Figure 41: P-Values found between GFAP/NFL and brain volumes through Spearman Partial Correlation. The acronyms 

that identify the various brain volumes have the following meanings: CAC: Caudal anterior cingulate, CMF: Caudal middle 

frontal, CUN: Cuneus, ENT: Entorhinal, FUS: Fusiform, INFP: Inferior parietal, INS: Insula, ISTC: Isthmus cingulate, IT: 

Inferior temporal, LIN: Lingual, LOCC: Lateral occipital, LORB: Lateral orbito-frontal, MORB: Medial orbito-frontal, MT: 

Middle temporal, PARC: Paracentral lobule, PARH: Parahippocampal, PC: Posterior cingulate, PCAL: Pericalcarine, 

PCUN: Precuneus, POPE: Pars opercularis, PORB: Pars orbitalis, PREC: Precentral, PSTS: Postcentral, PTRI: Pars 

triangularis, RAC: Rostral anterior cingulate, RMF: Rostral middle frontal, SF: Superior frontal, SMAR: Supramarginal, 

SP: Superior parietal, ST: Superior temporal, TT: Transverse temporal 
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4.5 BLOOD BIOMARKERS, DEMOGRAPHICS AND COGNITIVE 

STATES 

 

After having divided the dataset by sex and cognitive state, I carried out comparisons (T-tests) 

between the populations obtained to verify any differences in biomarkers values, due to 

belonging to a particular domain. 

 

In the following tables it’s possible to see the results of these tests for uncorrected p-values. 

Each table is associated with one of the four biomarkers studied. I used a different table color 

to distinguish each biomarker (blue for GFAP, green for pTau181, gray for NFL, yellow for 

GFAP/NFL). The tables show the mean and standard deviation values of the populations 

compared, while alongside I have reported the p-value obtained from the test. 

 

In Figure 42, I have drawn up boxplots of the compared populations, having a p-value less than 

or equal to 0.05 

 

As it’s possible to see from the tables and boxplots in Figure 42, the p-values below the 

significance threshold are: 

1) the p-value found for comparison between PD-NC men and women, related to their 

GFAP levels (Table 6). The comparison between the two groups can be found in the 

boxplot at the top left of Figure 42. 

2)  the p-value found for comparison between PD-MCI men and women, related to their 

pTau181 levels (Table 10). The comparison between the two groups can be found in the 

boxplot at the top right of Figure 42. 

3) the p-value found for comparison between PD men and women, related to their NFL 

levels (Table 14). The comparison between the two groups can be found in the boxplot 

at the bottom left of Figure 42. 

4) the p-value found for comparison between PD-MCI and PD-NC women, related to their 

GFAP/NFL levels (Table 21). The comparison between the two groups can be found in 

the boxplot at the bottom right of Figure 42. 

 

By correcting the significance of the tests with the method discussed previously, bringing it 

back to the case of multiple tests, no p-value below the threshold was found. 
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Male 

Mean 

Male 

STD 

Female 

Mean 

Female 

STD P-value 

MCI 220,15 129,55 199,64 104,28 0,71 

NC 176,00 71,77 307,60 243,66 0,02 

TOT 191,22 94,61 266,47 205,70 0,06 
Table 6: GFAP table divided by gender and cognitive state 

 

MCI 

Mean 

MCI 

STD 

NC 

Mean 

NC 

STD P-value 

Male and Female 

Subjects 211,95 117,60 223,52 166,44 0,78 
Table 7: GFAP table divided by cognitive state 

 

MCI 

Mean 

MCI 

STD 

NC 

Mean 

NC 

STD P-value 

Male Subjects 220,15 129,55 176,00 71,77 0,20 
Table 8: GFAP values for male subjects 

 

MCI 

Mean 

MCI 

STD 

NC 

Mean 

NC 

STD P-value 

Female Subjects 199,64 104,28 307,60 243,66 0,25 
Table 9: GFAP values for female subjects 

 

 

Male 

Mean 

Male 

STD 

Female 

Mean 

Female 

STD P-value 

MCI 22,15 14,18 10,61 5,16 0,04 

NC 17,90 7,35 20,85 16,44 0,47 

TOT 19,28 10,15 16,95 14,05 0,48 
Table 10: pTau181 table divided by gender and cognitive state 

 

 

MCI 

Mean 

MCI 

STD 

NC 

Mean 

NC 

STD P-value 

Male and Female 

Subjects 17,54 12,64 18,99 11,44 0,66 
Table 11: pTau181 table divided by cognitive state 

 

 

MCI 

Mean 

MCI 

STD 

NC 

Mean 

NC 

STD P-value 

Male Subjects 22,15 14,18 17,90 7,35 0,25 
Table 12: pTau181values for male subjects 

 

 

MCI 

Mean 

MCI 

STD 

NC 

Mean 

NC 

STD P-value 

Female Subjects 10,61 5,16 20,85 16,44 0,11 
Table 13: pTau181values for female subjects 
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Male 

Mean 

Male 

STD 

Female 

Mean 

Female 

STD P-value 

MCI 25,65 14,62 43,28 42,34 0,20 

NC 19,90 12,41 27,08 17,67 0,16 

TOT 21,79 13,10 33,25 29,66 0,05 
Table 14: NFL table divided by gender and cognitive state 

 

 

MCI 

Mean 

MCI 

STD 

NC 

Mean 

NC 

STD P-value 

Male and Female 

Subjects 32,70 29,37 22,49 14,70 0,09 
Table 15: NFL table divided by cognitive state 

 

 

MCI 

Mean 

MCI 

STD 

NC 

Mean 

NC 

STD P-value 

Male Subjects 25,65 14,62 19,90 12,41 0,23 
Table 16: NFL values for male subjects 

 

 

MCI 

Mean 

MCI 

STD 

NC 

Mean 

NC 

STD P-value 

Female Subjects 43,28 42,34 27,08 17,67 0,23 
Table 17: NFL values for female subjects 

 

 

Male 

Mean 

Male 

STD 

Female 

Mean 

Female 

STD P-value 

MCI 9,90 4,63 7,33 3,74 0,21 

NC 10,63 5,53 11,32 4,41 0,70 

TOT 10,79 5,11 9,80 4,53 0,67 
Table 18: GFAP/NFL table divided by gender and cognitive state 

 

 

MCI 

Mean 

MCI 

STD 

NC 

Mean 

NC 

STD P-value 

Male and Female Subjects 8,88 4,39 10,88 5,10 0,15 
Table 19: GFAP/NFL table divided by cognitive state 

 

 

MCI 

Mean 

MCI 

STD 

NC 

Mean 

NC 

STD P-value 

Male Subjects 9,90 4,63 10,63 5,53 0,70 
Table 20: GFAP/NFL values for male subjects 

 

 

MCI 

Mean 

MCI 

STD 

NC 

Mean 

NC 

STD P-value 

Female Subjects 7,33 3,74 11,32 4,41 0,05 
Table 21: GFAP/NFL values for female subjects 
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Figure 42: Population comparisons boxplots with significant p-values. The figure shows the boxplots of the populations 

compared in the previous tables, with p-values lower than or equal to the threshold value. On each box, the central mark 

indicates the median, and the bottom and top edges of the box indicate the 25th and 75th percentiles, respectively. The 

whiskers extend to the most extreme data points not considered outliers, and the outliers are plotted individually using 

the '+' marker symbol. 

 

Finally, I calculated the Spearman correlation coefficient between the serological data and two 

cognitive scales: the MOCA (Montreal Cognitive Assessment) and the MMSE (Mini-Mental 

State Examination). Also in this case, it was not possible to calculate the Pearson coefficient 

because the MOCA and MMSE values do not follow a normal distribution, so I performed a 

non-parametric test. 

 

The results of this correlation analysis between biomarkers and cognitive tests are presented in 

table 22. In the same table it’s possible to see, under every correlation coefficient, the 

corresponding p-value in brackets. 

 

 

 

 

NFL 

(ng/L) 

GFAP 

(ng/L) 

pTau181 

(ng/L) GFAP/NFL 

MOCA 

-0,008 

(0,95) 

0,052 

(0,05) 

-0,001 

(1,00) 

0,153 

(0,26) 

MMSE 

-0,048 

(0,77) 

0,041 

(0,80) 

0,014 

(0,93) 

0,139 

(0,39) 
Table 22: Spearman correlation coefficients between cognitive scales and biomarkers. Under each coefficient the 

corresponding p-value is reported in brackets 
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Also in this case, the significance level of the test was set at 5%, but no significant correlation 

was found with this threshold level. 
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Chapter 5 

DISCUSSIONS 

In this work I used voxel-based and surface-based morphometry algorithms to estimate the 

volume of subcortical and cortical structures in the brains of 57 PD patients from T1-weighted 

and T2-weighted FLAIR magnetic resonance images. These measures were related to blood 

biomarkers to evaluate possible correlations between structural changes and levels of NFL, 

GFAP or pTau181. Differences between the presence and absence of cognitive impairment 

were also tested. An entirely voxel-based algorithm for brain morphometry analysis, based on 

SPM CAT12, was used to perform a comparison between the two techniques.  

The dataset numerosity is biased towards males and normal cognition, which is consistent with 

the distribution of Parkinson's disease which shows a higher prevalence in the male population 

(88). 

From the results of the morphometry and, in particular, from the comparison of normalized 

volumes vs. zero, it emerges that the parts of the brain most affected by the disease are: the 

cingulate cortex, the paracentral lobule, the entorhinal cortex, the fusiform cortex, the 

parahippocampal gyrus, Broca's area and the temporal cortex. Thus, the most affected areas 

perfectly coincide with those indicated in the literature (89–93). Moreover, the morphological 

alterations found are in line with the regions of altered connectivity (94). 

In our analysis we found differences with p-values below the significance level of 0.05 in the 

rostral anterior cingulate, supramarginal and transversetemporal cortexes. The p-values do not 

survive corrections for multiple comparisons, which might be ascribed to a low sample size, 

nonetheless, the involvement of the volumetric contraction of the cingulate cortex in cognitive 

decline is confirmed in literature, as well of that of parietal structures highlighted in Figure 17 

(95). The involvement of the parahippocampal cortex in our case is not significant but is 

relatively close to the threhsold. 

Regarding the correlation analysis between volumes and biomarkers, the significant values 

found in single tests were not confirmed through correction methods for multiple tests, despite 

falling short by very small fractions. Interesting differences were found in biomarker values 

during comparisons between the MCI and NC groups, divided by gender. As regards the 

pTau181 values, in particular, from the comparison between PD-MCI male and female subjects, 
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a significant difference on uncorrected p-values emerges in the median values, which are higher 

in favor of men. If we consider the values of the GFAP/NFL ratio, instead, a significant 

difference (again on uncorrected p-values) can be found between PD-MCI and PD-NC females 

subjects, also in this case confirmed by diversity of medians with higher values for PD-MCI.  

Again, from the analysis of the relations between blood biomarkers and brain morphometry, 

more widespread differences across brain regions emerged when considering volumes 

normalized using normative values rather than analysing non-normalized volumes. This clearly 

speaks in favour of the need to correct for gender, age and eTIV differences when performing 

morphometry analysis. This correction was also attempted using partial correlation, i.e., trying 

to estimate covariates effects from our data. Interestingly, the results obtained using partial 

correlation showed no relevant difference with respect to those obtained on non-normalized 

data. Consequently, normalization was more effective than partial correlation in cleaning the 

results from the effect of irrelevant covariates for the purpose of pursuing a link between 

morphometric parameters and biomarkers. 

Regarding the differences between FreeSurfer and BAAD, the correlations with MOCA scores 

suggest that the former provides a better parcellation of the cortical area, while the latter seems 

to obtain a more accurate segmentation of the subcortical area. The differences of the results 

that the two software obtain in the subcortex (Figure19) and, in particular, the absence of 

correlation for the ventricles and the brainstem, could depend on the fact that they use two 

different algorithms to perform the skullstrip. Indeed, the masks used to perform the skullstrip 

in the FreeSurfer pipeline are constructed to cut the medulla and ventricles at a consistent level 

across subjects, while no control is performed for the SPM pipeline. So, the lack of correlation 

visible in Figure 19 could be due to the fact that each of the two algorithms cuts more or less a 

certain portion of these parts. From the deviations shown in figure 20, instead, it emerges that 

probably one or both the algorithms tend to underestimate and/or overestimate some of the brain 

volumes. The deviation of the null value of the quantity considered (the difference between the 

median of the ratio between volumes calculated with BAAD and FreeSurfer and one), in fact, 

implies that, for each volume, either one of the two sofware underestimates its value, or one of 

the two software overestimates its value, or that when one underestimates its value the other 

overestimates it and vice versa. Further comparisons with normative values computed with 

SPM and with gold-standard manual segmentation are needed to assess the ground truth. 
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5.1 LIMITATIONS 

Notably, we observed close-to-significant differences for the values of biomarkers in women 

and men. To my knowledge, no gender-based standardization exists in literature for blood 

biomarkers.  

Among the limitations of the study, we report again the unbalanced dataset towards NC male 

subjects. This deficiency not only does not allow for homogeneous comparisons regarding the 

differences between those with and without a cognitive deficit, but it also does not allow us to 

fully understand whether there are relevant differences in the evolution of Parkinson's disease 

between the male population and the female one. 

In addition, I observed a significant difference in terms of age between MCI males and NC 

males, which might have an impact on the results since age is a known factor affecting brain 

atrophy. 

More generally, the sample size at my disposal is not very large, therefore the statistics found 

could undergo significant variations if a higher number of subjects were available to study. 

Other limitations could be individuated in the cortical parcellation used, the Desikan-Killiany, 

composed of relatively few regions of interest (ROI), and in not having investigated the possible 

existence of non-linear correlations between biomarkers and volumes, for example using 

maximal information coefficient. 

 

 

5.2 FUTURE DIRECTIONS 

We can try to imagine useful improvements for this line of research.  Given the observed gender 

bias in the distributions of blood biomarkers, further acquisitions of blood biomarkers in healthy 

subjects should be oriented towards finding a relation with demographics, in order to allow 

researchers to extract gender- and age-independent z-scores. 

As possible developments of future studies it might be considered the FreeSurfer's feature of 

segmenting white matter lesions (96). In this way, it could be assessed if there is a possible 

correlation between the lesions and the biomarkers. We also note that distributions of blood 

biomarkers were observed in this work to be non-gaussian, but the use of logarithmic transforms 

could be useful in normalizing these data and therefore in increasing the power of our statistics. 

According to Hugo C. Baggio and Carme Junqué functional magnetic resonance imaging 

(fMRI) has been used for several years to study alterations of cognitive patterns in PD subjects 

(97). In particular, these studies have shown that different types of cognitive deficits linked to 
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Parkinson's disease are associated with an alteration of brain connectivity, analyzed during the 

resting state (97). Despite movement and space artifacts, the fMRI could provide a more 

complete picture of dementia and mild cognitive impairment aetiology, allowing us to 

investigate more thoroughly the association between the neurophysiological alterations caused 

by Parkinson's and the onset of cognitive deficits. 

Last but not least, diffusion MRI could also play a key role for future studies. Because of its 

ability to detect changes in the microstructure of the brain damage (98), studying diffusive 

images could be a valid support on two fronts. First, it would certainly help to complete and 

detail the morphometric analysis, enriching it with details on the variations in the structure of 

the brain and thus increasing knowledge of the way in which the disease develops. Secondly, 

microstructural variations could be related to biomarkers and/or cognitive states in order to 

investigate possible links. 
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Chapter 6 

CONCLUSIONS 

 

In conclusion, this thesis aimed at evaluating the relation between brain morphometry and blood 

biomarkers in a cohort of Parkinson’s disease patients stratified by presence of cognitive 

impairment. Surface based morphometry revealed alterations in PD with respect to normative 

data in line with literature, on cingulate, insular and temporal cortexes. The limited sample size 

did not allow to fully confirm the relations between atrophy and cognitive impairment, but it 

was still possible to provide a first glimpse of the associations between Neurofilaments, GFAP 

and pTau181 and patterns of brain atrophy in PD. This line of research could reveal new insights 

in the specificity of these biomarkers, if further studies will be able to define on larger cohorts 

the patterns linked to each biomarker, paving new paths in the search for non-invasive, cheap 

and reliable detectors of neurodegeneration.  
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la figura affettiva che hai rappresentato e rappresenti per me. Hai chiarito e consolidato in me 

il significato di molti valori, da quello degli affetti familiari a quello della cultura. Sei un 

esempio di integrità, rigorosità e professionalità a cui mi sono ispirato e a cui mi ispererò 

sempre. Di te non conservo altro che bei ricordi e spero, con questo traguardo, di averne regalato 

uno anche a te.     

 

 

Alla famiglia Caiola. Siete e sarete sempre la mia famiglia. Il posto in cui sicuramente voglio 

abitare, quello dove sono cresciuto, dove so di potermi sentire a casa. Grazie a voi ho capito 

cosa sono e chi voglio essere. Pensare a voi mi ha dato una mano, nei momenti difficili, a 

ritrovare me stesso. Grazie per tutti i momenti belli che ho trascorso insieme a voi, in questi 

anni. Grazie per gli insegnamenti che mi avete dato. Grazie per il calore, conforto e riparo che 

mi avete regalato. Voi siete la mia famiglia e io sono uno di voi. Il mio sangue è il vostro sangue. 

Considerate, quindi, come vostro, anche questo traguardo. Grazie a tutte le mie zie, i miei zii e 

la mia prozia Anna. Grazie a mia nonna Maria e a mio nonno Corrado, per aver costruito una 

così bella famiglia, dove ho avuto la possibilità di crescere. Vi voglio tutti bene! 

 

 

Al mio amico Gennaro. Insieme ne abbiamo passate tante. Già dal liceo e per tutto il percorso 

universitario, ci siamo spalleggiati ed aiutati l’un l’altro. Dal confronto con te ho imparato tante 

cose. Ti ho sempre stimato per il tuo grande valore intellettuale ed umano. È stato un onore ed 

un privilegio per me averti accanto in questi anni e poter godere del tuo consiglio e supporto. 

Grazie per tutti i momenti spensierati e divertenti trascorsi assieme a te. Ti ringrazio per essere 

l’amico che sei stato e che sei. A te auguro tutto il bene che Dio possa offrirti in questa vita! 

 

 

Alla mia amica Jessica. Sei stata la sorpresa della mia esperienza patavina. La tua compagnia, 

durante le giornate di studio, mi ha regalato tanta gioia ed entusiasmo nell’affrontare gli ultimi 

esami. Sei stata un esempio di determinazione e caparbietà imprescindibile per aiutarmi a 

superare prove che altrimenti avrei fallito. Grazie per tutti i momenti belli, le risate e l’affetto 

che mi hai regalato. Ti voglio tanto bene e spero che la vita possa regalarti tutto ciò che desideri. 
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Anche perché già so che, se la vita pensasse di non concedertelo, te lo prenderesti con la forza. 

Che Dio ti benedica amica mia! 

 

 

A David, Federica, Riccardo ed Alessandra. Per voi è necessario un ringraziamento congiunto. 

Dopo tutto, siete diventati una parte importante della mia vita nello stesso momento. Con voi 

ho vissuto tante belle esperienze, dal Rotaract fino all’organizzazione delle serate e dei fine 

settimana da trascorrere assieme. Ma, cosa più importante, siete stati veri amici anche nei 

momenti difficili e nelle incomprensioni. Stando insieme a voi ho imparato molto, ma 

l’insegnamento più importante che mi avete dato è che, nonostante le differenze o le divergenze, 

quello che conta più per me è l’affetto che nutro per voi. 

 

 

Alla mia amica Annarita. Grazie per tutti i consigli che mi hai dato in questi anni. Grazie per 

avermi dato un punto di vista diverso e per avermi aiutato ad ampliare le mie vedute. Grazie 

per l’affetto che mi hai mostrato pur vedendo le mie miserie. Ti voglio bene! 

 

 

A tutti gli amici che ho incontrato in questi anni. Grazie per aver arricchito la mia vita di bei 

ricordi e di momenti trascorsi assieme, dal valore inestimabile. Grazie per aver reso questo mio 

percorso meno arduo e più piacevole da vivere. Grazie per avermi aiutato a trovare un obiettivo 

quando, nei momenti di aridità, sembrava non potessi riuscire a scorgerne uno. 

 

 

A tutti coloro che mi hanno ostacolato e mi hanno fatto del male in questi anni. Grazie perché 

solo nel buio si apprezza lo splendore delle poche luci preziose che illuminano l’universo. Mi 

avete fatto comprendere meglio quanto io sia fortunato. Mi avete dato una migliore 

comprensione di quello che di veramente bello ed importante risiede in questa vita. Mi avete 

aiutato a crescere e diventare una persona più forte e determinata. Sono onorato e grato per aver 

incontrato anche voi, perché la vera crescita non si ha nei momenti in cui va tutto bene, ma 

quelli in cui va tutto male. Mi avete dato delle occasioni a cui, con la consapevolezza di oggi, 

non sarei disposto a rinunciare. A voi auguro ogni bene e offro, con l’aiuto di Dio, il mio 

perdono e ringraziamento. 

 

 

Alla mia fidanzata Anna. Ultima, ma non per importanza sei tu! Sei stata un dono per il mio 

cuore. Riparo per le mie afflizioni. Caposaldo contro molti miei dubbi. Sei arrivata nel momento 

giusto e hai conferito tanta gioia e amore alla mia vita. Hai dato un significato ed una 

declinazione diversi a questi ultimi due anni: non sono stati solo gli anni in cui mi sono laureato 

e ho iniziato a lavorare, ma sono stati gli anni in cui è iniziata la mia storia con te. Sei stata il 

raggio di sole che ha penetrato le nuvole della mia vita. Sei stata la nota iniziale di una melodia 

dolcissima. Stando con te sono cambiato molto e parte di quello che ero non lo sarò più. Sei 

stato uno dei passaggi più significativi della mia esistenza, la risposta di Dio ad una mia 

necessità. Non ti sarò mai abbastanza grato per quello che hai fatto. Ti ringrazio di tutto il 

supporto, l’amore e la consolazione di cui mi hai fatto dono. Ti ringrazio per avermi aiutato a 
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capire le parti positive del mio carattere e modificare quelle negative. Grazie per avermi dato 

maggiore consapevolezza di me stesso. Con te ho imparato ad apprezzare cose che non avrei 

mai pensato mi potessero piacere e a rifiutare altre che, non avrei mai pensato essere, per me, 

così deleterie. L’affetto e l’amore che ho per te non cambieranno mai, nel mio cuore ci sarà 

sempre posto per te. Hai plasmato la mia vita in una maniera incontrovertibile sei stata la cura 

a tante mie ferite. Spero solo che, vedendomi conseguire questo traguardo, tu riesca a percepire 

quello che è il frutto delle tue immense qualità, che mi hanno dato un aiuto prezioso a 

raggiungerlo. Grazie di tutto mia amata! 

 

 

 

 

 

 

 

 

 

 

 

 

 

 


