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Alzheimer’s disease (AD) is the most common neurodegenerative disorder and a
growing health problem. Investigating useful biomarkers for early diagnosis, prog-
nosis and response to therapy is a primary goal today of the research activity in neu-
roscience. Physics plays a key role in neuroscience research, as it provides theory
and methods for brain imaging acquisition, brain modeling and data analysis. The
complexity of the brain connectome, in fact, lends itself to studies at different scales,
ranging from a local voxel-wise investigation of images of the brain to more global
properties captured by complex network models reconstructed from these imaging
data. A promising imaging technique tailored to such a multiscale investigation is
diffusion tensor imaging (DTI). DTI, in fact, provides insights into the white mat-
ter micro-structural integrity and can thus help identify alterations in white mat-
ter regions due to AD. In this thesis, voxel-based and graph-based approaches to
the problem of analyzing DTI images of the human brain for AD characterization
are explored. The investigations are carried out with a two-fold purpose. On one
hand, statistical-descriptive analyses are performed to provide clinical insights on
the brain areas mostly involved in the degeneration processes triggered by the dis-
ease. On the other hand, machine learning algorithms are applied to investigate the
predictive potential of meaningful features characterizing AD for making the dis-
crimination between healthy and unhealthy subjects automatic. In particular, the
application of an uncommon graph metric, the communicability metric, is explored
to characterize brain networks and the connectivity alterations due to AD. The data
used in the present thesis are based on samples of healthy control elderly people, AD
patients and individuals with a mild cognitive impairment from the publicly avail-
able ADNI dataset. Encouraging results have been obtained, paving the way for the
development of statistical and computerized methods, as low-cost and non-invasive
tools to support the disease assessment in the daily clinical trials. In particular, fur-
ther evidence that measures describing the communication between brain regions
represent promising biomarkers for AD has been found.
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Chapter 1

Introduction

1.1 Physics and neuroscience

Neuroscience is an increasingly important area of research that aims to understand
how the brain works. It is an interdisciplinary field that integrates psychology, biol-
ogy, chemistry and physics. In particular, physics plays a key role in neuroscience
research providing crucial insights into the understanding of the brain from three
points of view: brain imaging technology, data analysis and brain modeling. The
first aspect is a technical and instrumental one: research in physics has led to the
development of important neuroimaging techniques such as positron emission to-
mography (PET), single-photon emission computed tomography (SPECT), magne-
toencephalography (MEG), electroencephalography (EEG), computed tomography
(CT), structural magnetic resonance imaging (MRI), functional magnetic resonance
imaging (fMRI), diffusion tensor imaging (DTI), and so on.

The second aspect concerns the methodological strategies. During the most of
neuroscience history, this science was mainly qualitative, with little or no reliance
on statistics. In the last 10 years, neuroscience is undergoing faster changes generat-
ing quantitative big-sample datasets. New methodological approaches are required
due to the progressively increasing granularity of digitized brain data. There is a
growing interest for data sharing, open access and building "big-data" repositories.
Neuroscience is entering the era of large-scale data collection, curation, and collabo-
ration with a pressing need for statistical models tailored for high dimensional infer-
ence. Rich datasets, in fact, can extend the spectrum of possible findings about the
brain [1]. It’s on this new perspective that physics takes action applying in neuro-
science the computational and methodological strategies used in astrophysics, parti-
cle physics and high energy physics: statistical and mathematical frameworks, soft-
ware development, simulation and modeling tools, machine learning procedures,
distributed computing.

The third aspect concerns the brain modeling. The human brain can be modeled
as a system with several regions, whose interactions produce complex behaviors
[2]. To understand the mechanisms behind higher-level brain functions, a detailed
study of the individual neural cells is clearly insufficient; global functional and struc-
tural properties of such a complex system need to be considered as emerging from
the interactions between the parts of the entire system, which combine statistical
randomness with regularity [3]. Since the mid 1990s, developments in our under-
standing of the physics of complex systems have led to the rise of network science
as a transdisciplinary effort to characterize network structure and function. Com-
plex networks provide a powerful tool to model components of the human brain
and their interactions. They are suited to study brain connectivity and, in particular,
connectivity alterations due to neurodegenerative diseases, in order to understand
the mechanisms underlying such degeneration.
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1.2 Motivations and objectives

In the research on degenerative brain disorders, the application of mathematical and
technological frameworks has the aim to find new biomarkers for early disease di-
agnosis, prognosis and response to therapy. Among neurodegenerative diseases,
Alzheimer’s disease (AD) is the most widespread and most disabling. It is char-
acterized by short-term memory loss in its early stages, followed by a progressive
decline in other cognitive and behavioural functions as the disease advances [4].
There is evidence supporting the biological hypothesis that this decline is related to
a disrupted connectivity among brain regions, caused by white matter (WM) degen-
eration [5–7].

Because of their homogeneous chemical composition, conventional magnetic res-
onance imaging is not able to highlight the structure of the WM fibres; therefore, it
is not tailored to investigate the physical disconnections arising among them. Con-
versely, diffusion tensor imaging has emerged as an helpful technique that measures
the water diffusion along the WM fibres, and can thus provide useful information
regarding their integrity [8]. Fractional anisotropy (FA) and mean diffusivity (MD)
are among the invariants derived from the diffusion tensor that are closely related
to such integrity: the water diffusion along a healthy axon is highly anisotropic, be-
ing constrained almost completely to one direction, so high values of FA and low
values of MD are able to describe non-pathological scenarios. In this view, diffusion
anisotropy effects point out micro-structural changes related to the disease, which
can complement the information coming from conventional MRI in investigating
human brain atrophy.

In addition, when combined with tractography algorithms [9], DTI enables the
reconstruction of the WM fibre tracts, providing a characterization of the physi-
cal connections of the brain that can be subsequently investigated through a graph
theory-based approach. Traditional network metrics tailored to describe topological
properties of the brain include nodal degree and strength and shortest path length.

A promising application of DTI measures consists in computing meaningful fea-
tures, for instance the most representative voxels of FA and MD maps, or graph-
based topological metrics based on the brain connectivity network, and then feeding
these features into machine learning algorithms to automatize the discrimination be-
tween AD patients and healthy control (HC) subjects. Developing decision support
systems can provide a quantitative, non-invasive and low-cost tool-support to the
neuropsychological assessments performed by expert clinicians.

More importantly, such an approach can be employed for the AD classification
at a prodromal stage. To this end, a special attention is devoted to mild cognitive im-
pairment (MCI) signs, as a person with MCI is at a high risk of developing dementia
of the Alzheimer’s type [10]. MCI is characterized as a non-disabling disorder that
represents an early state of abnormal cognitive function. Although not all MCI cases
represent prodromal AD, an estimated 10–15% of MCI subjects enter the dementia
spectrum every year [11]. Discriminating AD at such an early stage is crucial in the
perspective of the future medical treatments to be administered and for improving
the quality of life of the patient.

In this thesis, a multiscale analysis on DTI images of the human brain for AD
characterization has been carried out. This analysis ranged from the most consoli-
dated voxel-wise approach to the more recently explored approach based on graph
and complex network theory. Thus the investigation ranged from the microstruc-
tural localized information provided by the voxel-wise analysis to the more global
perspective of connectivity network analysis at the cortical and at sub-cortical level.
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These scales of investigation have been carried from two different perspectives. On
one hand, statistical-descriptive analyses have been conducted to provide clinical in-
sights on the brain areas mostly involved in the degeneration processes triggered by
the disease and to find connectivity patterns related to AD. On the other hand, ma-
chine learning algorithms have been applied to investigate the predictive potential
of meaningful features characterizing AD for making the discrimination between
healthy and unhealthy subjects automatic. The data used in the present thesis are
based on samples of healthy control elderly people, AD patients and individuals
with MCI from the publicly available ADNI dataset.

The contribution of the present thesis is therefore manifold. First, this thesis
contributes by overcoming some main limitations which prevent the reliability of
state-of-the-art results obtained with the voxel-based approach. In particular, we
performed a comparative study between nested and non-nested feature selection pro-
cedures on the same set of data, as first attempt in the literature to measure the bias
introduced by non-nested feature selection in the classification of DTI images. This
study led to the definition of a new baseline for the HC/AD and the HC/MCI dis-
crimination with FA and MD maps based features.

A network-based approach was then applied on the same dataset, in particu-
lar to investigate whether the graph communicability metric is tailored to describe
the disruption of communication between brain regions caused by AD. The litera-
ture investigated this issue applying only traditional graph metrics, mostly based
on shortest path length. Communicability, instead, is a less common graph mea-
sure, which quantifies the ease of communications between two nodes of a network
by considering not only the shortest path, but all possible paths connecting them.
For this reason, this measure may be a better discriminant factor for AD. To in-
vestigate this hypothesis, we evaluated if and to which extent the communicabil-
ity metric positively impacts the performance of a classification algorithm for the
AD/MCI classification. In particular, we performed a comparative study between
classification models trained with traditional network metrics and models trained
with communicability. To our best knowledge, this is the first time the communica-
bility metric has been proposed to study the connectivity changes in AD and MCI
brain networks.

The graph-based analysis has been carried out both at the cortical and at the
sub-cortical level; in the latter case, the effectiveness of novel metrics derived from
communicability has also been investigated.

1.3 Structure of the thesis

This thesis deals with different issues that are part of different scales of analysis. For
instance, different approaches require dedicated image processing pipelines. Het-
erogeneous groups of subjects have been available depending on the image pro-
cessing modality under study. Some statistical and machine learning techniques are
better suited to some data or features, but may be less useful with other sources of
information. Different clinical insights are also likely to be found. For these reasons,
the materials and methods of the experiments carried out are not summarized in a
unique chapter but are discussed only when pertinent.

The rest of the present thesis is thus organized as follows:

Chapter 2 provides background knowledge on Alzheimer’s disease, diffusion ten-
sor imaging, complex networks and data analysis techniques, with emphasis
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on their application to the problem at hand, i.e. the assessment of (possibly
early) signs and manifestations of the disease.

Chapter 3 deals with the application of the more classic voxel-based approach to
address such a problem. The chapter reviews some open issue in the current
research and is aimed at providing novel baseline results for the binary classi-
fication AD vs. HC and MCI vs. HC relying on FA and MD maps. The content
of this chapter is mainly based on [12] and [13].

Chapter 4 focuses on the application of the more recently investigated approach
based on the use of complex network theory. The chapter investigates the use-
fulness of an uncommon graph measure, namely communicability, to better
describe the disruption of connectivity in the human brain due to AD. In par-
ticular, the cortical connectivity network is studied. This chapter is mainly
based on [14] and [15].

Chapter 5 extends the experiment reported in the previous chapter by considering
the connectivity alterations arising at the sub-cortical level. Some novel met-
rics, derived from communicability, are proposed for this aim.

Chapter 6 concludes the thesis and depicts future developments of the research con-
ducted so far.
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Chapter 2

Background

In order to better explain the research activity carried out, the present chapter pro-
vides some background knowledge on Alzheimer’s disease and the traditional ap-
proaches to its assessment. Then, the need for new biological markers, particularly
brain imaging, is emphasized. The main principles of Diffusion Tensor Imaging and
the most consolidated approaches proposed for its application on AD characteriza-
tion are described. The more recent approach based on complex networks is also
explained. Finally, an overview of statistical and machine learning tools used for
data analysis is provided.

2.1 Alzheimer’s disease

Alzheimer’s disease is a degenerative brain disorder, the most frequent cause of
dementia [16]. It is characterized by a progressive decline in cognitive function,
in particular the memory domain. According to the Alzheimer’s Disease Interna-
tional, the worldwide federation of Alzheimer associations supporting people with
dementia and their families, there were an estimated 46.8 million people worldwide
living with dementia in 2015 and this number is believed to be almost double ev-
ery 20 years, reaching 75 million in 2030 and 131.5 million in 2050. Much of the
increase will be in developing countries. Already 58% of people with dementia live
in low and middle income countries, but by 2050 this will rise to 68% (Fig. 2.1 from
https://www.alz.co.uk/research/statistics)

According to [4], in 2017 an estimated 5.5 million Americans have Alzheimer’s
dementia. By mid-century, the number of people living with Alzheimer’s dementia

FIGURE 2.1: Worldwide projections of the number of people with de-
mentia in low and middle income countries and in high income coun-
tries.

https://www.alz.co.uk/research/statistics)
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in the United States is projected to grow to 13.8 million. Today, someone in the
country develops Alzheimer’s dementia every 66 seconds. By 2050, one new case of
Alzheimer’s dementia is expected to develop every 33 seconds, resulting in nearly
1 million new cases per year. These worldwide projections show that AD is a really
growing health problem, as well as a serious social issue.

One of the most common signs of AD is memory loss, especially forgetting re-
cently learned information. Another manifestation is forgetting important dates or
events. Some people experience difficulties in solving problems, changes in their
ability to develop and follow a plan or to work with numbers; moreover, they may
have trouble concentrating and they take much longer to do things than they did
before. AD patients find it hard to complete daily tasks at home, at work or at
leisure and they can get confused with time or place. Furthermore, people with
Alzheimer’s may have trouble understanding visual images and spatial relation-
ships and problems with words in speaking or writing. Other signs of dementia are
changes in judgment or decision-making and changes in mood and personality. AD
patients can become confused, suspicious, depressed, fearful or anxious and they
may remove themselves from hobbies, social activities, work projects or sport. Peo-
ple in the final stages of the disease are bed-bound and require around-the-clock
care. Alzheimer’s disease is ultimately fatal.

The difficulties in AD people occur because nerve cells (neurons), in parts of
the brain involved in cognitive function, have been damaged or destroyed. In AD,
neurons in other parts of the brain can be damaged or destroyed as well, including
those that allow a person to carry out basic bodily functions.

The neuropathological hallmarks of AD consist in a strong cortical atrophy and
in the accumulation in the cerebral cortex of senile plaques, neurofibrillary tan-
gles and neuropil threads [17]. Fibrillary amyloid substance accumulates in senile
plaques. The major subunit of the amyloid fibrils is the 4.2-kD amyloid-β pep-
tide, known as Aβ because of its partial beta-pleated sheet structure. Neurofibril-
lary tangles contain paired helical filaments (PHFs) composed by the microtubule-
associated protein tau [18]. As plaques and tangles form in particular brain regions,
healthy neurons begin to work less efficiently and to lose their funcions and their
capacity to communicate with each other, eventually dying off completely. Neuron
death-off causes atrophy in the affected brain areas, mainly hippocampus which is
essential in memory functions.

The pathomechanism of Aβ and tangle formation still remains unclear and it is
still controversial whether tangles are a primary causative factor in disease or play
a more peripheral role. Clinicopathological correlation studies have played a key
role to generate hypotheses about the pathophysiology of the disease, by finding
out that the amyloid plaque build-up occurs primarily before the beginning of cog-
nitive deficits, while neurofibrillary tangles and neuron loss, particularly synaptic
loss, occur parallel to the progression of cognitive decline [19]. Experimental evi-
dence suggests that Aβ plaques begin to form many years before dementia and this
progressive and gradual pathology offers a potential target for early intervention
[20].

2.1.1 Stages of the disease

Changes in the brain due to AD begin years before any sign of the disease becomes
manifest. This time period can last for years and it is called preclinical AD: it’s a
silent stage during which senile plaques are accumulating in the brain, but are not
sufficient to cause remarkable symptoms. The disease progression goes through
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three stages: mild Alzheimer’s disease, moderate Alzheimer’s disease and severe
Alzheimer’s disease (https://www.alz.org/alzheimers-dementia/stages).

The mild AD is the early stage in which the person is still able to do the normal
activities such as driving and working, but she may have memories lapses regarding
for example familiar words or the location of everyday objects. Friends and family
begin to notice some difficulties, including:

• Problems remembering names, right words, information just read;

• Losing or misplacing a valuable object;

• Trouble with planning or organizing;

• Difficulties in performing tasks in social or work settings.

Moderate AD is the middle stage; typically the longest one as it can last for many
years. During the moderate stage of Alzheimer’s disease, individuals may have
greater difficulty to perform tasks such as paying bills, but they may still remem-
ber important details about their life. Damage to nerve cells in the brain can make
it difficult to express thoughts and perform routine tasks. At this stage, common
symptoms of sick people are:

• Problems remembering events of personal history;

• Being unable to recall their own address or telephone number;

• Confusion about where they are or what day it is and increased risk of wan-
dering and becoming lost;

• Changes in sleep patterns, such as sleeping during the day and becoming rest-
less at night;

• Personality and behavioral changes, including suspiciousness and delusions
or compulsive, repetitive behavior.

In the late stage, memory and cognitive capacity continue to decline and physical
ability is severely impacted, for example the ability to control movements. Signifi-
cant personality changes may take place and individuals need extensive help with
daily activities. The main symptoms are:

• Losing awareness of recent experiences and of their surroundings;

• Increasing difficulty in communicating;

• Changes in physical abilities, such as walking, sitting and, eventually, swal-
lowing;

• Vulnerability to infections, especially pneumonia.

A really important stage, in terms of early diagnosis, is the MCI state, which is
intermediate between preclinical AD and dementia (Fig. 2.2). MCI is a condition
in which an individual has mild but measurable changes in thinking abilities that
are detectable to the person affected and to family members and friends, but do not
affect the individual’s ability to carry out everyday activities. The MCI state does
not necessary evolve in AD. The formal definition of MCI is: "a syndrome defined as
cognitive decline greater than expected for an individual’s age and education level
but that does not interfere notably with activities of daily life" [10]. There are several

https://www.alz.org/alzheimers-dementia/stages
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FIGURE 2.2: Progression from normal aging to Alzheimer’s disease.

different sub-types of MCI, but the two major categories are amnestic (characterized
by memory-related problems) and non-amnestic. It is difficult to estimate how many
cases of MCI there are since many different definitions of MCI exist. According to
the results of several studies, 15-20% of adults over the age of 65 meet the criteria for
MCI [21]. People with MCI, especially MCI involving memory problems, are more
likely to develop Alzheimer’s or other dementias than people without MCI [22]. A
systematic review of 32 studies found that an average of 32% of individuals with
MCI developed Alzheimer’s dementia in 5 years [23]. However, for unknown rea-
sons, some people with MCI remain stable while some even improve to AD: today
researchers and clinicians are not able to definitively predict if MCI will progress
to dementia. Numerous studies on MCI are ongoing to identify those neuropsy-
chological, neuropsychiatric and neuroimaging biomarkers that might indicate risk
for further decline to AD, helping researchers to detect early brain changes and to
test medications. The pharmacologic treatments available today for Alzheimer’s de-
mentia are not able to slow or stop the destruction of neurons that cause AD symp-
toms and make the disease fatal. In recent years, efforts to develop and validate
AD biomarkers, including those detectable with brain imaging and in the blood
and cerebrospinal fluid, have intensified. Such efforts are moving the focus from
cognitive and functional symptoms to one that incorporates biomarkers. This new
approach could promote diagnosis at an earlier stage of disease and lead to a more
accurate understanding of AD prevalence and incidence.

2.1.2 Diagnosis and biomarkers

The evaluation of the patient’s clinical status and his/her responsiveness to medica-
tion is typically achieved via a clinical workup which includes some core elements.
A thorough medical history, where the neuropsychologist documents family history,
previous illnesses, etc., is usually collected. The assessment of independent function
and daily activities allows the examiner to focus on changes of the usual level of
function of the individual. To make a clearer clinical picture, neuropsychological
testing is also typically carried out, so that specific thinking skills can be evaluated
through series of written tests. The most common presentation of AD dementia, in
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fact, is the amnestic form, which involves impairment of episodic memory (i.e., the
ability to learn and retain new information). However, some patients have initial
involvement of other cognitive domains, such as language or visuospatial or execu-
tive functioning. Standard cognitive and functional tests include, among the others,
those described in the following paragraphs.

Mini-Cog It is a short screening test composed by two parts: a 3-item recall test
and a simple clock drawing test [24]. In addition to verifying short-term mem-
ory loss, the test evaluates visuo-spatial abilities, attention and executive functions.
Mini-Cog is not a diagnostic test, but it is useful to identify subjects at risk of devel-
oping dementia and for which a more in-depth assessment is needed.

IADL scale This is an instrument to assess independent living skills [25]. More
precisely, it provides information about 8 skills necessary for living in a community,
for example food preparation, housekeeping and laundering. Individuals are scored
in accordance with their highest level of functioning and on the need for assistance
or supervision.

Mini-Mental State Examination It consists of a 30-point questionnaire including
questions and problems in many areas: orientation to time and place; repetition of
lists of words; attention and calculation; etc [26]. MMSE is one of the most widely
used tests for assessing dementia. Any score greater than or equal to 24 points in-
dicates a normal cognition. Below this, the score can indicate severe (≤ 9 points),
moderate (10-18 points) or mild (19-23 points) cognitive impairment.

Trail Making Test It requires the subject to connect a sequence of 25 consecutive
targets. The test, in particular, is divided in two parts: in the first part, the targets
are only numbers (1, 2, 3, . . .) and the subject is asked to connect them in sequential
order; in the second part, the subject alternates between numbers and letters (1, A,
2, B, . . .). The test is tailored to explore different cognitive components, in particular
attentional skills, visuo-motor planning and working memory [27].

Attentional matrices This is a cancellation test: three matrices are shown to the
test taker and she is asked to cross out as fast as possible target numbers of either
one, two or three digits [28]. The aim of the test is to evaluate the subject’s ability to
detect visual targets among several distractors.

These tests are used extensively today to assess cognitive impairment and they
represent the current clinical standard. Diagnostic criteria for AD were first pro-
posed more than thirty years ago and their clinical validity is acknowledged. Since
their proposal in 1984, in fact, the key classification for the diagnosis of AD has been
the National Institute of Neurological and Communicative Disorders and Stroke and
the Alzheimer’s Disease and Related Disorders Association (NINCDS-ADRDA) cri-
teria. The original criteria served the neurologic field well, both for diagnosis in
clinical practice and for inclusion of appropriate populations into clinical research.
However, over the past few years, it has become evident that the diagnostic crite-
ria should be revisited and updated to reflect recent advances in biomarker research
[29]. Identifying accurate biomarkers for early and differential diagnosis, prognosis
and response to therapy, in fact, is a primary goal of the research on neurodegener-
ative disorders today.
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The quest for accurate and useful in vivo biomarkers for AD has evolved rapidly
over the past decade, with advances in cerebrospinal fluid (CSF) markers and mul-
tiple types of neuroimaging [30]. They are briefly described below.

CSF biomarkers Due to the free transport between the brain and the CSF, levels
of Aβ, total tau and p-tau in CSF reflect the metabolic processes in the brain and
can thus be used to aid the accurate diagnosis of AD also at an early stage [31]. In
MCI and AD, CSF levels of Aβ decrease while t-tau and p-tau increase compared
to cognitevely normal subjects [32]. In addition, the combined evaluation of Aβ at
different levels may further increase sensitivity and specificity in predicting progres-
sion from MCI to AD [33]. Unfortunately, the association between CSF biomarkers
and the concentrations of deposited amyloid in plaques still remains unclear.

Structural MRI High-resolution MRI determines structural changes in the brain
in vivo. Significant atrophy of the hippocampal formation, entorhinal cortex and
parahippocampal gyrus can be demonstrated by MRI, even in the preclinical stages
of AD, and can predict later conversion to AD with about 80% of accuracy, e.g.
[34]. Hippocampal volumetry is the best-established structural biomarker for AD
and appears to be suitable for risk stratification in MCI cohorts in treatment trials
[35]. Nevertheless, this measure still involves a time-consuming process and a great
deal of manual work, which may prevent its use as a routine diagnostic test in the
next future. Due to the laborious nature of initial manual volumetric methods, var-
ious automated methods have been developed over the past years to demonstrate
change in brain structure and morphology in AD patients more efficiently. The most
commonly investigated method to date is voxel-based volumetry, which showed a
reduction in the cortical gray matter in the region of the mediotemporal lobes and
lateral and parietal association areas in AD patients, e.g. [36, 37].

Functional MRI Functional MRI allows one to measure brain activation during
cognitive tasks, or during resting state, without requiring any contrast agent or ra-
diation exposure to the patient. Many studies examined brain activation changes in
MCI subjects compared to AD, for the development of a marker of early AD, e.g.
[38]. A powerful approach consists in investigating changes in the functional con-
nectivity between regions of an activated network [39]. The changes in functional
connectivity preceded differences in brain activation between the MCI and healthy
control group.

The network connectivity can also be investigated by means of Diffusion Tensor
Imaging, which provides a measure of the structural integrity of the white matter
tracts connecting regions of the brain. Since the present thesis deals specifically with
this imaging modality, it is more in depth described in a dedicated paragraph.

Hopefully, these biomarkers will serve to improve understanding of the patho-
physiologic processes of AD during life and to elucidate the link between the pathol-
ogy and clinical manifestations of the disease. Much work remains to be done to
standardize currently available biomarkers to enable optimal use in the clinical set-
ting, to develop more sensitive and specific biomarkers for early diagnosis, to track
progression and to monitor response to future disease-modifying therapy.

Nevertheless, despite the large number of promising results, biological markers
of AD are at various stages of development and clinical evaluation, and have not
generally been established in clinical routine so far. In order to approach this goal,
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large-scale international controlled multicenter trials, such as ADNI, are currently
being conducted in an attempt to systematically develop and validate feasible can-
didate biomarkers.

2.1.3 Alzheimer’s Disease Neuroimaging Initiative

The Alzheimer’s Disease Neuroimaging Initiative (ADNI) is a global research study
that actively supports the investigation and development of medical treatments to
slow or to stop the progression of AD. It’s a multisite longitudinal study, in which
researchers at 63 sites in the US and Canada collaborate to track the progression of
AD in the human brain with clinical, imaging, genetic and biospecimen biomarkers
through the process of normal aging, early mild cognitive impairment (EMCI), and
late mild cognitive impairment (LMCI) to dementia or AD. The overall goal of ADNI
is to find validate biomarkers for use in Alzheimer’s disease diagnosis and clinical
treatment trials.

ADNI has made a global impact on AD research, by developing standardized
protocols to permit comparison of results from multiple centers and also by its data-
sharing policy which makes available all ADNI data to qualified researchers world-
wide. Researchers worldwide can submit an online data access request and can
generally begin using ADNI data (which can be downloaded directly from the web-
site http://adni.loni.usc.edu/), once the access request is accepted and the user
is logged in. Several types of data from study volunteers are available:

• Clinical data including demographics, cognitive/neuropsychological informa-
tion, diagnostic summary, exam dates of the follow-up visits;

• Medical history information, including adverse events, medication history,
physical and neurological examination;

• Genetic data including genome-wide association study (GWAS) and whole
genome sequenting data (WGS);

• Raw, pre- and post-processed neuroimaging data including MRI, fMRI, DTI
and PET;

• Biospecimens, including blood, urine, and cerebrospinal fluid (CSF).

ADNI was funded in 2004, under the leadership of Dr. Michael W. Weiner, as a
private-public partnership with $27 million contributed by 20 companies and two
foundations (through the Foundation for the National Institutes of Health) and $40
million from the National Institute on Aging. The first phase of ADNI started in Oc-
tober 2004 and lasted 6 years. The ADNI1 study was the first ADNI study, designed
to find more sensitive and accurate biomarkers for the early diagnosis and tracking
of AD. The study collected and analyzed thousands of brain scans, genetic profiles,
and blood and cerebrospinal fluid biomarkers. It included 400 subjects diagnosed
with mild cognitive impairment, 200 subjects with the early AD, and 200 elderly
control subjects.

ADNI was extended in 2009 during the ADNI GO phase, which extended the
existing ADNI1 cohort with 200 new participants with early mild cognitive impair-
ment. The aim of this phase was to asses biomarkers at an earlier stage of the dis-
ease. MR protocols were also adjusted in the ADNI GO phase. In 2011, ADNI2
began, including new participant groups: 150 elderly controls, 100 EMCI subjects,
150 late mild cognitive impairment subjects, and 150 mild AD patients. A new co-
hort, Significant Memory Concern (SMC), was also added in ADNI2 to address the

http://adni.loni.usc.edu/
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FIGURE 2.3: ADNI phases.

gap between healthy controls and MCI. ADNI3 began in 2016, with the goal to deter-
mine the relationships between clinical, cognitive, imaging, genetic, and biochemi-
cal biomarkers across the entire spectrum of AD. ADNI3 also adds brain scans that
detect tau protein tangles.

Figure 2.3 illustrates the ADNI phases.

2.2 Diffusion Tensor Imaging (DTI)

Diffusion Tensor Imaging (DTI) is an MRI-based neuroimaging technique which es-
timates the location, orientation, and anisotropy of the brain’s white matter tracts.
The first steps towards the introduction of DTI date back to 1965, when Stejskal
and Tanner measured the water diffusion coefficient using Nuclear Magnetic Res-
onance (NMR) and applying magnetic field gradients [40]. Compared to diffusion
measurements carried out using chemical tracer, the method based on NMR has the
advantage to be non-invasive. Moreover, using NMR the water diffusion along an
arbitrary and fixed axis can be described. In fact, in order to describe water diffus-
ing freely, no particular axis definition is needed since the diffusion is isotropic. On
the contrary, the water diffusion in biological tissues is anisotropic: biological tis-
sues, as muscles and brain, are made of fibres with coherent orientations and water
tends to diffuse along the fiber direction. The macroscopic diffusion anisotropy is
due to microscopic tissue heterogeneity. In the white matter of the brain, diffusion
anisotropy is primarily caused by cellular membranes, with some contribution from
myelination and the packing of the axons [41]. The water diffusion depends on the
axis along which it is measured and, then, it is possible to identify the fibres orien-
tation by measuring the diffusion along a great number of axes. The combination
between diffusion measurements and MRI brought in the ’90s to the introduction
of a method to calculate, for each voxel of the 3D brain scan, a tensor describing
the diffusive motion of water and its degree of anisotropy [8, 42]. This new imag-
ing technique was thus named DTI. Pulsed magnetic field gradients are applied and
this makes the magnetic resonance signal sensitive to the diffusion coefficient. The
diffusion tensor describes the molecular mobility along the gradient axes and the



2.2. Diffusion Tensor Imaging (DTI) 13

correlation between the directions. Using fitting algorithms, the diffusion tensor
and its eigenvalues can be calculated for each voxel. Starting from the eigenvalues,
it is possible to calculate some informative indexes which express the diffusivity and
the degree of anisotropy of the diffusive motion of water. For these reasons, DTI is
tailored to investigate the structural integrity of WM fibre tracts.

The importance of the introduction of DTI among neuroimaging techniques con-
sists of two aspects. First of all, conventional MRI cannot reveal detailed anatomy
of WM. In fact, MRI signal is related to the density of protons and so to the chemical
composition of brain regions. For this reason, it not suitable to highlight the structure
of the WM fibers, because of their homogeneous chemical composition. Moreover,
after decades of anatomical studies on the human brain, we are still far from the
full understanding of its connectivity. There is evidence supporting the biological
hypothesis that the decline in neurodegenerative diseases, like AD, can be related
to alterations in connectivity among brain regions [5–7]. As it will be explained in
the next subsections, differently from the anatomical connectivity based on the cor-
relation between the gray levels of regions and from the functional connectivity, DTI
enables the reconstruction of the physical connections of the brain.

2.2.1 The physical principles of DTI

Diffusion is also known as "Brownian motion", referring to the constant random mi-
croscopic molecular motion due to heat. At a fixed temperature, the rate of diffusion
of a particle can be described by the Einstein equation:〈

r2〉 ∝ Dt, (2.1)

where
〈
r2〉 refers to the mean squared displacement of the particle, t is the diffusion

time and D is the diffusion constant:

D =
kT

3πηa
, (2.2)

being k the Boltzmann constant, T the temperature, η the fluid viscosity and a the
particle diameter.

The signal intensity in conventional MRI is dominated by water concentration
(proton density) and by signal relaxation time such as T1 and T2, whereas in DTI
the signal intensity is made sensitive to the amount of water diffusion or diffusion
constant. For this purpose, a pulsed magnetic field gradient is applied along the
three axes x, y, z. In the magnet, the magnetic field, called the B0 field, is pointing
along the magnet bore, which is defined as the z axis. When an x, y, or z gradient is
applied, the B0 strength is modulated linearly along the axis (Fig. 2.4). The strength
and polarity (positive and negative) of the gradient can be controlled and, typically,
the gradients are turned on for only a short period of time (1–100 ms). The frequency
ω of the MR signal is related to the B0 field strength according to the relationship:

ω = γB0, (2.3)

being γ the gyromagnetic ratio (γ of proton is 2.675× 108 rad/s/T or 42.58 MHz/T).
When the field gradient is applied, water molecules at different locations begin

to resonate at different frequencies. Figure 2.5 shows what happens to MR signals
when a pair of positive and negative gradients is applied. After the excitation RF
pulse (time t1), protons at different locations begin to emit MR signals at the same
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FIGURE 2.4: The main magnetic field, B0, and orientations of x, y, and
z field gradient [43].

FIGURE 2.5: An example of a dephase-rephase experiment by gradi-
ent application [43].

frequency. During the first gradient application (t2), protons see different magnetic
field strengths and, depending on their locations, they start to resonate at differ-
ent frequencies. In the example of the figure, the red proton sees a weaker magnetic
field and rotates slower, while the blue proton sees a stronger field and rotates faster.
When the gradient application is stopped, the system returns to a homogeneous B0
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(t3) but the phases (locations of the rotating arrows) of the signals are no longer iden-
tical among the protons. As a consequence, there is a loss of overall signal (the bot-
tom waveform), being it the vector sum of signals emitted from all water molecules.
For this reason, the first gradient is called the "dephasing" gradient. During t3, all
protons resonate at the same frequency, but their signal phases remain dephased.
The second gradient, applied during t4, has the opposite polarity, so the red proton
starts to rotate faster, joining other protons while the blue one starts to rotate slower.
If the strength and length of the first and the second gradient are identical, the pro-
tons should regain the same phase at the end of the second gradient. For this reason,
the second gradient is called the "rephasing" gradient. The resultant signal is now
made sensitive to diffusion. This happens because there could be perfect refocusing
only when water molecules do not change their locations in between the applica-
tions of the two dephase-rephase gradients. After the application of the rephrasing
gradient, those molecules that have moved can be detected because of their differ-
ent phases compared to the stationary molecules. Thus, DTI works by detecting the
imperfect rephasing from the loss of signal intensity. The signal attenuation is S/S0,
where S0 is the signal intensity without gradients and S is the signal with a pair of
gradients.

One of the drawbacks of applying a pair of positive and negative gradient, i.e. a
bipolar gradient, with the aim to introduce diffusion weightings into the MR signal,
is that a fair amount of signal, due to T∗2 decay between the two gradient pulses
(typically 20–40 ms in clinical scanners), can be lost. In order to refocus the T∗2 ,
a spin-echo sequence is most widely used: after the first 90◦ radio frequency (RF)
pulse, a 180◦ refocusing RF pulse is employed to reverse the signal phase. In this
case, the gradients have the same sign and thus are called "unipolar" gradients (Fig.
2.6).

The effect of diffusion on the MR signal is to attenuate the signal compared to the

FIGURE 2.6: Comparison of bipolar gradients (A) and unipolar gra-
dients (B) in a spin-echo sequence [43].



16 Chapter 2. Background

original signal with no gradients application. This signal attenuation S/S0 depends
on four parameters:

• The interval ∆ between the two pulses (the longer ∆, the greater the chance for
the water molecules to move around leading to more signal loss);

• The diffusion constant D (the higher D, the greater the chance for the water
molecules to change their position within a fixed amount of time ∆);

• The strength G of gradients;

• The time length δ of gradients application.

Thus, we can write:
S/S0 = f (∆, D, G, δ). (2.4)

Among these parameter, ∆, G, δ are experimental parameters that can be controlled;
the signal intensities S and S0 can be measured and thus it is possible to calculate D.
Stejskal and Tanner, applying a spin-echo sequence 90◦–180◦ and a pulsed magnetic
gradient, derived the expression of the signal attenuation as a function of the four
parameters [40]:

ln
[

S(TE))
S0

]
= −γ2δ2G2D∆. (2.5)

In [44], Tanner defines the effective diffusion coefficient De f f as the temporal
mean of D calculated on the echo interval TE, reformulating 2.5 as follows:

ln
[

S(TE))
S0

]
= −bDe f f = −γ2δ2G2(∆− δ/3)De f f , (2.6)

where b contains information about gradient pulses (timing, amplitude, shape).
In contrast to isotropic media, different effective diffusion constants can be ob-

served in anisotropic media when diffusion gradients are applied in different direc-
tions. Therefore, diffusion can no longer be characterized by a single scalar coeffi-
cient, but requires a tensor, the effective diffusion tensor Deff, which fully describes
the molecular mobility along the three spatial directions and the correlations be-
tween these directions:

Deff =

Dxx Dxy Dxz
Dyx Dyy Dyz
Dzx Dzy Dzz

 . (2.7)

This tensor is symmetric (Dij = Dji, with i, j = x, y, z). Equation 2.6 can thus be
written:

ln
[

S(TE))
S0

]
= −bDeff, (2.8)

and Diffusion Tensor Imaging consists in the calculation of the diffusion tensor for
each voxel of the 3D image.

For each Deff, it is possible to build a local orthogonal coordinate system, the
principal coordinate axes along which diffusive fluxes are decoupled. Being Deff
positive and symmetric, its three eigenvectors ε1, ε2, ε3 are orthogonal and the three
positive eigenvalues λ1, λ2, λ3 can be obtained by solving the equation:

DeffE = EΛ, (2.9)
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being E = (ε1, ε2, ε3) and Λ =

λ1 0 0
0 λ2 0
0 0 λ3

.

In the brain anisotropic fibrous tissues, the Deff main directions must be coin-
cident with the orthotropic directions of the tissues. In particular, the eigenvector
associated with the eigenvalue of higher value defines the fiber tract axis. In prac-
tice, unfortunately, measurements are made in the reference frame [x, y, z] of the
MRI scanner gradients, which usually does not coincide with the diffusion frame
of the tissue. Therefore, one must also consider the coupling of the nondiagonal
elements, bij, of the b matrix with the nondiagonal terms, Dij, (i 6= j), of the diffu-
sion tensor (now expressed in the scanner frame), which reflect correlation between
molecular displacements in perpendicular directions [8]. It is worth to note that,
by using diffusion-encoding gradient pulses along one direction only, say x, signal
attenuation not only depends on the diffusion effects along this direction but may
also include contribution from other directions, say y and z. In order to determine
the diffusion tensor fully, a collection of diffusion-weighted images along several
gradient directions is needed, using diffusion-sensitized MRI pulse sequences such
as echoplanar imaging (EPI). Being the diffusion tensor symmetric, measurements
along only six directions are necessary (instead of nine), together with an image ac-
quired without diffusion weighting (b = 0). Nevertheless, in clinical practice more
than seven images are used, with different strength and orientation of the gradient,
in order to obtain a better DTI fitting. In this case, the diffusion tensor is calculated
by means of fitting algorithms.

The most intuitive way to understand the information provided by the diffusion
tensor is to view it geometrically (Fig. 2.7). The tensor fits the angular variation of

FIGURE 2.7: The figure shows the diffusion ellipsoids and tensors
for isotropic unrestricted diffusion, isotropic restricted diffusion, and
anisotropic restricted diffusion [45].
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the diffusion coefficient values to the shape of a 3D ellipsoid. The diffusion ellip-
soid is a shape defined by six variables describing the diffusion coefficient of water
molecules in each direction at a particular time. In the case of isotropic diffusion,
the diffusion ellipsoid becomes a sphere, because the diffusion coefficient in every
direction is equal. Anisotropic diffusion is modeled with an elongated ellipsoid, ex-
pressing a greater mean diffusion distance along the longest axis of the ellipsoid. The
elements of the tensor above the diagonal are always equal to those below the diag-
onal (Fig. 2.7, bottom row), a characteristic termed "conjugate symmetry", which
reflects the antipodal symmetry of Brownian motion. The diagonal terms of the ten-
sor indicate the magnitude of diffusivity in each of three orthogonal directions. In
the case of anisotropic diffusion, the off-diagonal terms of the diffusion tensor in-
dicate the magnitude of diffusion along one direction arising from a concentration
gradient in an orthogonal direction.

2.2.2 Scalars derived from DTI data

From diffusion data, it is possible to gain information on tissue microstructure and
architecture for each voxel, derived from the three eigenvalues of the diffusion ten-
sor. The three eigenvectors and the eigenvalues λ1, λ2, λ3 describe the directions
and lengths of the three diffusion ellipsoid axes, respectively, in descending order of
magnitude. The largest eigenvector, called the "primary eigenvector", and its asso-
ciated eigenvalue λ1 indicate, respectively, the direction and magnitude of greatest
water diffusion. The primary eigenvector is important for fiber tractography algo-
rithms because this vector indicates the orientation of axonal fiber bundles. There-
fore, λ1 is also termed "longitudinal diffusivity", since it specifies the rate of diffusion
along the orientation of the fibers. The second and third eigenvectors are orthogonal
to the primary eigenvector, and their associated eigenvalues λ2 and λ3 give the mag-
nitude of diffusion in the plane transverse to the axonal bundles. Hence, the mean
of λ2 and λ3 is also known as "radial diffusivity" (RD):

RD =
λ2 + λ3

2
. (2.10)

The mean diffusivity (MD) characterizes the overall mean squared displacement
of molecules (average ellipsoid size) and describes the directionally averaged diffu-
sivity of water within a voxel. It is defined as the mean of the three eigenvalues:

MD =
λ1 + λ2 + λ3

3
. (2.11)

The fractional anisotropy (FA) and relative anisotropy (RA) indices measure the
degree of directionality of intravoxel diffusivity:

FA =

√
1
2

√(
(λ1 − λ2)

2 + (λ2 − λ3)
2 + (λ3 − λ1)

2
)

√
λ2

1 + λ2
2 + λ2

3

, (2.12)

RA =

√(
(λ1 − λ2)

2 + (λ2 − λ3)
2 + (λ3 − λ1)

2
)

λ2
1 + λ2

2 + λ2
3

. (2.13)
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When the primary eigenvalue is much larger than the second and third eigenvalues,
anisotropy measures such as FA and RA will be high, indicating a preferred direction
of diffusion. FA is basically a normalized variance of the eigenvalues. It is the most
widely used anisotropy measure. Its name comes from the fact that it measures the
fraction of the diffusion that is anisotropic. This can be thought of as the difference
of the tensor ellipsoid’s shape from that of a perfect sphere. FA value varies from
zero, in the case of isotropic diffusion, up to a maximum of 1, indicating perfectly
linear diffusion occurring only along the primary eigenvector.

2.2.3 The approaches on DTI data

DTI is a truly quantitative method providing a framework for acquisition, analysis
and quantification of the diffusion properties of white matter. The diffusion coeffi-
cient is a physical parameter that directly reflects the physical properties of the tis-
sues, in terms of the random translational movement of the molecules under study.
In white matter study, DTI-derived scalar indexes provide information about direc-
tionally averaged diffusivity and degree of anisotropy pointing toward myelin fiber
integrity. DTI has already shown its potential in the study of white matter archi-
tecture and integrity of the normal and diseased brains. Examples of brain diseases
include multiple sclerosis [46], brain tumor [47, 48], schizophrenia [49], stroke [50]
and so on. In particular, we are interested in the application of DTI in the study
of AD. As neurodegeneration is accompanied by a progressive loss of barriers that
restrict water molecule motion, MD increases pathologically, whereas FA decreases.
Accordingly, DTI studies in AD patients have shown abnormally increased MD and
reduced FA in Gray Matter (GM) and WM including regions as the cingulate gyrus,
the genu and the splenium of corpus callosum, hippocampus, amygdala and tha-
lamus [51, 52]. Diffusivity-based measures in this context are used for statistical
studies addressed to investigate significant microstructural changes in AD and MCI
compared to HC. The values of DTI-based indexes are also used as features to train
classification models for the automatic diagnosis. In literature, three approaches are
used to address these issues: region of interest (ROI)-based approach, voxel-based
approach and network-based approach.

ROI-based approach DTI images are segmented using a parcellation scheme which
relies on a standard brain atlas (for example, the AAL or the Harvard Oxford). Thus,
the brain is parcelled into ROIs and the mean of the DTI measures are then calculated
for each ROI, for example mean diffusivity, fractional anisotropy or some measures
defined combining different diffusive indexes. The DTI scalar indexes averaged over
each ROI are used as features for feeding machine learning algorithms to classify AD
subjects also at early stages of the disease and for investigating WM integrity alter-
ations. Several studies based on this approach have been conducted, e.g. [53, 54],
also in multimodal analysis [55].

Voxel-based approach The DTI-based measures for each voxel derived from ten-
sor fitting, constitute a map. The FA maps of a cohort of subjects are averaged and,
using the Tract-Based Spatial Statistics algorithm described in the next subsection, a
white matter "skeleton" is obtained, containing WM tracts common to all subjects.
The FA map of each subject is projected onto the mean FA skeleton obtaining the
FA skeleton of each subject. The FA or MD (or another index) values of the voxels
belonging to the skeleton represent the features for feeding classification algorithms
and for performing voxel-wise statistical analyses aimed at localizing brain changes



20 Chapter 2. Background

related to development, degeneration and disease. The classification performances
obtained using this approach are the best in literature when using the single DTI
modality [56, 57]. Nevertheless, these studies suffer from the so called double dip-
ping due to the application of a feature selection algorithm non nested in the cross
validation. The analysis reported in the next chapter will address this issue.

Network-based approach This approach on DTI data is the most recent and less
investigated, especially for classification purposes. Indeed, an important potential
application of DTI is the visualization of anatomic connections between different
parts of the brain. By using DTI fiber tracking algorithms, which will be better ex-
plained in the next section, together with a parcellation scheme, the brain can be
modeled has a network and its connectivity can be studied applying graph theory.
Network measures can then be calculated to characterize the healthy brain and the
connectivity alterations due to AD. The network measures are also the features that
can be used to build classification models.

The analyses carried out in this thesis will consider the voxel-based and the
network-based approaches.

2.3 Voxel-based analysis

FA has became the most widely used DTI-based index to provide information about
anatomical connectivity in the brain, because it quantifies how strongly directional
the local tract structure is. However, the use of standard registration algorithms and
voxel-based morphometry (VBM), in which each subject’s FA map is registered into
a standard space before performing voxel-wise statistics, can compromise optimal
voxel-wise statistical analysis. A solution to the problem of how to align FA images
of multiple subjects, in a way that permits to extract features in order to reach valid
conclusions from the voxel-wise analysis, was proposed by Smith et al. in 2006 [58]
with the introduction of the Tract-Based Spatial Statistics (TBSS) algorithm. This
method aims to improve the sensitivity, objectivity and interpretability of analysis
of multi-subject diffusion imaging studies.

2.3.1 Tract-Based Spatial Statistics

There has been much debate about the strengths and limitations of VBM [59, 60].
Limitations include problems due to alignment inaccuracies, and the lack of a prin-
cipled way for choosing smoothing extent. The TBSS method is fully automated and
solves the alignment and smoothing problems investigating the "whole" brain. This
is achieved by estimating a "group mean FA skeleton", which represents the centres
of all fibre bundles that are generally common to the subjects involved in a study.
After this step, each subject’s FA map is then projected onto the mean FA skeleton
so that each skeleton voxel takes the FA value from the local centre of the nearest
relevant tract, in order to hopefully solve issues of alignment and correspondence
[58]. TBSS is provided with the FSL software library. The main steps of TBSS can be
summarized as follow:

• The FA images are eroded slightly and the end slices are zeroed (to remove
likely outliers from the diffusion tensor fitting).
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• A nonlinear registration is applied, aligning all FA images to a standard target.
The target image used in the registrations can either be a pre-defined target,
or can be automatically chosen to be the most "typical" subject in the study. In
FSL, it is recommended to use the FMRIB58_FA standard-space image as the
target for TBSS. This involves carrying out just one registration per subject and
generally gives good alignment results.

• All subjects are affine-aligned into a standard space (usually MNI152). After
this step, each subject’s FA image has the nonlinear transform to the target
and then the affine transform to the standard space is applied, resulting in a
transformation of the original FA image into the standard space. The subjects’
images are all merged into a single 4D and the mean of all FA images is created
and fed into the FA skeletonisation step.

• The tract skeleton generation aims to represent all tracts which are "common"
to all subjects. The skeleton will represent each tract as a single line (or surface)
that run down the centre of the tract. Away from the centre surface or line, the
FA values fall off gradually and become very low moving out of white mat-
ter. This skeletonisation step consists first in the estimation of the local surface
perpendicular direction (at all voxels in the image) and then in a procedure of
non-maximum suppression in this direction. In other words, a search is made
along all voxels in the local "tract perpendicular direction", and the voxel with
the highest FA is identified as the centre of the tract. The mean skeleton is
thresholded to exclude voxels belonging to gray matter or cerebrospinal fluid,
as well as voxels from the outermost part of the cortex, which are zones of
greater inter-subject variability. A threshold value between 0.2 and 0.3 is rec-
ommended [58].

• Each subject’s (aligned) FA image is projected onto the skeleton extracting the
WM tracts for each subject. This last step of TBSS is best described in the
following subsection.

2.3.2 Voxel-based feature extraction

Each subject’s aligned FA image is projected onto the mean FA skeleton. An impor-
tant issue in this step is to account for residual misalignments between subjects after
the initial nonlinear registration. In order to address this issue, at each point in the
skeleton, a given subject’s FA image is searched in the perpendicular tract direction
in order to find the maximum FA value and assign this value to the skeleton voxel.
This actually allows to achieve alignment between the skeleton and this subject’s FA
image without needing perfect nonlinear pre-registration. Therefore, even if there is
any systematic difference in exact tract location between groups of subjects, it will
not affect the comparison of FA values between the groups in statistical analysis. By
means of this procedure, for each subject a vector of features corresponding to the
values of a diffusive map in the skeleton voxels is available, and it can be used for
voxel-wise statistics across subjects and for building classification models.

2.4 Brain network analysis

The human brain is one of the most complex systems in nature. In principle, all
possible combinations of its basic elements (neurons and synapses) should be con-
sidered to describe its static and dynamic properties. However, this approach would
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be computationally unfeasible; moreover, it would ignore that these properties can
emerge from the behaviour of large-scale brain areas. Complex networks provide a
powerful framework to model the brain regions and their interactions.

2.4.1 Complex networks

Many real-world systems are composed by a large number of elements character-
ized by highly dynamic interconnections. Biological and chemical systems, social
networks, the Internet and the World Wide Web are only a few examples.

Graph theory is usually considered the most appropriate framework for the math-
ematical treatment of such complex systems: a complex network is represented as a
graph in which nodes are the elements of the system and edges represent the inter-
actions between them [61]. If only the presence or absence of a connection between
two elements is considered, the graph G(N, L) consists of a set of N nodes connected
by a set of L unweighted links. Then, a graph G can be completely described by the
adjacency matrix A, which is an N×N square matrix whose elements aij are equal
to 1 if the link lij exists, or 0 if the link is absent. If the weight wij of the link lij is
taken into account, the graph G(N, L, W) is fully described by the weights matrix W,
which is an N×N square matrix whose element wij is the weight of the edge lij. A
subgraph G′(N′, L′) of G(N, L) is a graph such that N′ ⊆ N and L′ ⊆ L. The usual
way to picture a graph is by drawing a dot for each node and joining two dots by a
line if the two corresponding nodes are connected by a link.

A central concept in graph theory is the notion of reachability of two different
nodes in a graph. In fact, two nodes that are not adjacent may be reachable from one
to the other. A walk from node i to node j is an alternating sequence of nodes and
edges starting from i and ending to j. The length of the walk is the number of edges
in the sequence. A path is a walk in which no node is visited more than once. The
walk of minimal length between two nodes is known as shortest path.

2.4.2 Network measures

Several traditional metrics used in graph theoretical analysis are based on the short-
est path length dij, defined as the number of edges along the shortest path connecting
node i to j [61]. For a weighted network, the length λij of the edge lij is defined as
λij = 1/wij and the weighted shortest path length dij is the smallest sum of the edge
lengths throughout all the possible paths in the graph from i to j.

The edge betweenness is defined as the number of shortest paths between pairs
of nodes that run through that edge [62]: it gives information about how the relation
between two nodes is important for the "communication" between all nodes in the
network. The concept of betweenness can also be extended to nodes, as a measure
of node centrality, giving the importance of a node for the information flow across
the network. More precisely, the betweenness bi of a node i, is defined as:

bi = ∑
j,k∈N,j 6=k

njk(i)
njk

, (2.14)

where njk is the number of shortest paths connecting j and k, while njk(i) is the
number of shortest paths connecting j and k and passing through i.

Other traditional network metrics are defined without the use of the shortest
path length. The degree ki of a node i in an unweighted network is the number of
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edges crossing i:
ki = ∑

j∈N
aij. (2.15)

For a weighted network, the concept of degree is replaced by the concept of node
strength si, defined as:

si = ∑
j∈N

wij. (2.16)

The clustering coefficient ci of node i, as introduced by Watts and Strogatz for an
unweighted network [63], is defined as the ratio between the actual number of edges
(denoted by ei) in the subgraph Gi of neighbors of i and ki(ki − 1)/2, the maximum
possible number of edges in Gi:

ci =
2ei

ki(ki − 1)
=

∑j,m aijajmami

ki(ki − 1)
. (2.17)

The clustering coefficient measures the density of links connecting a node with its
neighbors. If the neighbors of a node are also interconnected, they form a cluster. For
a weighted network, the clustering coefficient of a node i, Cw(i), can be expressed as
follows [64]:

Cw(i) =
2

ki(ki − 1) ∑
j,k
(w̄ijw̄jkw̄ki)

1/3. (2.18)

Finally, the eigenvector centrality ei of a node i is given by the sum of the values
within the principal eigenvector e corresponding to direct neighbors, as defined by
the adjacency matrix, then scaled by the proportionality factor 1/m where m denotes
the largest eigenvalue:

ei =
1
m ∑

j∈N
aijej. (2.19)

The same definition holds for weighted graphs but the adjacency matrix is replaced
by the weights matrix. The eigenvector centrality is an iterative centrality in which
the influence of a node is determined by the number and influence of its neighbors.

During the last twenty years, the grown availability of large datasets, as well
as the development of more powerful computing tools, have constituted a better
framework to explore the topological properties of several network systems from
the real world. This allowed researchers to study the topology of the interactions
in a large variety of systems. The main outcome of this research was to reveal that,
despite the inherent differences, most of real-world networks are characterized by
the same topological properties, as for instance small characteristic path lengths and
high clustering coefficients. These features make these networks radically different
from regular lattices and random graphs, which are the standard models studied in
mathematical graph theory.

2.4.3 From brain to networks

Neuroimaging provides the most effective way to map the human brain to a net-
work. With the progression of advanced neuroimaging techniques, it is possible to
map the brain as a complex network at the macro-scale level, consisting of a set of
nodes (representing voxels, regions or sensors) and a set of connections between
the nodes (representing WM pathways, structural, or functional pairwise relation-
ships). Starting from neuroimaginga data, depending on the kind of data, technique
and information to be studied, a specific pipeline is followed to get from brain to
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FIGURE 2.8: A flowchart of the construction and analysis of func-
tional and structural brain networks [65].

network (Fig. 2.8 ): the time series from the EEG/fMRI data or the fiber pathways
from diffusion MRI data are first extracted. The brain regions are then parcelled by
structurally or functionally defined templates. The individual connectivity matrices
are generated by considering the pairwise functional or structural associations be-
tween brain regions. Thus, the brain network is obtained and represented as a graph
and its topological properties can be studied with graph theoretical approaches.

The first issue to be addressed is the definition of nodes and edges.

Nodes The first step consists in defining the nodes of the network. Anatomical par-
cellation schemes are commonly used to define a partition of the brain. Anatomical
atlases, such as Anatomical Automatic Labeling [66] and Harvard-Oxford proba-
bilistic atlas, are the most diffused in neuroscience studies. These partitioning meth-
ods define networks of moderate resolution (approximately 100 nodes). Large scale
networks can be obtained by considering each voxel of the brain as a node. This
method leads to very high-resolution networks (about 104 nodes) and the analysis
of such networks requires extensive preprocessing to filter out the large amount of
noise and data redundancy. In several fMRI studies a set of fixed regions of interest
(ROIs) with coherent activation patterns are identified, e.g. [67]. In physiological
recordings, sensors and electrodes naturally define the nodes of the network.

Edges There are many different ways to choose the edges of the brain network, de-
pending on the kind of imaging data. In structural MRI connectivity, correlations in
several morphometric features or some characteristics of the fiber tracts linking ar-
eas of the brain, are used to estimate connectivity matrices, in particular by comput-
ing the correlations in the thickness or volume of gray matter between two cortical
areas [68]. In functional connectivity analysis, statistical dependencies between dis-
tributed neuronal units are commonly estimated by various measures such as cor-
relation, covariance and spectral coherence between pairs of time series. Pairwise
direct associations obtained from statistical modeling and other time series analysis
are used to infer effective connectivity [69]. In DTI, the connectivity is defined by the
number of the reconstructed axonal fibers linking two nodes; the fiber reconstruction
is obtained by means of tractography.

Tractography DTI fiber tracking uses the diffusion tensor to track fibers along their
whole length. It determines intervoxel connectivity on the basis of the anisotropic
diffusion of water. Starting from a seed ROI, generally defined manually, the fiber
tracking algorithm looks for adjacent voxels whose main diffusion direction is in the
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continuity of the previous one. In each brain voxel, the dominant direction of ax-
onal tracts can be assumed to be parallel to the primary eigenvector of the diffusion
tensor. Fiber tracking uses the diffusion tensor of each voxel to follow an axonal
tract in 3D from voxel to voxel through the human brain. In clinical practice, the
most tracked fiber bundle is the cortico-spinal tract. However, fiber tracking can
identify most of the brain’s white matter tracts. DTI fiber tracking algorithms can
be divided into deterministic and probabilistic methods. Fiber assignment by con-
tinuous tracking (FACT) is a deterministic method, which begins fiber trajectories
from user-defined voxels [70]. Fiber trajectories are named "streamlines" and follow
the primary eigenvector from voxel to voxel in three dimensions. When the fiber
trajectory reaches the edge of the voxel, the direction of the trajectory is changed to
match the primary eigenvector of the next voxel. Noise, patient movement, and dis-
tortion from imaging artifacts produce uncertainty in the orientation of the diffusion
ellipsoid and are detrimental to deterministic streamline fiber tracking [71]. Proba-
bilistic fiber tracking methods incorporate the expected uncertainty into the tracking
algorithm and can be used to produce a connectivity metric for each voxel. The prob-
ability density function of the orientation of a neuronal fiber can be estimated with
an empiric function based on FA [72], a Bayesian model [73], or bootstrap statistics
[74]. Probabilistic DTI fiber tracking techniques tend to disperse trajectories more
than deterministic methods and have the potential to delineate a greater portion
of a white matter tract. However, the accuracy of these probabilistic methods is
still limited by the information contained in the diffusion tensor and the method
of constructing the probability density function. Another fundamental limitation of
diffusion tractography is that it cannot distinguish antegrade from retrograde along
a fiber pathway, due to the antipodal symmetry inherent to the diffusion process
[45]. The diffusion tensor imaging model assumes that, in each voxel, there is a
unique orientation of the fibers, the direction of which is represented by the tensor’s
main eigenvector [75]. This assumption is not valid in case of crossing fibers. The
term "crossing fibers" generally refers to regions in which the fibers’ orientation is
not unique, i.e. when the fibers are interdigitating, brushing past each other, curv-
ing, bending or diverging [75]. Higher order models, such as constrained spheri-
cal deconvolution, have been developed in order to address the issue of crossing
fibers. Functions useful to develop tractography pipelines are provided with soft-
ware libraries, such as FSL (https://fsl.fmrib.ox.ac.uk/fsl/fslwiki) and MR-
trix3 (http://www.mrtrix.org/).

2.5 Statistics and machine learning in neuroscience

The complexity and the amount of data at disposal calls for algorithmic, automated
methods for data analysis. They are provided by statistical and machine learning
techniques.

Statistical analysis of the human brain connectivity mainly involves mass uni-
variate hypothesis testing about local connectivity properties, i.e. at nodal or edge
level, to identify specific brain regions that are different between the groups un-
der investigation (unhealthy and controls). Although, on one hand, performing the
same hypothesis simultaneously on many elements within the brain allows one to
localize accurately the brain areas significantly altered or most affected by the dis-
ease, on the other hand, it also leads to a multiple comparison problem. The number
of comparisons can be reduced through a priori assumptions that limit the analysis

https://fsl.fmrib.ox.ac.uk/fsl/fslwiki
http://www.mrtrix.org/
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to a subset of areas. Alternatively, the problem of multiple comparisons can be tack-
led with statistical procedures such as false discovery rate (FDR) [76] or more recent
correction techniques which take into account spatial correlation of brain areas [77].

While statistical approaches based on null hypothesis testing aim at finding in-
sample statistical differences, machine learning and, in particular, classification mod-
els provide a way to predict whether a single subject, previously unseen, belongs to
one of the groups under study. In addition, statistically significant single features
are not likely to provide high predictive accuracy [78]; multivariate patterns, in-
stead, that are those derived from specific combinations of features, may result in
better predictions when testing different configurations of the feature space [79].

Generally speaking, machine learning represents a set of methods to automati-
cally detect patterns in the data: these patterns are used to provide predictions on
future data or to support decision making under uncertainty [80]. There exist many
types of machine learning: since, in the present thesis, data are provided with la-
bels stating the current diagnosis or stage of disease, we focus only on supervised
approaches. In supervised learning, the goal is to learn a mapping from inputs x
to outputs y, given a labeled set of input-output pairs (xi, yi), which constitutes the
so-called training set. Each training input xi can be a high dimensional vector of el-
ements each representing a feature that describes xi. When the label is a categorical
variable from a finite set, i.e. yi ∈ {1, . . . , C}, the problem is known as a classification
problem: this is the setting we are going to encounter. If C = 2, this is called binary
classification; otherwise, it is a case of multiclass classification.

One way to formalize the problem is to assume there is a relationship between
y and x, which can be written in the general form y = f (x) + ε. The ε term is
an irreducible error which typically expresses the noise in the data, so the problem
reduces to a function approximation problem whose aim is to find an estimate f̂ that
best approximates the unknown function f . In this view, machine learning refers
essentially to a set of algorithms to estimate f . The training data are used to "train"
the algorithm how to approximate the true model of the data, and the final goal is to
make predictions on the label of novel inputs, that are examples the algorithm has
never seen before. In other words, the machine learner should be able to generalize
beyond the sample of observations it has been given as input. Therefore, to evaluate
the predictive power of the model the algorithm has learned, a separate test set is
usually used. When the entire dataset is small, splitting validation strategies, such
as k-fold cross-validation, are preferred.

In this thesis, some state-of-the-art supervised classification models have been
used: they are described in the following paragraphs. Note that, despite they come
to prominence in the last years, we did not make use of neural networks and deep
learning techniques. This because of two main reasons. First, they typically require
sets of data much more larger than those we have used. Second, these techniques
work by constructing hierarchies of features at high level of abstraction starting from
features at a very low level. The features automatically learned can be very difficult
to interpret. Instead, one of our main goals is to design meaningful features that not
only are amenable to learning but can help characterize and study the mechanisms
and patterns underlying the degeneration process due to the disease.

Naïve Bayes This is a generative algorithm that directly models the class condi-
tional distribution for each class c ∈ C [81]. Predictions on unseen examples are



2.6. Computational infrastructure 27

obtained by applying the Bayes rule and by outputting the class for which the fol-
lowing estimated probability is the largest:

Pr (Y = c | X = x) =
Pr (X = x | Y = c)Pr (Y = c)

Pr (X = x)
.

Pr (X = x) is simply a scale factor; Pr (Y = c) can be easily calculated as the fraction
of the training examples that are in class c; Pr (X = x | Y = c) can be estimated in
several ways, in particular, in Naïve Bayes (NB), a univariate Gaussian density for
each class and conditional independence among classes are assumed. Despite its
strong assumptions, which are seldom true, NB is remarkably successful in practice.

Support Vector Machines Support Vector Machines (SVMs) work by constructing
a separating hyperplane between two classes so that the minimal distance from the
closest data points of either classes is the largest [82]. Test examples are predicted
to belong to a class based on which side of the hyperplane they fall. To mitigate
overfitting, the margin of the hyperplane is chosen so that most of the training exam-
ples are separated correctly, while some of them are misclassified. To learn nonlinear
decision boundaries, the data points are mapped to a higher dimensional space via
a kernel function: a popular choice is the radial basis function (RBF) kernel. In the
present thesis, we employed both the linear kernel and the RBF kernel. Note that the
bias-variance trade-off of the algorithm depends on the fine tuning of the penalty pa-
rameter C and the kernel coefficient γ in the case of RBF kernel [81]. We set C = 1
and γ = 1

n , with n being the number of features, which are values commonly found
in the literature.

Random Forest Random Forest (RF) is an ensemble method for classification which
builds a multitude of decision trees at training time and outputs the mode of the
classes predicted by each individual tree at test time [83]. In particular, RF repeat-
edly (B times) selects a random sample with replacement from the training set and
fits a decision tree to this sample. Every decision tree is built on a subset of ran-
domly selected features: typically, for classification problems with m features,

√
m

features are chosen. The reason for doing this is to reduce the high correlation be-
tween similar trees. The final predictions are obtained via majority voting of the B
single predictions. B is a free parameter: in the experiments reported in this thesis,
we chose B equals to 300 or 500 trees, which represent typical sizes for a forest.

2.6 Computational infrastructure

All the analyses here presented have been done within the MATLAB (MathWorks)
computing environment. In addition, it is worth remarking that these analyses re-
quired a huge computational burden with preprocessing and diffusion tensor fitting
time of about one hour per subject, and tractography time of more then ten hours per
subject. To this end, the elaborations have been carried out on the distributed com-
puting infrastructure ReCaS-Bari computing farm (https://www.recas-bari.it).
This data center has been built by the ReCaS project, funded by the Italian Ministry
of Education, University and Research to the University of Bari and INFN (National
Institute for Nuclear Physics), whose goal is to empower preexisting computing in-
frastructures located in Catania, Cosenza, Napoli and Bari. In particular, the data
center offers 128 servers, 64 cores per server, for a total amount of 8192 new cores,

https://www.recas-bari.it
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reaching 12000 cores with the old computing farm. Each new server hosts 256GB
RAM, 4GB RAM per core per server. Additionally, it offers about 3.5PB of disk space
and 2.5PB of tape space.

To implement our analysis on the distribute infrastructure, we used the LONI
Pipeline (LP), one of the most used workflow manager for medical image processing
developed by the Laboratory of Neuro Imaging (http://pipeline.loni.usc.edu/).
LP is widely used by the scientific community since it has proved to be a convenient
and powerful tool. In particular, XML resource description facilitates the integra-
tion of disparate resources and provides a natural and comprehensive mechanism
to support data provenance. It also enables the broad dissemination of resource
metadata descriptions via web-services and the constructive utilization of multidis-
ciplinary expertise by experts, novice users and trainees. Our group developed a
general approach to submit and monitor LP workflows on distributed infrastruc-
tures [84]. This framework is based on a meta-scheduler, the Job Submission Tool
(JST) [85], that is able to submit jobs to different computing architectures, exposing
to the end users only a simple Web Service interface based on the Representational
State Transfer (REST) protocol.

http://pipeline.loni.usc.edu/
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Chapter 3

Assessment of local changes due to
AD through voxel-wise analysis

3.1 The feature selection bias in voxel-based DTI studies

In recent years, DTI has revealed itself as a very promising imaging modality to
discriminate between HC subjects, AD patients and subjects with MCI. An analy-
sis approach commonly found in literature consists in the computation of FA and
MD maps (or other diffusion indices), followed by the identification of the most
representative voxels; these voxels are then fed into machine learning algorithms to
automate the classification.

For the discrimination HC/AD, Mesrob et al. [53] adopted a Support Vector
Machine (SVM) classifier and a region of interest (ROI)-based approach; Dyrba et al.
[55] used a ROI-based approach and a multimodal SVM combining DTI indices with
gray matter volume derived from structural MRI; Schouten et al. [86] used a ROI-
based approach in combination with Elastic Net Regression. For the classification
HC/MCI, Cui et al. [87] used subcortical volumetric features extracted using a seg-
mentation algorithm together with FA values obtained for white matter regions of
interest. Dyrba et al., in [54], used a ROI-based approach and SVMs on a multicentric
dataset and apply variance reduction methods.

The best performances in literature for the HC/MCI classification, using a sin-
gle DTI modality, can be found in Haller et al. [56] and O’Dwyer et al. [57]. In
these works, a voxel-based approach is used considering as features the voxel inten-
sities in the diffusion maps. However, as also remarked in [57], in each of the above
mentioned works, the methodological procedure relies on an a priori feature selec-
tion performed on the entire dataset to be analyzed. This procedure, also known as
non-nested feature selection, circular analysis or double dipping, chooses the most
discriminative voxels by using also the test set, thus introducing a bias in the classi-
fication model. A non-nested feature selection necessarily leads to overestimate the
numerical values of accuracy and area under the ROC curve (AUC). On the contrary,
a nested feature selection is obtained when the selection procedure is performed
blind to the test set.

The practice of double dipping and its dangers are well known to the statistics
and computer science community, and have been extensively described in the lit-
erature [88, 89]. Although recommendations and best practices are available [90],
the field of neuroimaging is still widely populated by studies that noticeably per-
form non-nested feature selection, claiming classification performances close to per-
fect accuracy. The effects of double dipping on classification performances in neu-
roimaging studies have been quantitatively assessed when dealing with functional
brain data, such as fMRI [90] or MEG [91], and with data derived from structural
T1-weighted MR imaging (cortical thickness) in [92]. However, some of the image
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classification studies involving DTI cited above seem to be affected by such feature
selection bias and this first analysis of the thesis is aimed at investigating to which
extent the reported performances are inflated by its presence.

In the analysis described in this chapter, DTI images are used for classification
tasks in AD; the main aim of this analysis is to perform a comparative study between
nested and non-nested feature selection on the same data set. This is the first study
attempting to measure the bias introduced by non-nested feature selection, from
now onward feature selection bias (FSB), in the classification of DTI images with
a fair comparison, i.e., measuring the effect on the same fixed data set. Secondly,
a comparative study has carried out between different state-of-the-art classification
models and their efficiency to provide a robust support to the AD diagnosis.

3.2 Data

The images analyzed for this study are diffusion-weighted scans of 150 subjects (50
HC, 50 AD patients and 50 MCI), both males and females, aged 55 to 90, from the
ADNI-GO and ADNI-2 phases. Scans were randomly selected from baseline and
follow-up study visits. HC subjects show no signs of depression, mild cognitive
impairment or dementia; participants with AD are those who meet the NINCDS-
ADRDA criteria for probable AD; MCI subjects have reported a subjective memory
concern, but without any significant impairment in other cognitive domains: they
substantially preserved everyday activities with no sign of dementia. Two MCI lev-
els (early or late) are usually distinguished according to the Wechsler Memory Scale
Logical Memory II. For this study, we used a balanced group of 25 early and 25 late
MCI, but these labels were not taken into account in the classification tasks.

To evaluate the methodology presented in this chapter on an independent test
set, a second different set of scans from ADNI was also considered, consisting of 40
HC, 40 MCI (22 early and 18 late) and 39 AD. This second test set included both male
and female subjects, and was age-matched with the training sample.

Diffusion-weighted scans were acquired using a 3 T GE Medical Systems scan-
ner with 41 gradient directions (b = 1000 s/mm2); in addition to these, 5 images with
negligible diffusion effects (B0 images) were acquired as reference scans for subse-
quent analysis. Figure 3.1 shows an example of B0 image while Fig. 3.2 shows an
example of diffusion weighted image.

FIGURE 3.1: B0 image example.
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FIGURE 3.2: Weighted image example.

3.3 Methods

3.3.1 Image processing

Diffusion-weighted images were preprocessed using the FMRIB Diffusion Toolbox,
included in the FSL software [93]. Preprocessing comprised:

1. Conversion to Nifti format;

2. Extraction of gradient directions and b-values;

3. Correction for eddy currents and head motion;

4. Skull-stripping using the Brain Extraction Tool (BET) (Fig. 3.3).

After preprocessing, a single diffusion tensor was fitted at each voxel in the im-
age, using DTIfit. From the diffusion tensor, fractional anisotropy (FA) and mean
diffusivity (MD) were then calculated. By definition, these two invariants are re-
lated to the eigenvalues of the diffusion tensor λ1, λ2, λ3 by [8, 94]:

FA =
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2 + (λ3 − λ1)

2
)
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λ2

1 + λ2
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3
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MD =
λ1 + λ2 + λ3

3
. (3.2)

After diffusion tensor fitting, FA and MD maps need to be carefully aligned to a
group-wise space before any voxel-wise statistical analysis is carried out; in addition
to this, it is desirable to restrict the analysis only to voxels belonging to white matter
fiber bundles. All this was achieved by means of the Tract-Based Spatial Statistics
(TBSS) algorithm implemented in FSL [58]. TBSS performs the following steps:

FIGURE 3.3: Binary mask obtained with BET overlaid on the B0 im-
age.



32 Chapter 3. Assessment of local changes due to AD through voxel-wise analysis

• Identify a common registration target (it can be either a mean FA template
provided with the software or the most “representative” subject of the cohort)
and apply nonlinear registration to align all subjects’ FA maps to the selected
target. The chosen target was the FMRIB58_FA standard-space FA template,
generated by averaging 58 FA images from diffusion MRI data, in MNI152
space.

• After the nonlinear registration, the entire aligned dataset undergoes an affine
transformation to bring it into 1 × 1 × 1 mm3 MNI152 space. Then, a mean
FA image is created, averaging all the FA maps in the dataset, and the result
is used to generate a mean FA skeleton of white matter fibre tracts common to
all subjects. The mean skeleton is thresholded to exclude voxels belonging to
gray matter or cerebrospinal fluid, as well as voxels from the outermost part
of the cortex, which are zones of greater inter-subject variability. Figure. 3.4
shows an example of FA map (3.4a) and MD map (3.4b), and the FA skeleton
mask overlapped onto the mean FA map (3.4c).

(A) Example of FA map (B) Example of MD map (C) Mean FA skeleton

FIGURE 3.4: From left to right: (a) a fractional anisotropy (FA) map
and (b) a mean diffusivity (MD) map. For all subsequent analyses
both maps are projected onto the mean FA skeleton (c).

3.3.2 Feature extraction, feature selection and classification

All subjects’ FA images are projected onto the mean FA skeleton, achieving an align-
ment between subjects in the direction orthogonal to the fibre bundle orientation.
This is the last step of TBSS and, as a result, the skeleton of main white matter fibre
tracts was extracted from each subject, together with the corresponding values of FA
and MD at each voxel in the skeleton. Approximately 120000 voxels for each subject
map were projected onto the skeleton. These are the features to be used to train the
classification models.

The following stage aimed at assessing which voxels are most significant for the
purpose of discriminating HC from AD and MCI. It is important to note that it is not
possible to rely on any assumption about the distribution of the test statistic under
the null hypothesis; this implies that any statistical test has to be non-parametric.
Wilcoxon rank sum test and the ReliefF algorithm were used both within a non-
nested and nested approach. A Wilcoxon test compares the medians of the groups
of data to determine if the samples come from the same population, and returns a p-
value for the null hypothesis that samples are drawn from the same population [95],
[96]. Then voxels are ranked and selected by thresholding on p-values. The basic
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principle of ReliefF [97, 98] is to estimate features according to how well their values
distinguish among data instances close to each other. Features are then ranked and
sorted in order of decreasing importance.

For each classification task, fifteen reduced datasets were created by selecting an
increasing number of most discriminating voxels, depending on the feature selec-
tion’s output: 50, 100, 150, 200, 250, 300, 350, 400, 450, 500, 600, 750, 1000, 2000 and
3000 voxels.

In this analysis, considering the profitability of using classification trees in the
context of machine learning techniques applied to AD [99, 100], a Random Forest
approach for the learning and classification phase was used. Since a few hundreds
of samples represent the typical size of the forest, in this study a value equal to 300
for B was chosen. To determine the classification performance of the Random Forests
classifier, a 100 times repeated 5-fold cross-validation for each reduced dataset was
adopted. More precisely, every subject was shuffled into one of five folds from which
one fold was selected as the test set, while the remaining folds form the training set.
The subjects were stratified by diagnosis, such that each fold contained the same
number of subjects from each diagnostic group. The classification process was re-
peated until each of the five folds was used as test set once. Finally, the full cross-
validation procedure was repeated 100 times, using different permutations, to shuf-
fle the subjects into the folds for a more general approximation of the performance.

It is worth noting that the non-nested approach employed a feature selection on
the entire dataset before the dataset was split (Fig. 3.5a). Conversely, in the nested
approach (Fig. 3.5b), for each cross-validation round, the dataset was split into a
training and test set, then the feature selection was applied on the training set blind
to the test set. As measures of performance, the widely used accuracy and Area
Under the ROC curve (AUC) were calculated.

3.4 Results

3.4.1 The feature selection bias effect

A primary question about the effects of excluding feature selection from cross val-
idation procedures is whether or not the induced FSB is affected by the different
kind of information employed, specifically FA and MD. Another question concerns
the size of this effect. Besides, we also investigated whether or not the FSB was as-
sociated with the diagnosis, thus we separately studied the binary classification of
HC/AD and HC/MCI. Finally, we included in our investigation two different fea-
ture selection techniques to assess whether the FSB effect could in some way depend
on the methodology adopted to select the features. Mean AUCs for the classification
involving both FA and MD measurements are plotted in Fig. 3.6 with both feature
selection techniques.

It can be observed that switching from non-nested to nested feature selection, for
the classification between HC and AD, accuracy considerably decreases from a max-
imum mean value of 0.87 to a maximum value of 0.75, while the best AUC drops
from 0.96 to 0.84. It is worth noting that the best performance is obtained using Re-
liefF, but for both feature selection techniques a significant drop in performance is
consistently seen. The performance decrease switching from non-nested to nested
approach is more evident for the classification between HC and MCI: the best clas-
sification performance changes from 0.81 to 0.59 concerning accuracy, and from 0.90
to 0.65 concerning AUC.
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(A) Non-nested approach

(B) Nested approach

FIGURE 3.5: Flowcharts of the performed analyses: (a) non-nested
feature selection and (b) nested feature selection. For readability, they
only consider the steps following the feature extraction phase.
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The same procedure was applied using MD. It is worth noting that moving from
non-nested to nested feature selection, for the classification between HC and AD,
best mean accuracy and AUC decrease respectively from 0.83 to 0.76 and from 0.90
to 0.82. For the discrimination HC/MCI the best accuracy falls from 0.79 to 0.60,
while AUC decreases from 0.88 to 0.65. Again in this case, ReliefF performed better
and the same performance deterioration detected for FA is clearly recognizable.

For each classification task and for each feature selection technique, the best per-
formances in terms of mean accuracy and mean AUC are summarized in Table 3.1.

The Boxplot in Fig. 3.7 shows the distributions of the differences between the
AUC values obtained in non-nested and nested best cases. It can be noticed that the
FSB effect occurs regardless of the diffusion index (FA or MD) used for the classifi-
cation and that this effect is more pronounced in the HC/MCI classification task.

A Wilcoxon rank sum test was performed to assess differences between the per-
formance distributions with the nested and non-nested approach in a non-parametric
fashion. Statistically significant differences (p-value < 0.01) were found between the
median best performance obtained in the two cases (nested and non-nested) for all
classification tasks and for both FA and MD. However, it must be noted that, for
a given diffusion index (FA or MD), classification task (HC/AD or HC/MCI) and
approach (nested or non-nested), the 100 measured performance metrics are not in-
dependent samples: all the 100 repetitions make use of the same images, and within
each repetition there is substantial overlap among the training folds used for cross-
validation. It has been shown that, in cases like the present one, no unbiased es-
timator exists for the variance of k-fold cross-validation [101]. The dependence of
the samples and the impossibility to get an unbiased estimation of the variance vio-
late the main assumption behind the use of standard parametric and non-parametric

FIGURE 3.6: Mean AUCs obtained varying the number of voxels.
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TABLE 3.1: The first column refers to the classification task. Best av-
erage performances in terms of accuracy (Acc) and Area Under the
ROC Curve (AUC) obtained in cross-validation with non-nested and
nested feature selection are respectively reported in the second and
third column; values are affected by a standard error of the mean
approximately equal to 0.01 and a standard deviation approximately
equal to 0.10. Non-nested feature selection always yields higher per-
formances.

Classification Non-nested Nested

HC/AD with FA Acc = 0.87 Acc = 0.75
AUC = 0.96 AUC = 0.84

HC/MCI with FA Acc = 0.81 Acc = 0.59
AUC = 0.9 AUC = 0.65

HC/AD with MD Acc = 0.83 Acc = 0.76
AUC = 0.9 AUC = 0.82

HC/MCI with MD Acc = 0.79 Acc = 0.6
AUC = 0.88 AUC = 0.65

FIGURE 3.7: The distribution of the differences between the AUCs
obtained in non-nested and nested best performances shows a con-
sistent increment.

hypothesis tests. Therefore, we acknowledge the violation of the main assumption
of hypothesis testing, and we warn the reader to use caution when interpreting the
reported p-values.

The effectiveness of the voxels selected by the nested cross-validation in discrim-
inating the diagnostic groups was then evaluated on a second independent set of
images from the ADNI database, consisting of new scans of 40 HC, 40 MCI and
39 AD. We considered the classification tasks HC/AD and HC/MCI with FA and
MD and adopted the classification tool obtained at the end of the training phase.
In particular, we considered only those models constructed on the reduced sets of
voxels corresponding to the best classification performance and by fixing the feature
selection technique adopted, i.e. ReliefF.
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TABLE 3.2: Comparison between best average performances, both in
terms of accuracy (Acc) and Area Under the ROC Curve (AUC), on
the training sample with nested feature selection and on the indepen-
dent test sample. Independent test results (third column) are in good
agreement with those obtained on the training set (training perfor-
mances in the second column are affected by a standard deviation
approximately equal to 0.10).

Classification Nested Test (nested)

HC/AD with FA Acc = 0.75 Acc = 0.8
AUC = 0.84 AUC = 0.91

HC/MCI with FA Acc = 0.59 Acc = 0.56
AUC = 0.65 AUC = 0.58

HC/AD with MD Acc = 0.76 Acc = 0.73
AUC = 0.82 AUC = 0.86

HC/MCI with MD Acc = 0.6 Acc = 0.54
AUC = 0.65 AUC = 0.6

In order to confirm how the FSB impacts the reliability of estimated classification
performances, the classification performances on the new data set were evaluated.
To this end, we calculated the mean scores, indicating the average predicted class
posterior probabilities obtained by all models; then we calculated accuracy and AUC
accordingly. The results obtained are reported in the third column of Table 3.2. It can
be noticed that they fall within one standard deviation of the corresponding mean
value (second column).

3.4.2 Clinical findings: the disease-related brain regions

It is worth noting that the information coming from the voxel selection can be used to
identify the most disease-related brain regions concerning the fiber integrity. There-
fore, in the present analysis, it was also investigated whether the voxels selected
during feature selection were localized in specific regions of interest of the brain.

For each classification task (HC/AD and HC/MCI) and for each feature selec-
tion technique (Wilcoxon and ReliefF), we considered the 1000 most discriminative
voxels selected by the averaged nested feature selection. They are “averaged” in the
sense that they are the voxels that were more frequently selected throughout all the
500 rounds of the entire nested cross-validation procedure. Two selected clusters of
FA voxels are shown as an example in Fig. 3.8.

The position of the voxels derived from the average cross validation was then in-
vestigated. In order to carry out the disease-related-regions analysis, a combination
of three atlases (HarvardOxford-Subcortical, JHU-ICBM-labels, JHU-ICBM-tracts)
was used. More precisely, using the voxels selected from the FA maps, the compar-
ison of HC and AD reveals differences predominantly in the Anterior Corona Radi-
ata (bilateral but more widespread in the left hemisphere) but also in the Superior
Longitudinal Fasciculus (more widespread in the left hemisphere), Fornix, Cingu-
lum (Hippocampus), Forceps Major and Minor, Inferior Fronto Occipital Fasciculus
(right), Cortospinal Tract, Anterior Thalamic Radiation, Uncinate Fasciculus (right,
only with Wilcoxon), Superior Corona Radiata and External Capsule (only with Re-
liefF). In the comparison between HC and MCI, the FA changes are predominantly
located in Forceps Minor, Superior Longitudinal Fasciculus, External Capsule (left)
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(A) (B)

FIGURE 3.8: Clusters of voxels selected by ReliefF averaging all
rounds of the nested feature selection (classification task HC/AD
with FA): (a) voxels in the Anterior Corona Radiata (left); (b) voxels
in the Fornix.

and, to a minor extent, in Inferior Fronto Occipital Fasciculus, Anterior Thalamic
Radiation, Inferior Longitudinal Fasciculus, Cortical Spinal Tract, Fornix, Forceps
Minor, Anterior Limb of Internal Capsule, Left Cerebral Cortex.

Concerning the voxels selected from the MD maps, comparing HC and AD,
the predominant changes are localized in Fornix, Superior Longitudinal Fasciculus
(more widespread in the left hemisphere in the case of Wilcoxon), Anterior Thalamic
Radiation, Splenium and Body of Corpus Callosum, Inferior Longitudinal Fascicu-
lus, Anterior Corona Radiata, Superior Corona Radiata (left). In the case of HC
versus MCI, the MD differences are predominantly in Anterior Thalamic Radiation,
Inferior Fronto Occipital Fasciculus (right), Forceps Major, Superior Longitudinal
Fasciculus, Posterior Thalamic Radiation (right), Inferior Longitudinal Fasciculus,
Fornix, Forceps Minor.

3.4.3 Classification model comparison

An additional analysis was carried out to explore how different supervised classifi-
cation models provide a robust support to the diagnosis of AD patients. In partic-
ular, three state-of-the-art classification models, i.e. Random Forests, Naïve Bayes
and Support Vector Machines were compared, and their accuracy in discriminating
AD patients from HC subjects on a same dataset was evaluated. This evaluation was
carried out considering the two most separated classes (HC/AD) and considering a
subset of the initial dataset, composed by 40 HC and 40 AD in order to make data as
balanced as possible. The classification procedure is the same described in Fig. 3.5b.

Table 3.3 summarizes in detail the best performances obtained by each classi-
fication model in terms of accuracy, Area Under the ROC Curve, sensitivity and
specificity. While, an overview of these performances is provided in Fig. 3.9a and
Fig. 3.9b. Note that each measure refers to the mean value obtained by averaging
the performances achieved all over the cross-validation rounds.

The first observation that can be drawn is that comparable results were obtained
by all classification models regardless of the choice of the diffusion index, specifically
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(A) HC/AD with FA

(B) HC/AD with MD

FIGURE 3.9: Performance overview. Each bar’s height indicates the
mean value of the corresponding performance. The error bars indi-
cate the standard errors.
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TABLE 3.3: The first column refers to the classification task. Best aver-
age performances in terms of accuracy, Area Under the ROC Curve,
sensitivity and specificity obtained in cross-validation are reported
for each classification model. The higher values for these measures
are in bold.

Task Classifier Accuracy AUC Specificity Sensitivity

HC/AD
with FA Random Forest 0.75 ± 0.01 0.84 ± 0.01 0.76 ± 0.02 0.74 ± 0.02

Naive Bayes 0.78 ± 0.01 0.82 ± 0.01 0.82 ± 0.01 0.73 ± 0.02
SVMs (linear) 0.77 ± 0.01 0.87 ± 0.01 0.76 ± 0.02 0.77 ± 0.01
SVMs (RBF) 0.75 ± 0.01 0.82 ± 0.01 0.79 ± 0.02 0.72 ± 0.03

HC/AD
with MD Random Forest 0.76 ± 0.01 0.82 ± 0.01 0.77 ± 0.02 0.75 ± 0.02

Naive Bayes 0.77 ± 0.01 0.81 ± 0.01 0.83 ± 0.02 0.72 ± 0.02
SVMs (linear) 0.77 ± 0.01 0.83 ± 0.01 0.83 ± 0.01 0.72 ± 0.01
SVMs (RBF) 0.76 ± 0.02 0.82 ± 0.02 0.80 ± 0.02 0.72 ± 0.02

FA and MD. In other words, all models are suitable to be employed for such clas-
sification tasks. Although all classification models exhibited analogous behaviors,
Naïve Bayes and linear SVMs achieved the best results in terms of mean accuracy
(0.78 and 0.77 in the case of FA, 0.77 for both of them in the case of MD, respectively).
Note that there is no statistically significant difference between the values of accu-
racy obtained with linear SVMs and Naïve Bayes using FA; whereas, these values are
statically significant different from the values obtained using SVMs with RBF kernel
and Random Forest (Wilcoxon–Mann-Whitney test at the significance level of 0.05).
In the case of MD, instead, there is no statistically significant difference between the
values of accuracy obtained with all classification models (Wilcoxon–Mann-Whitney
test at the significance level of 0.05). In terms of AUC, the best performance was ob-
tained only in the FA case: linear SVMs achieved a mean AUC equals to 0.87. Note
that this result is statistically significant different with respect to the AUC values
obtained with the other classification models (Wilcoxon–Mann-Whitney test at the
significance level of 0.05). For the MD case, instead, the mean AUC values are almost
comparable with no statistically significant difference.

Concerning sensitivity, the best performance in the FA case was obtained with
Naïve Bayes; in the MD case, Random Forest exhibited the lower sensitivity but the
higher specificity.

Another important question arising concerns the number of voxels/features nec-
essary for the classification models to reach the best average performances. With
respect to this issue, it is important to note that all the classification models reached
the best performance at 1000 voxels for FA and 2000 voxels for MD. Then, the per-
formances maintained the same level even when increasing the number of voxels
taken into account.

Finally, another question concerns the agreement between the classification mod-
els. In fact, in principle, two distinct models could perform equally but misclassify-
ing different subjects. In order to evaluate the information content provided by the
algorithms and to assess the agreement between the model achieving the best per-
formance, i.e. linear SVMs, and the other models, the relationships existing between
the classification scores of the FA case was investigated. The mean classification
scores for each subject, obtained throughout all the cross validation rounds with
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FIGURE 3.10: From left to right, the agreement between the scores
obtained with linear Support Vector Machines and those obtained by
Random Forest, Naïve Bayes and SVMs (RBF), considering only the
FA case. The scores are densely distributed in the top right and bot-
tom left quadrants, where their predictions agree. Looking at the top
left and bottom right quadrants, instead, it can be noted that, when
in disagreement, the linear SVMs and Naïve Bayes scores tend to be
slightly more accurate than the other scores.

each classification model, were calculated: they are plotted in Fig. 3.10. The re-
sults attested the robustness of the nested feature selection employed: although the
classification models are algorithmically different, in fact, they showed very similar
findings. Looking at the top left and bottom right quadrants, it can be observed that,
when in disagreement, the linear SVMs and Naïve Bayes scores are slightly more
accurate than the scores of the other classifiers.

3.5 Discussion

In the analysis reported in this chapter, it has shown that:

(i) The use of non-nested feature selection techniques leads to overoptimistic clas-
sification performance;

(ii) The FSB is manifest both for FA and MD, thus it does not depend on the fea-
tures adopted;

(iii) The FSB effect is more evident for the HC/MCI classification tasks;
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(iv) The best performances in terms of accuracy for the HC/AD classification were
obtained with (linear) Support Vector Machines and Naïve Bayes, but the re-
sults obtained with the different models are quite comparable confirming the
robustness of the nested feature selection method.

The results obtained show that the voxel-based approach adopted in this study,
without the bias introduced by the a priori feature selection, provides classification
performances comparable with the ones obtained with other methodological proce-
dures, except for the AUC achieved in the discrimination of HC vs. AD using FA.
For the latter, the best accuracy is higher than the accuracy achieved by Mesrob et
al. [53] and slightly lower than the value obtained by Schouten et al. [86]. Con-
versely, the AUC achieved is slightly higher than the one obtained by Schouten et al.
[86]. For the classification HC/MCI it can be noticed that the accuracy and the AUC
achieved with nested feature selection is lower than the one obtained in Cui et al.
[87]; similarly, for the same classification task, the outcome is lower than the value
obtained by Dyrba et al. [54].

If such detrimental effects on performance were somehow expected, it is worth
noting that, as far as we know, no other study has measured this effect in the field
of machine learning techniques applied to DTI data for AD. Furthermore, our find-
ings regarding the significant regions for AD are consistent with several studies in-
volving DTI, also when using other datasets than ADNI, thus reassuring about the
informative content of the voxel-based approach from the clinical point of view.

Concerning the classification model comparison carried out on the HC/AD task,
we found that (linear) Support Vector Machines provided the best performance in
terms of Area Under the ROC Curve, i.e. 0.87, when Fractional Anisotropy maps
were considered. While, the best performances in terms of accuracy were obtained
with (linear) Support Vector Machines and Naïve Bayes, considering both FA and
MD maps. In the FA case, although these classification models exhibited almost the
same accuracy, they showed very different AUC values. This can be explained con-
sidering that SVMs exhibited a more balanced behavior in classifying positive and
negative examples, i.e. sensitivity and specificity are almost the same; while, Naïve
Bayes had a higher specificity but a lower sensitivity. Even so, all the classification
models we here employed resulted in similar predictive accuracies; moreover, all of
them showed a high level of agreement in discriminating the same subjects. This
provides evidence of the robustness of the nested feature selection method we ap-
plied and attests the information content the features selected carried on.

In addition, looking at Fig. 3.10, it can be noted that Naïve Bayes tends to predict
probabilities that are almost always either very close to zero or very close to one.
This is a well-known behavior of the Naïve Bayes classifier to the machine learn-
ing community, which is mainly due to the simplifying assumption that features are
conditionally independent given the class. Therefore the presence of the FSB in some
studies using this approach is not detrimental to the anatomical and biological plau-
sibility of the findings. In general, the existing literature provides evidence about
the vulnerability of Fornix, Corpus Callosum and Cingulum to the early disease
process involved in AD [102]. In particular, the white matter changes we found in
the Fornix in all classification tasks (to a minor extent in the discrimination between
HC and MCI using FA) have been reported in [103] and [104]. Indeed, FA reduc-
tion in the Fornix has been identified in the majority of whole-brain-TBSS studies
applied to AD. Similarly, the predominant differences we observed in Cingulum, in
the classification HC/AD using FA, are confirmed by looking, for example, at [105]
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and [106]. Additionally, the changes we observed in the Splenium of Corpus Callo-
sum, when classifying HC vs. AD using MD, have been reported in [107] and [105].
The most consistent results with our findings are those reported in [108], where sig-
nificant changes have also been found in Uncinate Fasciculus, Inferior Longitudinal
Fasciculus, Superior Longitudinal Fasciculus and Forceps Major, and in [109], which
identified changes in Anterior Corona Radiata, Inferior Fronto Occipital Fasciculus
and Forceps Minor. Finally, we remark that [109] also confirms the predominance of
differences in the left hemisphere we found in our analysis.

3.6 Summary

In this chapter, the more established voxel-based approach has been applied to the
discrimination problem at hand. The dangers of introducing a feature selection bias
in the classification workflow have been highlighted and a new baseline for the bi-
nary classification task HC vs. AD and HC vs. MCI has been proposed based on FA
and MD maps.

In the next chapter, we will move from the very punctual viewpoint provided
by the voxel-wise analysis to the more global view provided by complex networks.
In particular, we will consider properties of the brain related to the connectivity
between cortical brain regions.
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Chapter 4

Graph-based analysis at the cortical
level

4.1 The idea of using the graph communicability to charac-
terize AD

As already mentioned in Chapter 2, the most consolidated approaches on DTI data
in AD studies are the voxel-based and the ROI-based. On the other hand, com-
plex networks provide a powerful framework to model the human brain and its
connectivity, in particular to study connectivity alterations due to neurodegenerive
diseases. When applying tractography algorithms on DTI data, the brain can be
modeled as a network whose nodes are the anatomical regions and whose edges
are related to the fibre tracts connecting them. These brain networks can be subse-
quently investigated through a graph theory-based approach. Mostly, the literature
applies the complex network approach on DTI data for revealing significant differ-
ences between the values of the network’s measures observed in AD patients, also
at early stages, against healthy control subjects by means of statistical analyses, e.g.
[7, 110–112]. Very few studies, on the other hand, focused on applying DTI tractog-
raphy, in combination with graph theory, to automatize the AD/HC discrimination
through the use of machine learning algorithms [113]. Moreover, the literature in-
vestigated these issues applying only traditional network metrics.

The analysis presented in this chapter steams from the interest to investigate
whether alternative, uncommon network metrics could serve as novel, potentially
effective biomarkers for the AD diagnosis. Most of the traditional network mea-
sures are based on the shortest path connecting two nodes of a network [61, 114].
Their relevance rests on the idea that the communication between two nodes takes
place through the shortest paths connecting them [115, 116]. But in many real-world
networks information can spread along non-shortest paths [117, 118]. For example,
in the gossip spreading in a social network, the information can flow back and for-
ward several times before reaching the final destination. Consequently, shortest path
length can miss important information on the network communicability as well as
on finer structures of the network. There are two main problems in restricting the
communication between two nodes through the shortest path. Imagine that a node
wants to send a message to another node of the network: the sender may not know
the global structure of the network. The first problem could be that the sender may
not know which of the many routes connecting it with the destination is the short-
est one (Fig. 4.1). The second problem could be that even if the sender knows the
shortest path, it may not know a priori whether there are damaged edges in it (Fig.
4.2). Motivated by this consideration, Estrada and Hatano introduced in 2008 the
communicability metric [119].
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FIGURE 4.1: The figure shows a possible network configuration
where the blue node wants to send a message to the red node. The
sender node may knot know which is the shortest path (in blue color)
to the intended destination.

FIGURE 4.2: In the same network configuration, even if the blue node
knows the shortest path to the red node, it may not known if there are
damaged edges inside it.

4.1.1 Communicability

Estrada and Hatano [119] proposed a new concept of communicability, initially only
for binary complex networks, defining the communicability between two nodes in
a network as a function of the total number of walks connecting them, giving more
importance to the shorter than to the longer ones (Fig. 4.3). If G is a graph of N
nodes connected by edges and A is the N × N adjacency matrix, then:

(Ak)pq :=
N

∑
r1=1

N

∑
r2=1
· · ·

N

∑
rk−1=1

ap,r1 ar1,r2 ar2,r3 · · · ark−2,rk−1 ark−1,rq (4.1)

counts the number of walks of length k starting at node p and ending at node q. The
communicability between node p and node q is given by the total number of walks,
weighted in decreasing order of their lengths, connecting the vertices p and q in a
network G:

Gpq =
∞

∑
k=0

(Ak)pq

k!
= (eA)pq. (4.2)

Equation 4.2 can be also rewritten in terms of the graph spectrum as:

Gpq =
n

∑
j=1

ϕj(p)ϕj(q)eλj , (4.3)

where ϕj(p) is the p-th element of the j-th orthonormal eigenvector of the adjacency
matrix associated with the eigenvalue λj. As defined, the communicability between
a pair of nodes in a network is bounded between zero and infinity, which are ob-
tained for the two end nodes of an infinite linear chain and for a pair of nodes in an
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FIGURE 4.3: The figure shows three different walks, between the two
nodes of the network, whose importance depends on the length of
the walk.

infinite complete graph.
The concept of communicability was then extended to the weighted case by

Crofts and Higham in [120] in the context of DTI connectivity matrices. The def-
inition in eq. 4.2 is still valid but A is the N × N weighted matrix and the terms
ap,r1 ar1,r2 ar2,r3 · · · ark−2,rk−1 ark−1,rq represent the weights of the walks i 7→ r1, r1 7→ r2,
etc. In order to avoid the excessive influence of a node depending on its high weight,
they introduced a normalization step dividing the weight aij by the product √sisj,
where si is the strength of node i. Therefore, the communicability between two nodes
p and q in a weighted network is defined as:

Gpq = (exp(D−1/2AD−1/2))pq, (4.4)

where D = diag(si) is the N × N diagonal strength matrix.

4.1.2 Why communicability could be suited for studying AD

By introducing the communicability metric, the communication between two nodes
of a network is not limited only to the shortest path connecting them but occurs
through all possible walks, giving more importance to the shortest then to the longer
ones. This definition takes into account that the information in a network can flow
back and forward several times before reaching the final destination. This metric
reflects the network property of information to flow under a diffusion model and
this aspect makes communicability really suited to study networks working in a
diffusion-like process. Thus, it could be tailored to describe communication in brain
networks, in particular in the case of DTI networks. Moreover, this metric provides
a more global measure of the efficiency of communication in a network, considering
all possible walks; therefore, it may be useful to characterize the brain connectiv-
ity alterations due to a disconnection syndrome related to an integrity loss of the
communication routes.

In [120], communicability was successfully used for distinguishing local and
global differences between stroke patients and controls, using DTI data. Similarly,
communicability was used to detect subtle changes following stroke in the contrale-
sional hemisphere [121]. Moreover, results obtained from the analysis of the human
connectome showed advantages in using communicability over the conventional
metrics in detecting highly connected nodes as well as subsets of nodes vulnerable
to lesions [122]. Therefore, the idea that will be developed in this chapter and in the
next one is that communicability may provide an insight into the structural prop-
erties of the brain which may be useful for emphasizing the topological differences
between AD patients and HC subjects also at early stages.
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The contribution of the analysis reported in this chapter is two-fold. On one
hand, it will be investigated whether communicability is tailored to describe the
disruption of communication between brain regions caused by AD. To this end, a
statistical approach will be followed. On the other hand, it will be evaluated if and
to which extent the communicability metric positively impacts the performance of a
classification algorithm for the AD classification.

4.2 Data

Data used for this study were taken from the ADNI database. The images analyzed
for this study belong to 122 subjects, both male and female. In accordance with
the diagnosis, the subjects were grouped into 52 healthy controls (age 73 ± 6), 40
Alzheimer’s disease patients (age 73± 8) and 30 MCI converter subjects (age 75± 6),
i.e. MCI that converted to AD from 3 months to 5 years after the date of scan. Scans
were randomly selected from baseline and follow-up study visits. As in the previ-
ous analysis, the diffusion-weighted scans were acquired using a 3-T GE Medical
Systems scanner; more precisely, 46 separate images were acquired for each scan: 5
with negligible diffusion effects (B0 images) and 41 diffusion-weighted images (b =
1000 s/mm2).

4.3 Methods

4.3.1 Processing pipeline

For each subject, DICOM images were acquired from ADNI database. The dcm2nii
software, within the MRIcron suite, was used to convert DICOM to NIFTI format.
Then, the FSL software, and in particular its diffusion toolkit FDT, was employed for
the subsequent processing pipeline. The preprocessing steps are the same described
in the previous chapter. First, eddy current correction was performed to mitigate
artifacts, such as enhanced background, image intensity loss and image blurring,
caused by eddy currents and head motion. Second, Brain Extraction Tool (BET) was
used in order to delete non-brain tissues from each subject scan.

After these preliminary steps, an affine registration of all scans was employed in
order to spatially normalize the whole data set to the MNI152 standard space. Then,
a single diffusion tensor was fitted at each voxel in every image by using DTIfit.

Finally, probabilistic tractography was performed using ProbTrackX [123] in or-
der to obtain the connectivity matrix of each subject. More specifically, the Harvard-
Oxford cortical atlas [124] was used, resulting in a brain parcellation of 96 regions,
48 for each hemisphere (Fig. 4.4). The final output consisted of a weighted connec-
tivity matrix W whose elements wij corresponded to the strength of connectivity, i.e.
the number of fibers, between region i and region j. The fundamental step of the
whole image preprocessing was the fiber reconstruction. The FDT tool generates a
probabilistic streamline or a sample of the distribution on the location of the true
streamline. By taking many such samples, the histogram of the posterior distribu-
tion on the streamline location or the connectivity distribution is then built. Finally,
the most probable traits connecting two regions are computed. It is worth noting
that the intrinsic feature of the tractography algorithm to be probabilistic not always
results in weighted symmetric connectivity matrices: to overcome this effect, we av-
eraged the traits connecting region i to j and vice versa j to i to obtain a symmetric
matrix for each subject. The overall preprocessing is depicted in Fig. 4.5.



4.3. Methods 49

FIGURE 4.4: The figure shows a slice of three different views of the
Harvard-Oxford cortical atlas.

FIGURE 4.5: The figure shows the processing pipeline underwent
by the brain DTI scans. The dotted box includes the dedicated im-
age processing steps: (a) eddy correction, (b) brain extraction and (c)
affine registration. For each voxel, the diffusion tensor was estimated
(d), thus allowing the probabilistic fiber reconstruction (e). Using the
Harvard-Oxford cortical atlas, the connectivity matrix derived from
tractography was computed for each subject.
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4.3.2 Statistical analysis on communicability group differences

The first goal of the present study was to assess whether communicability is suitable
to describe the disruption of communication between brain regions due to AD. In
other words, we investigated the information content provided by communicability
from a biological perspective. To this end, a nonparametric rank sum test was per-
formed over the communicability values of all node pairs, between the HC and AD
matrices. The False Discovery Rate multiple testing correction was used to calculate
the adjusted p-values. The node pairs with statistically significant different commu-
nicability (p-value < 0.05) were detected and an analysis was conducted to find if
the regions involved in these connections are related, according to the literature, to
the neurodegenerative processes of AD. Moreover, a nonparametric Kruskal-Wallis
test was performed to compare the distibutions of the communicability values for
the three groups HC/AD/MCI in order to find the node pairs with statistically sig-
nificant different communicability scores according to the adjusted p-values.

4.3.3 Classification procedure

The second goal of the analysis we carried out was a comparative study, based on
the same dataset, between classification models trained with traditional metrics and
models trained with communicability. The learning and classification procedure was
accomplished by using linear Support Vector Machines (SVMs): the classification
workflow is depicted in Fig. 4.6.

The initial dataset consisted in the weighted and unweighted connectivity ma-
trices obtained from the image preprocessing step described in Section 4.3.1. From
these raw data the following features have been extracted, in accordance with the
discussion provided in 2.4.2: edge betweenness; shortest path length; presence or
absence of edge; and communicability. In the rest of the chapter, they are referred to
as ”connectivity features”.

The next step concerns the validation of the classification procedure through a
proper splitting of the dataset into training and test sets. Also in this analysis the
subjects were stratified by diagnosis, so that each fold contained roughly the same
number of subjects from each diagnostic group.

In order to reduce the dimensionality of the feature space and so to alleviate the
problem of overfitting, a two-stage feature selection strategy was then applied. The
first stage is an ad-hoc selection of features, customized to connectivity matrices. It
consisted in the calculation of an healthy control binary mean matrix, i.e. a mask,
onto which the matrices of all subjects were later projected to reduce the number of
connectivity metrics to be considered for classification. For each training set in every
cross validation iteration, the mean matrix of only the HC connectivity matrices was
calculated. The HC mean matrix is a weighted matrix whose entries eij range from
0 to 1 and represent the frequency at which the corresponding edges occur among
all HC matrices. The HC mean matrix was then thresholded in order to obtain the
reference HC binary mean matrix to be used as mask. The threshold value was cho-
sen at 0.7, using a binomial test (with α = 0.01): if we consider an a priori probability
of 0.5 that a link is present or not in a connectivity matrix, the binomial test estab-
lished that a link is considered to be a ”real” link if it occurs in more than 70% of
all HC connectivity matrices. This feature selection strategy was motivated by the
observation that, independently of the applied threshold, the healthy control mean
matrix always shares more links than the unhealthy counterpart. In other words,
HC matrices show a more stable topology; AD matrices, instead, show a greater
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FIGURE 4.6: Classification workflow. For each cross-validation iter-
ation, the whole dataset is split into a training and a test set. The
training connectivity matrices are subjected to a two-stage feature se-
lection. The first stage measures a mean healthy control matrix, to
form a binary mask. The mask is binarized in accordance with a bi-
nomial test, which established to keep a link only if it occurs in more
than 70% of the training HC matrices. Once all subjects’ matrices
are projected onto the mask, they are subjected to a recursive feature
elimination. The output features are used to train the SVM model.

intra-variability due to the disrupted connectivity. This procedure would evaluate
a significant and robust reference model to select the important links, as sampling
of subjects considered in each round makes the definition of the set of significant
links (i.e., the mask) robust with respect to outliers. Additionally, weak connections
that can introduce noisy effects are filtered out in accordance with an objective sta-
tistical test with a strict significance threshold of the mask. This nested procedure of
significant link selection was preferred to other thresholding methods such as fixing
the same mean degree across all groups. Indeed, the latter procedure could be par-
ticularly problematic in “disconnection syndromes” or neurodegenerative diseases,
where the assumption that node degree is the same between groups is likely to be
invalid [125].

The second stage was a more conventional SVM recursive feature elimination
(SVM-RFE) [126], embedded in the learning algorithm. The technique was applied to
all the subjects’ matrices obtained by the former feature selection. SVM-RFE uses
criteria derived from the coefficients in the SVM models to assess features, then iter-
atively removes features having small criteria. In each iteration, a linear SVM model
is trained: the feature with the smallest ranking criterion is removed as it has the
least effect on classification. The remaining features are kept for the next iteration.
The process is iteratively computed until all the features have been removed. The
final outcome of the algorithm is a ranked feature list: feature selection is achieved
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by choosing a group of top-ranked features. Depending on the output of SVM-RFE,
subsets with an increasing number of features were evaluated, keeping only the one
that obtained the best accuracy for the overall performance evaluation. Note that
we used the implementation proposed in [127], which introduces a correlation bias
reduction strategy that alleviates the problem of underestimating features that are
highly correlated.

It is worth emphasizing that, in accordance with the findings reported in the
previous chapter, we employed a nested feature selection strategy: for each cross-
validation iteration, the two-stage feature selection was applied only on the training
set blind to the test set. This methodological procedure avoids to introduce a feature
selection bias which necessarily leads to overoptimistic results.

Once the dimensionality of data has been reduced, the SVM model can be fit-
ted. SVMs are well known for their generalization ability and are particularly useful
when the number of features, as in our case, is high [128].

4.4 Results

4.4.1 Significantly communicability differences involving disease related
brain regions

Considering the HC and AD groups, 186 node pairs were found to have statistical
significant different communicability (adjusted p-value < 0.05). Most of these pairs
showed a reduced mean communicability in the AD subjects. Considering the HC
and the AD distributions of the mean communicability values of the significant node
pairs, the hypothesis of a decrease in the AD population median was tested perform-
ing a one-sided Wilcoxon rank sum test. A p-value of 1.35× 10−7 was obtained: with
enough evidence, it can be concluded that there is a negative shift in the median of
the mean communicability values of the significant edges in AD compared to HC, at
the 0.01 significance level, pointing out an overall communicability disruption due
to AD. The differences between the HC and AD mean communicability values of
the significant node pairs are shown in Fig. 4.7 by means of a glass brain: it is a
3D brain visualization in which nodes are localized exactly in the centroid position
of the region of interest, in accordance with the Harvard-Oxford cortical atlas. For
purposes of clarity, only the values in the 90th and 10th percentile of the communi-
cability differences distribution are shown in the glass brain. The edges in the figure
are a ”nominal” representation of the difference of mean communicability, between
HC and AD, of the two nodes they link: the edge color and the edge thickness are
descriptive of the communicability difference of those brain region pairs between
the two groups.

The brain regions mostly involved in all the 186 significant edges were found to
be: Supramarginal Gyrus posterior and anterior division, Lateral Occipital Cortex,
Angular Gyrus, Insular Cortex, Inferior and Superior Frontal Gyrus, Superior Pari-
etal Lobule, Postcentral Gyrus, Middle Temporal Gyrus Temporoccipital part left,
Lateral Occipital Cortex inferior division left, Frontal Pole left, Precentral Gyrus,
Precuneous Cortex.

Considering the three groups HC, AD and MCI converter, 70 node pairs were
found to be statistically significant different in communicability. Among these 70
pairs, 63 are in common with the 186 pairs previously found. The brain regions
mostly involved in this case were found to be: Supramarginal Gyrus posterior and
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FIGURE 4.7: Glass brain visualization of the difference between the
mean communicability values of the significant edges in HC and AD;
the edge color and the edge thickness are descriptive of these values.
Only the values in the 90th and 10th percentile of the distribution of
the communicability differences are shown.

Supramarginal Gyrus anterior division, Angular Gyrus right, Insular Cortex, Pre-
central Gyrus, Postcentral Gyrus, Middle Frontal Gyrus, Superior Parietal Lobule
right.

Additionally, a permutation test was performed to test the significance of the
overlapping between the node pairs with statistical significant different commu-
nicability in the 3-class analysis (HC/AD/MCI) and the 186 node pairs with sta-
tistical significant different communicability in the 2-class analysis (HC/AD). The
estimated p-value was found to be < 0.01, proving a significant percentage of over-
lapping links between the two tasks.

4.4.2 Classification comparison: communicability vs traditional metrics

HC/AD classification Classification performances, averaged over all the cross val-
idation rounds, are expressed in terms of area under the ROC curve (AUC), accu-
racy, sensitivity and specificity. An overview of the best classification performance
obtained by the network metrics individually is provided in Fig. 4.8. Note that
each measure refers to the mean value obtained by averaging the performances
achieved over all the cross-validation rounds. In the figure, each bar’s height in-
dicates the mean value of the corresponding performance; the error bars indicate
the standard errors. The best performances were obtained using the communica-
bility values as features (0.75± 0.02 of accuracy; 0.82± 0.02 of AUC; 0.69± 0.02 of
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sensitivity; 0.80± 0.02 of specificity). Note that they are higher than the best perfor-
mances obtained using as features the traditional connectivity metrics (0.69± 0.02 of
accuracy; 0.74± 0.02 of AUC; 0.65± 0.03 of sensitivity; 0.78± 0.03 of specificity). It
is worth remarking that the outperformance obtained when using communicability
was tested by means of a non-parametric rank sum test. The performances achieved
using communicability were found to be statistically significant different (p-value <
0.0001) from those obtained using the traditional metrics, except for specificity in the
case of binary Edge Betweenness.

Figure 4.9 shows an overview of the best performance obtained using, as features
for training the classification models, all the binary connectivity measures together
with or without weighted communicability. All the weighted measures together
with or without weighted communicability are also reported. The inclusion of com-
municability, among the features used, significantly improved classification perfor-
mances (p-value < 0.0001, except for specificity in the case of binary measures). Note
that they are quite comparable to the performance achieved using only the commu-
nicability values as features.

Figure 4.10 shows the same results of Fig. 4.9, adding the nodal measures degree,
strength, clustering coefficient, betweenness and eigenvector centrality as features.
The best performances (0.77± 0.02 of accuracy; 0.81± 0.02 of AUC; 0.72± 0.02 of
sensitivity; 0.81± 0.03 of specificity) have been obtained for the weighted matrices
case. Also in this case the improvement of classification performances using com-
municability is statistically significant (p-value < 0.0001, except for specificity in the
case of binary measures).

FIGURE 4.8: Overview of the performances achieved by using, as fea-
tures for the HC/AD classification, the individual metrics computed
on the weighted and binary connectivity matrices.

HC/AD/MCI classification The three class HC/AD/MCI performances, averaged
over all the cross-validation rounds, are expressed in terms of accuracy and AUC,
considering first AD as positive class and then MCI as positive class. In Fig. 4.11, the
performances obtained using the previous traditional connectivity metrics as fea-
tures and those obtained using communicability are compared. The best accuracy,
i.e. 0.60± 0.02, was obtained using communicability and it is higher than the best
one obtained by the models fitted on the weighted shortest path length (0.49± 0.02).
The best AUC was achieved using communicability (0.79± 0.02 when considering
AD as positive class, and 0.72± 0.02 when considering MCI as positive class), which
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FIGURE 4.9: Performance overview of all the connectivity metrics,
with and without communicability, computed on the unweighted
and weighted connectivity matrices (HC/AD classification).

FIGURE 4.10: Performance overview of all the connectivity and nodal
metrics, with and without communicability, calculated on the un-
weighted and weighted connectivity matrices (HC/AD classifica-
tion).

was higher than the best performance reached with traditional metrics, considering
the presence or absence of a link as features (0.70± 0.02 when considering AD as
positive class, and 0.64± 0.03 when considering MCI as positive class). In addition,
according to [129], a multiclass AUC was calculated through a pairwise comparison
of classifiers, i.e. by using a one-vs-one strategy. Again, communicability outper-
formed the other metrics, as a multiclass AUC of 0.77± 0.02 was obtained against
the best value of 0.68± 0.02 achieved with the traditional metrics. Also in the three-
class classification, in all cases the classification performances obtained using com-
municability were found to be statistically significant different from those obtained
with traditional network metrics (p-value < 0.0001).

4.5 Discussion

In this analysis, for the first time, the communicability metric was exploited with
successful results to the problem of discovering connectivity differences in DTI brain
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FIGURE 4.11: Performance overview of the individual met-
rics computed on the weighted and binary connectivity matrices
(HC/AD/MCI classification).

networks of AD and MCI subjects. Communicability can be considered an alterna-
tive metric to traditional ones, mostly based on shortest path length. The aim of this
study was to show the capability of this metric to highlight the connectivity changes
among brain regions in patients with Alzheimer’s disease, also at the early stages.
The advantage of using this metric has been evaluated from two points of view:

(i) A statistical analysis pointed out pairs of brain regions with different commu-
nicability in AD and HC subjects and in AD, HC and MCI subjects;

(ii) A classification framework with different groups of features showed how com-
municability positively affects classification performance both for the HC/AD
and the HC/AD/MCI discrimination.

First, 186 node pairs with statistical significant different communicability values
between HC and AD subjects have been found, revealing a general communicabil-
ity disruption among AD brains. For the three groups (HC, AD and MCI converter)
statistical analysis, 70 node pairs were found to be statistically significant different
in communicability, 63 in common with the 186 pairs previously found. The brain
regions mostly involved in these pairs were found to be highly AD-related brain re-
gions. It is well known the involvement of the Angular Gyrus in semantic process-
ing, word reading and comprehension, number processing, default mode network,
memory retrieval, attention and spatial cognition, reasoning and social cognition
[130]. Also the language function impairment in AD patients is due to synaptic loss
and dysfunction involving the Angular Gyrus [131]. The Supramarginal Gyrus is a
cortical region of interest involved in impairments in verbal and semantic memory
for AD [132], and an area of anatomical connectivity decrease related to the short-
term memory dysfunction [133]. The Lateral Occipital Cortex, left worse than right,
is a region of atrophy and hypo-metabolism in AD [134]. The regional atrophy of the
Insular Cortex is associated with neuropsychiatric symptoms in AD patients [135]
and pathologic changes within this area may play essential roles in AD symptoms
like behavioral dyscontrol and visceral dysfunction related to autonomic instabil-
ity and loss of the sense of self [136]. Moreover, left-Insula and left-Inferior Frontal
Gyrus were recently found to be important regions to act on to protect memory per-
formance against AD [137]. The Parietal Lobe, which is involved in many cognitive
functions, including memory, is considered vulnerable to AD and a site of metabolic
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changes and loss of WM integrity [138]. In fact, it is an AD-related area in preclini-
cal dementia [139]. Also Precentral Gyrus is considered an AD-related brain region
[140, 141]. Similarly, the medial Occipitotemporal and middle Temporal Gyri are
sites affected by AD and atrophy in these areas may herald the presence of future
AD among non demented individuals [142]. The Frontal Pole left and the Lateral
Occipital Cortex were found to have altered white matter networks’ properties in
preclinical AD [111]. It is also well known the specific role of the Precuneous in
self-processing during autobiographical memory retrieval [143]. Moreover the Mid-
dle Frontal Gyrus has been found to be a region of abnormal connectivity in MCI
subjects [144].

Second, this analysis showed that communicability improves the overall classifi-
cation performance compared to the traditional network metrics. This finding sup-
ports the idea that communicability is more apt than shortest path length to describe
the efficiency of communication between brain regions when modeled as nodes of
DTI networks. It is worth remarking that this study was the first using the communi-
cability metric to classify HC, AD and MCI and to select disease-relevant biomarkers
through the use of machine learning algorithms. Several other works using machine
learning algorithms in this context mainly focused on two approaches to train the
classification models: voxel-based, e.g. [145], and region of interest-based, e.g. [55].

4.6 Summary

In this chapter, the graph-based approach has been applied to the AD discrimination
at two stages of disease progression: MCI converter and AD patient. The communi-
cability metric has been introduced in this context as an alternative metric to tradi-
tional ones, mostly based on shortest path length, obtaining encouraging results. In
the analysis described, a cortical parcellation scheme has been used for the estimated
brain networks. This coarse anatomical scheme could overlook detailed patterns of
connectivity, which may play a role in neurological diseases investigation. The next
chapter will address this issue taking into account a different parcellation scheme
and different reconstructions of the brain connectivity network to study more de-
tailed patterns of connectivity.
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Chapter 5

Graph-based analysis at the
sub-cortical level

5.1 Sub-cortical network analysis in AD

In the analysis described in the previous chapter, we used the communicability met-
ric with successful results to uncover connectivity differences in AD brain networks
reconstructed at the cortical level and we developed a graph-based classification
framework to distinguish unhealthy from healthy subjects automatically.

Interestingly, most of the existing literature, regarding AD discrimination using
graph theory, focused on AD connectivity abnormalities at a relatively global level,
such as the whole-brain level [146] and, as in our previous analysis, the cortex level
[7, 147]. Much less research has been devoted to understanding the AD-related net-
work changes at the subcortical structural level. In this analysis, the focus will be
moved to the subcortical scale. The subcortical structural connectivity networks of
46 healthy control (HC) subjects and 40 AD patients will be analyzed. We have
demonstrated that communicability, taking into account not only the shortest path
but all possible paths connecting two nodes, revealed to be particularly suited to
describe the alteration of communication between brain regions due to AD, also
outperforming more classic network measures when used as feature of a supervised
classification algorithm. Therefore, in this analysis this metric will be used to de-
scribe the connectivity between subcortical regions. We will measure the informa-
tion content of subcortical connections in discriminating AD from normal subjects,
in terms of communicability between the subcortical regions and between these re-
gions and the rest of the network. This investigation is carried out again both with a
statistical-descriptive approach and from a machine learning perspective.

5.2 Data

The scans processed for the present analysis belong to 86 subjects, 46 HC and 40 AD
coming again from ADNI database. HC subjects show no sign of depression, mild
cognitive impairment or dementia; participants with AD are those who meet the
NINCDS/ADRDA criteria for probable AD. The diffusion-weighted scans were ac-
quired using a 3-T GE Medical Systems scanner; more precisely, 46 separate images
were acquired for each scan: 5 with negligible diffusion effects (B0 images) and 41
diffusion-weighted images (b = 1000 s/mm2). For each subject, the T1 anatomical
scan was also used in order to perform tractography.
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FIGURE 5.1: Main steps of the image processing pipeline.

5.3 Methods

5.3.1 Image processing and tractography

For each subject, the raw DICOM images were acquired from the ADNI database.
The dcm2nii software, within the MRIcron suite, was used to convert the DICOM im-
ages into the NIFTI format. The NIFTI images were then organized in the standard
BIDS format. The subsequent processing steps, from image preprocessing to struc-
tural connectome generation, were performed using tools provided by the MRtrix3
software package (http://mrtrix.org) except for some preprocessing steps accom-
plished with the FMRIB Software Library (FSL) (https://fsl.fmrib.ox.ac.uk/fsl/
fslwiki/). The main steps of the whole procedure can be outlined as follow (see Fig.
5.1):

• Image preprocessing:

– DTI preprocessing (denoising, brain extraction, eddy current and head
motion correction, bias-field correction);

– Anatomical T1 preprocessing (reorientation to the standard image MNI152,
automatic cropping, bias-field correction, registration to the linear and
non-linear standard space, brain-extraction);

• Structural connectome generation:

– Inter-modal registration [148];

– T1 tissue segmentation [149];

– Spherical deconvolution;

– Probabilistic tractography [150] utilizing dynamic seeding [151];

http://mrtrix.org
https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/
https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/
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– Anatomically constrained tractography, which improves tractography re-
construction using anatomical information through a dynamic threshold-
ing strategy [152];

– A spherical-deconvolution informed filtering of tractograms (SIFT2) [151];

– T1 parcellation using the AAL2 atlas [153] (120 regions), a revised version
of the automated anatomical atlas (AAL);

– Robust structural connectome construction [154].

5.3.2 Communicability-based measures

The output of the image processing steps was a 120× 120 weighted symmetric con-
nectivity matrix W for each subject, whose entries wij corresponded to the number
of fiber tracts connecting region i to region j. The matrices were normalized in the
range [0, 1]. For each subject, the subcortical sub-network was extracted, including
Hippocampus, Amygdala, Caudate, Putamen, Pallidum and Thalamus, both right
and left, resulting in a 12× 12 subcortical weighted connectivity matrix Ws.

In order to investigate the connectivity changes due to AD at the subcortical
level, we analyzed the role of the subcortical regions in distinguishing the two groups
under observation in terms of communicability.

As a first step, we calculated the communicability between pairs of subcorti-
cal regions, considering only the subcortical network Ws. Based on the definition
provided in [120], and already introduced in the last chapter, the weighted communi-
cability for each node pair p and q of the subcortical network Ws was calculated as
follows:

Gsub
pq =

∞

∑
k=0

(Mk)pq

k!
= (eM)pq, (5.1)

where M = D−1/2WsD−1/2, being D the diagonal subcortical strength matrix. From
this measure, we define the intra strength communicability for each node i ∈ Ns:

SCi
intra = ∑

j∈Ns

Gij
sub, (5.2)

which expresses the intensity of the total node connectivity with the other subcorti-
cal regions, in terms of communicability.

Then, in order to evaluate the extent of the inter-communication between the
subcortical regions and the rest of the network, we calculated the whole communi-
cability matrix G, whose elements are the communicability values between the node
pairs of the whole network, i.e. the network including both cortical and subcortical
regions. From this matrix, we define the inter strength communicability of a subcorti-
cal node i as the comunicability between i and only the cortical nodes. Being S the
subset of the whole matrix indices corresponding to the subcortical regions, ∀i ∈ S
the inter strength communicability can be defined as:

SCi
inter = ∑

j∈{N−{S−i}}
Gij, (5.3)

which expresses the intensity of the total subcortical node connectivity, in terms of
communicability, with the rest of the whole network, excluding the other subcortical
regions.
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5.3.3 Group-wise statistical analysis

For all subjects, the weighted sub-network communicability Gsub
pq was calculated for

each node pair and a group-wise statistical analysis was performed in order to iden-
tify brain region pairs with statistically significant difference between HC and AD.
In order to make the identification of the significantly different brain regions robust,
permutation tests were performed to correct p-values and to address multiple com-
parison issues using random assignment of comparison groups. Permutation tests
were performed by randomly assigning subjects to the two groups 10000 times. Dif-
ferences were considered significant if they did not belong to 95% of the null distri-
bution derived from the permutation tests (corrected p-value < 0.05).

The same statistical analysis was performed in order to find if any of the brain
regions, within the 12 subcortical regions, has a statistically different intra strength
communicability SCintra, or a statistically different inter strength communicability
SCinter among the two groups HC and AD.

5.3.4 Classification

The second goal of the present analysis was to evaluate the discriminating power
of the subcortical regions’ communicability in distinguishing between HC and AD
from a machine learning perspective. To this end, a supervised classification frame-
work has been developed based on the random forest (RF) classifier. The classifica-
tion procedure is quite the same used in the analysis described in the last chapter
for the cortical networks. Since the dataset is small, the classification procedure
has been validated through a 50-times repeated 10-fold cross-validation. The ini-
tial dataset consisted in the connectivity matrices obtained by the image processing
steps described in Section 5.3.1. From these matrices, the communicability values for
each node pair have been calculated: the values between the subcortical region pairs
represent the features of the classification model to be trained. The examples were
stratified by diagnosis to have approximately the same number of subjects from each
diagnostic group in each fold. Within each cross-validation iteration, the training set
was subjected to two feature selection steps in order to select the most relevant fea-
tures. Note that, also in this case, nesting feature selection within cross-validation
helps avoid a feature selection bias which may lead to overoptimistic results.

The first step is an ad hoc selection of features, customized to connectivity net-
works, already used in the cortical analysis. A mean matrix is calculated from the
HC subjects of each training set, resulting in a weighted matrix whose entries eij
range from 0 to 1 and represent the frequency at which the corresponding edges
occur among the HC matrices. This matrix has then been thresholded, obtaining a
binary matrix to be used as a mask. The matrices of all subjects were then projected
onto this mask to reduce the number of features to be considered in the following
step. Note that different selections of features can be obtained by varying the fre-
quency threshold to build the mask. This procedure would evaluate a significant
and robust reference model to select the important links. The second step was a
more conventional RFE based on SVMs.

Finally, a RF classifier was trained on the selected features. In the present work,
we set the number of trees B = 500, which is a common choice in the literature.
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5.4 Results

5.4.1 Sub-cortical communicability patterns related to AD

Subcortical brain region pairs with significant (p-value < 0.05) group-wise differ-
ences in communicability were identified considering the Gsub matrix. In particular,
5 of 78 subcortical region pairs were found: (left Hippocampus, left Amygdala), (left
Hippocampus, right Pallidum), (right Hippocampus, right Pallidum), (left Amyg-
dala, right Caudate), (left Amygdala, right Pallidum). Figure 5.2 shows the relative
difference between the HC mean communicability and the AD mean communica-
bility for the 5 identified node pairs (for each node pair the difference between the
HC mean communicability and the AD mean communicability is divided by the HC
mean communicability). It can be observed an average disruption of communicabil-
ity in AD subjects for all region pairs except for (left Amygdala, right Pallidum).

Concerning the intra strength communicability SCintra, no statistically significant
difference between HC and AD was found. Instead, the permutation test revealed
that in terms of inter strength communicability SCinter the regions with statistically
difference at the 0.05 significance level are left and right Hippocampus and left and
right Caudate (p-value = 0.005 for left Hippocampus, p-value = 0.01 for right Hip-
pocampus, p-value = 0.001 for left Caudate, p-value < 0.001 for right Caudate in the
permutation test). The absolute value of the relative difference between the mean
HC inter strength communicability and the mean AD inter strength communicabil-
ity for each subcortical region is depicted in Fig. 5.3 and is expressed in percentage:
the regions with significant group-wise difference are marked with asterisks and the
regions with negative difference between HC and AD are marked with a minus sign.

5.4.2 Classification performances

Following the procedure described in Section 5.3.4, the mean classification perfor-
mances, averaged over all the cross-validation iterations, were measured in terms

FIGURE 5.2: Heat map visualization of the relative differences be-
tween the mean communicability values of the significant edges in
the HC and AD group in the case of the Gsub matrix. The edge color
is descriptive of these values.
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FIGURE 5.3: Radar plot which shows the group-wise difference of
mean inter strength communicability (absolute value in percentage).
The statistically significant different regions are marked with aster-
isks. The minus indicates the regions where the mean value is greater
in AD than in HC.

FIGURE 5.4: Classification performances at different threshold val-
ues.

of accuracy, area under the ROC curve (AUC), sensitivity and specificity. These
performances quantifies how well the communicability between only the subcor-
tical regions discriminates between AD patients and HC subjects. In order to find
the optimal threshold for the mask calculation in the first feature selection step, a
performance-driven approach was adopted: the performances were calculated for a
threshold value varying from 0 to 0.9 with a step of 0.1. The results, depicted in Fig.
5.4, show that the best performances are obtained for a threshold value of 0.6, but it
can be noticed that the performances remain quite stable for all the threshold values.
The best classification performances are: 0.72± 0.02 of accuracy, 0.78± 0.02 of AUC,
0.78± 0.02 of specificity and 0.66± 0.03 of sensitivity.
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5.5 Discussion

The aim of this analysis was to study the information content of the subcortical DTI
sub-network in discriminating AD from HC subjects. To the best of our knowledge,
there has been little research working on understanding the AD-related network
changes at the subcortical structural level, especially on DTI data. The present anal-
ysis takes a step in this direction. Moreover, in this work the communicability metric
has been used for the first time to identify the connectivity profile of the subcortical
network. The information content of the subcortical regions in terms of communica-
bility for the HC/AD discrimination was investigated from two points of view:

(i) A group-wise statistical analysis has been performed to find brain region pairs
with significantly different communicability in the subcortical network. The
same analysis has been conducted to identify subcortical regions with differ-
ent intra and inter strength communicability, that are measures introduced to
quantify the total intensity of subcortical nodes’ connectivity, in terms of com-
municability with the other subcortical nodes and with the rest of the whole
network.

(ii) A classification procedure has been adopted to investigate to which extent the
communicability values between the subcortical regions are able to automati-
cally discriminate between HC subjects and AD patients.

For what concerns the group-wise statistical analysis on the subcortical node
pairs communicability, which was calculated starting from the subcortical weight
sub-network, 5 subcortical region pairs have shown statistically significant different
communicability between HC and AD, mostly involving Hippocampus, Amygdala
but also Pallidum and Caudate. The key role played by these regions in AD is well
known [155–159]. It is worth noting that in spite of the average communicability dis-
ruption in AD, the region pair (left Amygdala, right Pallidum) shows an increased
communicability in AD compared to HC. This is not the first time some regions with
greater communicability in patients compared to controls have been reported in a
disconnection syndrome and using DTI data. In [121], some areas of greater com-
municability in stroke patients compared to controls were found also in the lesioned
hemisphere. One possible interpretation of these results may be that the increased
communicability in AD reflects adaptive changes in the white matter structure that
have occurred secondary to the disease.

Another interesting result concerns the group-wise comparison of inter strength
communicability. Hippocampus (both right and left) again play an important role
showing a statistical significant difference, between HC and AD, together with the
left and right Caudate. These results are in line with the literature, in particular with
the evidence that one of the first events in AD is the disconnection of the hippocam-
pal formation and neocortex [160]; moreover, neuropathological studies have docu-
mented the isolation of the hippocampal formation in AD, e.g. [161]. The connec-
tivity patterns regarding the inter strength communicability of Hippocampus and
Caudate should be more in-depth investigated analyzing their single connections
with each cortical region.

Concerning classification, the communicability between the subcortical regions
provided encouraging results (0.72± 0.02 of accuracy, 0.78± 0.02 of AUC, 0.78± 0.02
of specificity and 0.66 ± 0.03 of sensitivity). It is worth to note that these perfor-
mances, obtained using only the 12× 12 subcortical network, are quite comparable
to those we obtained with the 96× 96 cortical network in the previous chapter.
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5.6 Summary

In this chapter, the graph-based analysis carried out in the previous chapter has
been complemented by taking into account the brain regions at the subcortical level,
which were not considered previously. Concerning the descriptive evaluation, novel
insights have been found, in particular an altered communicability of the patholog-
ical group related mainly to Hippocampus, Amygdala and Caudate. This finding
calls for further investigations. Concerning the classification performances, results
quite comparable to those previously reported, have been achieved.
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Chapter 6

Conclusion

The aim of this thesis was to investigate white matter alterations due to Alzheimer’s
disease through the analysis of diffusion tensor imaging data at different scales.
More precisely, a voxel-based and a complex network-based approach (both at the
cortical and sub-cortical level) have been applied.

Concerning the voxel-wise analysis, we preliminary highlighted how the best
classification performances in the literature applying this approach suffer from the
so-called feature selection bias. Instead, in the present thesis, we applied a nested
feature selection strategy which allowed us to establish a new baseline, for the dis-
crimination HC/AD and HC/MCI, for some of the most frequently used metrics
for binary classification. In general, all the classification models we have employed
resulted in similar predictive accuracy; moreover, all of them showed a high level
of agreement in discriminating the same subjects. This provided evidence of the
robustness of the nested feature selection method we applied and attested the in-
formation content the features selected carried on. This information content was
evaluated by investigating whether the most discriminating voxels selected during
the feature selection phase were localized in disease-related brain regions and the
findings we observed confirmed this.

Concerning the graph-based approach, in this thesis, for the first time, the com-
municability metric has been exploited with successful results to the problem of dis-
covering connectivity differences in DTI brain networks of AD and MCI subjects.
Communicability can be considered an alternative metric to traditional ones, mostly
based on shortest path length. At a first step, the importance of investigating a met-
ric more suitable to describe diffusive processes was highlighted. Then, the applica-
tion of communicability to DTI connectivity networks was firstly investigated with a
statistical-descriptive aim: pairs of brain regions with statistical significant different
communicability values in AD and HC subjects were found; also for the three class
analysis between HC, AD and MCI subjects, pairs of brain regions, mostly over-
lapping with the previous case, were found to be statistical significant different in
communicability. Second, the advantage of applying communicability was investi-
gated from a quantitative point of view: it was demonstrated that, for both the two
discrimination tasks HC/AD and HC/AD/MCI, using the communicability values
as features for training classification models improves the performances achieved
using traditional network measures instead. Although the main goal was to intro-
duce a novel methodology in the DTI analysis for the study of AD, the clinical va-
lidity of our founding was verified by means of a comparison with literature results.
In fact, it was demonstrated that communicability is really able to detect the brain
connections mostly affected by the disease and to find the differences of network’s
communication in AD subjects also at early stages. The efficiency of this metric to
uncover connectivity differences in AD brain networks brings to the conclusion that
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communicability could be a powerful discriminant factor for more accurate AD di-
agnosis.

In particular, we reported results comparable to those obtained using the voxel-
based approach. An increase in prediction performance has not been observed;
however, the obtained results are encouraging and may pave the way for devel-
oping network-based classification models attaining a gain in terms of predictive
accuracy. Indeed, from the prediction point of view, the potentiality of the network-
based approach in this classification problem, as well as its limitations, have yet to
be investigated. Currently, very few works used complex networks on DTI data, but
no conclusive result has yet been obtained. Moreover, note that the complex net-
work approach may provide a gain also in terms of inference, as novel insights and
better understanding of the data may be revealed. The network approach, in fact,
may complement the localized information provided by the voxel-wise analysis, by
capturing more global patterns of alternation in the white matter connectivity struc-
ture due to AD. Indeed, in this thesis, the network approach enabled to uncover
connectivity differences in specific brain regions and connections due to AD. Future
work should investigate how to effectively combine the two different approaches to
further improve prediction performances.

It is worth remarking that an important issue concerns the dependence of the
adopted method on the network size. In the first experiment on communicability,
coarse anatomical connectivities have been considered for the estimated brain net-
works. Connectivities obtained between relatively large regions patterns are more
robust and reproducible; however, they could overlook detailed patterns of connec-
tivity, which may play a key role in neurological diseases investigation. To address
this issue, we extended our study by taking into account a different parcellation
scheme and a different reconstruction of the brain connectivity network to study
patterns of connectivity emerging at the sub-cortical level. Regarding the statisti-
cal analysis, some connectivity patterns, mainly involving Hippocampus, Amyg-
dala, Caudate and Putamen were found. About the classification performances, re-
sults quite comparable to those obtained with the cortical connectivity matrices were
achieved. There has been little research working on understanding the AD-related
network changes at the subcortical structural level using DTI data. The present the-
sis took a step in this direction.

It is worth remarking that the subcortical analysis should be extended to a cohort
of MCI subjects to study the communicability patterns in the early stages of AD.
Future work should address how to better combine cortical and subcortical regions
to develop more accurate classification models. Also the classification task involving
the intermediate group of MCI subjects should be explored to support diagnosis at
an early stage.

Finally, the integration of DTI to fMRI to investigate changes across a neural
network has the potential to be a very powerful tool to aid the development of a
biomarker for AD. Experiments need to be conducted on large samples of subjects
using prospective and longitudinal study designs.
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