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Abstract

Computational anatomy strategies for characterization of brain patterns
associated with Alzheimer’s disease

Alzheimer’s disease (AD) is one of the most complex systematic malfunctions of the nervous
system that are known. The clinical symptoms of this neurodegenerative disease are alter-
ations in cognition and behaviour that can lead to the onset of a dementia syndrome. Disease
mechanisms that lead to neurodegeneration and cognitive impairment in sporadic AD are
not well understood yet, making it di�cult to predict the clinical progression of patients at
the early stages of the AD continuum. Currently, no single biomarker or exam is su�cient
to diagnose AD and existing standard instruments are not sensitive enough to detect subtle
changes, predict the clinical course, and recognize heterogeneous forms of AD. This thesis
presents two computational anatomy strategies aiming to identify and quantify neurode-
generation patterns associated with di�erent clinical stages along the AD continuum using
two di�erent modalities of magnetic resonance imaging. A third contribution consists of a
data-driven strategy to develop a set of domain-speci�c scores that result useful to estimate
the risk of and predict the progression from mild cognitive impairment to dementia. Evalua-
tion of these strategies with machine-learning and statistical inference methods demonstrate
the potential of the proposed quantitative tools to help patients’ clinical management and
monitoring and could be used to improve the evaluation of potential disease-modifying in-
terventions.

Keywords: Alzheimer’s Disease, Neuroimaging, Medical Image Processing, Magnetic Res-
onance Imaging, Cognitive Impairment.
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Resumen

Estrategias de anatomı́a computacional para la caracterización de patrones
cerebrales asociados a la enfermedad de Alzheimer

La enfermedad de Alzheimer (EA) es una de las fallas sistem�aticas del sistema nervioso m�as
complejas que se conocen. Los s��ntomas cl��nicos de esta enfermedad neurodegenerativa son
alteraciones de la cognici�on y el comportamiento que pueden conducir a la aparici�on de un
s��ndrome de demencia. Los mecanismos de la enfermedad que conducen a la neurodegen-
eraci�on y al deterioro cognitivo en la EA a�un no se conocen bien, lo que di�culta la predicci�on
de la evoluci�on cl��nica de los pacientes en las primeras fases de la EA. Actualmente, ning�un
biomarcador o examen es su�ciente para diagnosticar la EA y los instrumentos est�andar
existentes no son lo su�cientemente sensibles para detectar cambios sutiles, predecir el curso
cl��nico o reconocer presentaciones at��picas de EA. Esta tesis presenta dos estrategias de
anatom��a computacional destinadas a identi�car y cuanti�car los patrones de neurodegen-
eraci�on asociados a diferentes etapas cl��nicas a lo largo del continuo de la EA utilizando
dos modalidades diferentes de im�agenes de resonancia magn�etica. Una tercera contribuci�on
consiste en una estrategia guiada por datos para desarrollar un conjunto de puntajes es-
pec���cas por dominio que resultan �utiles para estimar el riesgo y predecir la progresi�on del
deterioro cognitivo leve a la demencia. La evaluaci�on de estas estrategias con m�etodos de
aprendizaje autom�atico y de inferencia estad��stica demuestra el potencial de las herramientas
cuantitativas propuestas para ayudar al manejo y el seguimiento cl��nico de los pacientes y
podr��a utilizarse para mejorar la evaluaci�on de posibles intervenciones que puedan modi�car
el curso de la enfermedad.

Palabras clave: Enfermedad de Alzheimer, Neuroim�agenes, Procesamiento de im�agenes
m�edicas, Im�agenes de Resonancia Magn�etica, Deterioro Cognitivo.
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Samenvatting

Computationele anatomie strategieën voor karakterisering van hersenpatronen
geassocieerd met de ziekte van Alzheimer

De ziekte van Alzheimer (AD) is een van de meest complexe systemische storingen van
het zenuwstelsel die bekend zijn. De klinische symptomen van deze neurodegeneratieve
ziekte zijn veranderingen in cognitie en gedrag die kunnen leiden tot het ontstaan van een
dementiesyndroom. De ziektemechanismen die leiden tot neurodegeneratie en cognitieve
stoornissen bij sporadische AD zijn nog niet goed begrepen, waardoor het moeilijk is om de
klinische progressie van pati�enten in de vroege stadia van het AD continu�um te voorspellen.
Momenteel is geen enkele biomarker of onderzoek voldoende om de diagnose AD te stellen en
de bestaande standaardinstrumenten zijn niet gevoelig genoeg om subtiele veranderingen te
detecteren, het klinische verloop te voorspellen en heterogene vormen van AD te herkennen.
Dit proefschrift presenteert twee computationele anatomiestrategie�en die gericht zijn op het
identi�ceren en kwanti�ceren van neurodegeneratiepatronen geassocieerd met verschillende
klinische stadia in het AD continu�um, gebruikmakend van twee verschillende modaliteiten
van magnetische resonantie beeldvorming. Een derde bijdrage bestaat uit een data-gestuurde
strategie om een reeks van domeinspeci�eke scores te ontwikkelen die bruikbaar zijn om het
risico in te schatten op en de progressie te voorspellen van milde cognitieve stoornissen naar
dementie. Evaluatie van deze strategie�en met machine-learning en statistische inferentie
methoden tonen het potentieel aan van de voorgestelde kwantitatieve instrumenten om het
klinisch management en de monitoring van pati�enten te helpen en zouden gebruikt kunnen
worden om de evaluatie van potenti�ele ziekte-modi�cerende interventies te verbeteren.

Sleutelwoorden: Ziekte van Alzheimer, Neurobeeldvorming, Medische Beeldverwerking,
Magnetische Resonantie Beeldvorming, Cognitieve Stoornis.
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1 Introduction

1.1 Alzheimer's disease dementia

Dementia is a syndrome characterized by the progressive deterioration of cognitive function
as a result of a brain disease. This syndrome can a�ect memory, thinking, judgment and
behavior up to the point people are unable to perform daily life activities and require constant
assistance for the rest of their life. The biggest known risk factor for a person to develop
dementia is ageing. A report combining multiple studies estimated the incidence of dementia
doubles with every 6.3 year increase in age [127]. The increased life expectancy and aging of
the general population have made of dementia a global public health concern. According to
global estimates, in 2016 there were 43:8 million individuals living with dementia worldwide
[117] and it is expected that by the year 2030 this number will reach 75 million [127]. In
addition to the associated mortality, most of the social and monetary impacts of dementia
stem from disability, posing an increasing burden on caregivers and healthcare systems.
The most common cause of dementia is Alzheimer's disease (AD), a neurodegenerative dis-
order with no e�ective disease-modifying treatment currently available [54, 108, 138]. This
disease is pathologically de�ned by the presence of Amyloid-� plaques and neuro�brillary
tau deposits [143, 78] associated with neuronal and synaptic loss (Figure1-1). Although
these processes might lead to cognitive impairment and dementia, Alzheimer's pathology
can be present in people who did not show symptoms during their lifetime [40].

(a) AD pathology (b) Healthy neuron

Figure 1-1: Illustration of AD pathology compared with healthy neural tissue. AD is de�ned
by the abnormal accumulation of two proteins that form extracellular Amyloid-�
plaques (in dark yellow), and intracellular tangles of tau (in blue). Image source:
National Institute on Aging, National Institutes of Health (NIA-NIH).

Excluding the genetic mutations that cause the early-onset hereditary AD and account for
less than 5% of AD cases, the etiology of late-onset AD is complex and poorly understood
[54]. Experts believe that Alzheimer's develops as a result of multiple factors such as genetic,
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lifestyle and environment. Besides ageing, other risk factors have been identi�ed, including
vascular diseases (e.g. hypertension, obesity), genetic susceptibility, and life-style factors
such as diet, physical and mental activity, alcohol consumption, and education level [143].
Traditionally, AD has been recognized in terms of its typical clinical manifestation, that is
the multi-domain amnestic dementia. This typical expression of AD is characterized by the
progressive deterioration of episodic memory and other cognitive domains such as language,
executive function, attention, and visuospatial abilities [172]. Examination of the brain in
autopsy-con�rmed cases of AD has shown a characteristic pattern for the location of AD
degeneration: initially, it appears in the entorhinal cortex progressing through the hippocam-
pus and medial temporal structures (Shown in Figure1-2), to eventually a�ect association
cortices [15, 114]. This neuropathological pathway correlates with the clinical picture of
typical AD which starts as an amnestic syndrome of the hippocampal type accompanied by
some impairment in executive functions or naming abilities [38].

(a) Hippocampus

(b) Medial Temporal Lobe (MTL)

Figure 1-2: Characteristic AD lesions have been found in the hippocampus and medial tem-
poral lobe. Atrophy of these brain areas has been recognized as a\topographical"
biomarker of AD.

Although the typical AD is the most frequent, some atypical presentations of AD have been
recognized. These atypical forms vary from the amnestic syndrome presenting a predomi-
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nant executive function impairment [167], aphasia and visuospatial dysfunctions [40]. The
existence of such atypical forms of AD has been con�rmed with neuropathological examina-
tions of brain tissue [114] and analyses of cortical atrophy patterns [36] �nding cases with
spared hippocampal atrophy but posterior cortical atrophy.
All the known clinical signs and symptoms of AD are related to disturbances in cognition
and behavior. Depending on the presentation and stage of the disease, one or multiple
cognitive domains can be a�ected. Such symptoms are evaluated with the neuropsychological
examination consisting of tests to assess the overall level of Cognitive Impairment (CI),
speci�c tests to detect alterations in particular domains like memory, and interviews with
the patient and relatives to grade the severity of dementia-like symptoms. The clinical onset
of AD is determined by the clinical diagnosis of dementia (or major neurocognitive disorders),
requiring the cognitive de�cits to interfere with the ability to perform everyday activities [6].
However, cognitive impairment can be detected before it compromises the daily functioning,
i.e. in a pre-dementia stage of the disease.

Mild cognitive impairment

When individuals show some cognitive decline in one or more cognitive domains, but this
decline does not interfere with their activities or behavior, they are diagnosed with mild
cognitive impairment (MCI). This broad category includes patients with similar clinical
features but a variety of di�erent causes including neurodegenerative disease such as AD,
psychiatric conditions like depression, or even side e�ects of certain medications can be
responsible for the perceived cognitive impairment.
Traditionally, MCI has been classi�ed into two sub-types: amnestic and non-amnestic [123],
depending on whether there is memory impairment or not. In non-amnestic MCI, cognitive
domains like language, visuospatial skills, or executive function show some impairment that
drives the distinction from normal ageing. Initially, amnestic MCI was thought to represent
a prodromal form of AD [123] but nowadays it is known that multiple pathologies can cause
amnestic MCI and not all AD cases show memory dysfunction at pre-clinical stages.
Although the group of subjects with amnestic MCI has a homogeneous clinical phenotype,
it is highly heterogeneous in terms of the underlying biology, compromise of other cognitive
domains, and speci�c domain decline trajectories [116, 42, 22]. This heterogeneity makes
it di�cult to predict clinical progression for MCI patients because they can progress to
dementia, remain stable or even revert to cognitively normal. That is also the reason why
identifying which individuals with MCI are more likely to develop AD dementia is a research
priority [149] and an active �eld of study [1].

Clinical diagnosis of AD

Clinical diagnosis of Alzheimer has been guided by the NINCDS-ADRDA (National Institute
of Neurological and Communicative Disorders and Stroke and the Alzheimer's Disease and
Related Disorders Association) criteria published in 1984 [107], it strati�es the con�dence
of the diagnosis in probable and de�nite depending on the level of certainty that dementia
syndrome is caused by Alzheimer's pathology:
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ˆ Probable AD: based on the diagnosis of dementia with progressive impairment of
memory and other cognitive functions with no presence of other diseases that can
cause cognitive de�cits.

ˆ De�nite AD: based on a diagnosis of probable AD while the patient was alive and
evidence of AD pathology from tissue examinationpost-mortem [75].

According to these criteria, the amnestic syndrome was a core feature for the clinical diag-
nosis of probable AD, recognizing only the typical manifestation of AD. Update proposals
for diagnostic criteria acknowledge the atypical forms of AD by including other clinical phe-
notypes di�erent from memory impairment [40].
Diagnosis criteria give the general guidelines to diagnose AD in clinical settings but the way
the guidelines are implemented is highly variable across medical facilities. The diagnosis of
dementia mainly relies on clinical examination and neuropsychological testing. However, the
diagnostic guidelines do not specify which tests or population standards should be applied,
therefore each medical center chooses the tests and cut-o�s used to ascertain whether the
patient's results are normal or abnormal. For example, a systematic analysis of the global
burden of dementia found 230 di�erent diagnostic procedures across 237 studies in the de-
mentia literature [117] and the main source of this heterogeneity is the use of di�erent tests
and cut-o� scores during cognitive screening.
Given the research advances to prove Alzheimer's pathology within vivo biomarkers, there
have been various proposals to include the use of biomarkers for AD diagnosis in dementia
[39, 40, 78] and pre-dementia stages of the disease [5, 41]. These recommendations are
specially useful in research settings where early detection of Alzheimer's pathology can be
part of the inclusion criteria for clinical trials.
The use of biomarkers for the \early" detection of AD pathology without symptoms of
dementia in clinical practice is a matter of current debate [144, 63, 76]. Considering that
there are not disease-modifying treatments available and it is not certain if the pathological
signs do inevitably lead to dementia syndrome, an early diagnosis of Alzheimer's could create
a psychological burden in patients that may never develop dementia [144].

Biomarkers for AD

The de�nite diagnosis of AD is done by the assessment of characteristic structural lesions
through the pathological examination of brain tissue. These characteristic lesions are formed
by abnormal accumulation of proteins, speci�cally: extracellular deposit of amyloid-� and
neuro�brillary tangles of the protein tau. The two proteins de�ne two groups ofin vivo
pathophysiological markers of Alzheimer's pathology [38, 78]:

ˆ Markers of amyloidosis: low levels of amyloid-� peptide 42 (A� 42) or A� 42/A � 02 ratio
in cerebrospinal 
uid (CSF), and high cortical binding values for positron emission
tomography (PET) with Pittsburgh compound B (PiB).

ˆ Markers of tauopathy: high CSF total tau (t-tau) and phosphorylated tau (P-tau),
and PET with tau ligands.
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These CSF and PET biomarkers have demonstrated to be correlated with the pathological
marks of AD: amyloid plaques and neuro�brillary tau deposits, however, they are largely
static and give little information about disease stage or progression [38].
Other biomarkers assess subsequent pathological brain changes related with AD progression
such as synaptic and neuronal loss. These include Fluorodeoxyglucose (FDG) - PET, which
measures glucose uptake and it is sensitive to neuronal dysfunction, and structural Magnetic
Resonance Imaging (MRI) to detect atrophy in certain areas such as the medial temporal
lobe (MTL) and hippocampus. Although these\topographical" biomarkers are less speci�c
for AD, they do correlate with disease severity [38], and can improve disease characterization
[40] and prediction of cognitive decline in MCI patients [78].
Biomarkers give evidence of Alzheimer's pathology and AD-related pathological changes in
any stage of the disease and MCI subjects with a combination of positive biomarkers are more
likely to progress to dementia than those with negative biomarkers [124, 143]. However, none
of them alone is su�cient enough to diagnose AD and the consistent �nding across studies is
that the combination of di�erent biomarkers signi�cantly improves the diagnostic accuracy
and prediction of future cognitive decline [40, 78, 51].
Although the use of biomarkers is widely accepted and implemented in research settings,
there are important concerns that prevent their extended use in general clinical practice.
First, almost all of them are subject to methodologic variations [41], in particular, CSF
biomarkers are highly variable across laboratories and techniques [124, 54], which makes it
di�cult to standardize cut-o� points for abnormality. Secondly, validation of the clinical
usefulness of biomarkers is still incomplete because most of the studies have been conducted
in selected samples that might not be representative of real-world populations [51, 18]. Lastly,
CSF and PET biomarkers are invasive and expensive, therefore the access to them is limited
in di�erent settings [5].
Biomarkers have opened up the possibility of detecting Alzheimer's pathology before any
cognitive symptom,i.e. at the preclinical stage. It should be noted that recent studies have
shown that most individuals with positive biomarkers for AD are not symptomatic [80] and
might remain cognitively healthy during their lifetime [63]. Under biomarker-based criteria
these subjects would be diagnosed with the disease without certainty they will actually de-
velop the dementia syndrome. Although this group of individuals, the ones with \preclinical
AD" [78] or \at risk of AD" [40], might be useful in clinical trials to test possible early inter-
ventions, a clinical diagnosis based only on biomarker positivity would pose an unnecessary
burden on them and their relatives [41, 144].

Physiopathology: the underlying chain of events

Despite all the scienti�c e�orts and advances during the last decades, there is little clarity
about the mechanisms that lead from the disease-de�ning proteinopathies to neurodegener-
ation and cognitive impairment [54, 167]. The underlying biological processes in AD are not
well understood and they are, probably, one of the most complex systematic malfunctions
of the nervous system that are known [73].
A large body of research, including disease-modifying trials, has been based on the amyloid
cascade hypothesis proposed almost 30 years ago [70]. According to this hypothesis, the
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abnormal aggregation of the amyloid-� peptide is the initial cause of a linear sequence of
pathological changes in AD: formation of macroscopic plaques and tau deposits, neurodegen-
eration, and cognitive impairment. Cross-sectional studies suggest that the entire process
from amyloid-� accumulation to the onset of dementia can take up to 20 years [161].
Aligned with the amyloid cascade hypothesis, a temporal model outlining the change of
biomarkers was postulated by Jack and colleagues [79]. According to this model, the �rst
biomarker to change is the CSF A� 42 followed by amyloid PET and CSF tau, then FDG-PET
and structural MRI become abnormal indicating neuronal injury and atrophy, and �nally,
the cognitive symptoms appear. Although this biomarker model recognizes that the two
proteinopathies might be initiated independently, it does incorporate the idea that amyloid-
� changes can accelerate antecedent tauopathy [79]. The basic structure of this model agrees
with the amyloid cascade hypothesis in the assumption that pathological changes occur in
a linear sequence initiated by amyloid-� accumulation.
The amyloid cascade hypothesis is supported by the observation that the genetic mutations
associated with the hereditary form of AD are also known to over-express amyloid-� [88].
Although this hypothesis might explain the physiopathology in hereditary AD, it is not
su�cient to explain the development of sporadic AD, which is the most prevalent form
of the disease (> 95% of cases). Growing evidence from animal models, human studies,
and failed clinical trials for disease-modifying therapies suggests that the relation between
amyloid-� accumulation and Alzheimer's dementia is not as direct as stated in the amyloid
cascade hypothesis [73, 88]. Studies based onpost-mortem tissue examination andin vivo
biomarker analysis have shown that a considerable amount of cognitively intact elder people
have amyloid aggregation in their brains that could be considered pathological [73, 80].
Additionally, the amount of amyloid-� plaques does not correlate with neurodegeneration
and cognitive decline [88]. With the available evidence, there is no de�nite explanation yet
for how the amyloid-� deposition could lead to neurodegeneration and cognitive impairment
[167].
Nowadays it is recognized that amyloid aggregation is not su�cient to cause AD and that
a complex interaction between multiple factors could be a better explanation than a simple
linear sequence model [73, 78]. The long list of evidence-based alternatives to the amyloid
cascade hypothesis favor other initial causes for AD (e.g., failure of autophagy, mitochondrial
function, cell cycle control, Ca2+ homeostasis) and consider multiple factors that may be
responsible for neuronal damage and cognitive impairment such as in
ammation, glucose
metabolism and DNA damage [73, 167, 94]. More research is needed to disentangle and
understand the biological mechanisms and pathological processes involved in sporadic AD
physiopathology [41], closing those gaps in knowledge are important to develop successful
disease-modifying treatments [54] and make more accurate predictions about progression at
the early stages of the disease.

Neuroanatomical changes

The common characteristic among most of the possible disease models is the �nal pathway
in which neurodegeneration is the pathological feature most proximate to cognitive decline
[78]. Recent studies support the observation that neurodegeneration is not the result of
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a linear cascade of events but the result of the interaction between multiple mechanisms
involving positive and negative feedback loops [167]. Accepted neurodegeneration biomarkers
capture di�erent scales of this process: FDG-PET and CSF total tau are indicators of
neuronal metabolism and damage [78, 38] while MRI biomarkers give information about
macro-structural atrophy of brain tissue. These MRI biomarkers are the ones that become
abnormal in the closest temporal proximity to the cognitive impairment, however, macro-
structural changes could be detected with structural MRI up to ten years before the onset
of clinical symptoms [163].
Early research with T1-weighted MRI established macro-structural landmarks of the disease
such as hippocampal and MTL atrophy [77, 142, 35], although these alterations are not
speci�c for AD [156, 48], they are nowadays accepted as topographical biomarkers for disease
staging and risk assessment [41, 78]. Longitudinal analyses of grey matter loss [160, 146] have
resulted in de�ned sequential patterns of cortical atrophy starting in temporal and limbic
cortices, particularly the entorhinal cortex, progressing with time to frontal and occipital
brain regions matching the trajectory of brain lesions observedpost-mortem, this pattern of
atrophy is observed �rst in the left hemisphere and occurs faster than in its right counterpart
[160, 169]. In the advanced stages of the disease, there is noticeable shrinkage in most
neocortical areas accompanied by signi�cant expansion of the ventricles.
Atrophy of the hippocampus and MTL are characteristic of typical AD that manifests pre-
dominately with memory impairment. Studies in relatively large samples of patients have
shown there is heterogeneity in cortical and subcortical grey matter atrophy patterns and
this heterogeneity is related to atypical manifestations or di�erences in compromised cogni-
tive domains [167, 171, 36, 43]. Research with structural MRI [175, 133, 158] has con�rmed
the existence of atrophy patterns that are consistent with the three subtypes that were de-
�ned pathologically [114]: typical AD, hippocampal-sparing AD, and limbic-predominant
AD. The observed heterogeneity supports the idea that there might be di�erent pathways
that lead to neurodegeneration [167], thus restricting the anatomical markers to independent
volumetric measures of very speci�c regions might be an oversimpli�cation that hampers the
identi�cation of patient subgroups.
Alzheimer's has been considered a grey matter disease because the de�ning brain lesions,
intra-neuronal neuro�brillary tangles and extracellular senile plaques, occur mainly in the
grey matter. However, there is evidence that pathological changes also occur in the white
matter [19], including abnormal levels of A� 42 observed inpost-mortem tissue examination
[23], regional atrophy [139], presence of lesions [141], reduction of microstructural integrity
[2, 7, 180, 61, 148, 110], and connectivity failures [85, 155]. White matter micro and macro-
structure can be examinedin vivo using di�erent modalities of MRI. Studies with Di�usion
Tensor Imaging (DTI) have revealed di�usion abnormalities in white matter regions such
as the splenium of the corpus callosum, superior, middle and inferior longitudinal fasciculi,
corticospinal tracts, and limbic system tracts including the fornix, cingulum bundle, and
parahippocampal gyrus [2, 37]. Although some works considered the white matter changes
a consequence of neuronal degeneration in the grey matter explained by Wallerian degenera-
tion, there is growing evidence suggesting that abnormalities in the white matter might occur
independently and could be detected before grey matter changes [23, 85]. These �ndings
support the idea that other pathological mechanisms like neuroin
ammation and prion-like
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propagation might play an important role in disease physiopathology [19, 85, 94].
Some MRI-based analyses have found that neuroanatomical changes in AD are related to
cognitive alterations. For instance, MTL atrophy is correlated with impairment in memory
and language [142, 68, 34, 158], and thickness of the parieto-occipital cortex is associated
with visuomotor speed [34], visuospatial and executive functioning [158]. Although such
correlations exist, and it is known that abrupt damage in certain brain areas can a�ect
speci�c cognitive functions, it would be inaccurate to attribute certain cognitive skills to a
single brain region. Nowadays it is recognized that complex brain functions involve a variety
of brain regions functionally connected, and that brain structures are involved in a wide
variety of cognitive and functional processes. In this context, the initial neurodegeneration
in particular areas might not be enough to cause the characteristic AD decline in speci�c
cognitive functions, and that failures in the functional networks could be the ones responsible
for clinical symptoms [85].

Measuring disease outcomes

Clinical stages of the disease are de�ned by the severity of the symptoms,i.e., the level of
cognitive and functional impairment. Therefore, evolution of AD is assessed with neuropsy-
chological tests which evaluate the cognitive abilities and behavior of the patient. Some
of the most used scales to determine the severity of the disease are the Clinical Dementia
Rating (CDR) [112], and the Alzheimer's Disease Assessment Scale - Cognition (ADAS-Cog)
[134]. The neuropsychological test battery used for diagnosis and monitoring also includes
screening tests to measure the overall cognition such as the Mini{Mental State Examination
(MMSE) [47] and the Montreal Cognitive Assessment (MoCA) [115]; tests to assess the com-
promise of speci�c cognitive domains like the Rey auditory verbal learning test (AVLT), the
Logical Memory test [170], the Clock Drawing test [64], the Category Fluency test [113], and
the Trail Making test [131]; and tests to evaluate the ability to perform everyday activities
such as the Functional Assessment Questionnaire (FAQ)[125]. It is important to point out
that the neuropsychological tests are the �rst clinical tests a patient is subject to when there
are suspicions of cognitive decline or self-reported memory concern. Therefore these tests
are the entry point to other assessments such as evaluation of neuroimages, biomarkers, risk
factors, and longitudinal monitoring of cognition and behavior.
Level of cognitive decline determines the disease severity and marks two of the disease
milestones: diagnosis of MCI and dementia onset. Monitoring the small cognitive changes
consistent with disease progression is a challenging task due to the existence of a long clini-
cally silent phase in AD [63], combined with a large variety of temporary factors that could
also alter cognitive performance in individuals with or without the disease. This issue is
particularly relevant in the design of clinical trial for disease-modifying interventions where
outcome measures, or end points, are de�ned to assess the e�ectiveness of the intervention.
Indeed, one of the possible reasons for the long list of failed disease-modifying trials could be
the poor performance of outcome measures to detect cognitive changes due to low sensitivity
and high measurement variance [108, 138].
Although there are no standard measures for clinical outcomes, and di�erent assessments
from the neuropsychological test battery have been used across clinical trials [54], one of the
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most widely used measures is the ADAS-Cog [138]. This test evaluates multiple cognitive
areas and combines the results to give a single number that should indicate the level of
overall cognitive impairment. However, some studies have showed that the ADAS-Cog has:
low reliability for measuring cognitive change [67], high variance due to measurement errors,
ceiling e�ects of its sub-scores, and it is insensitive for patients in mild stages [108, 90, 138].
Improved measures of disease outcomes should be:

ˆ Robust and sensitive enough to detect cognitive changes at early stages [4].

ˆ Include parts that would be sensitive for heterogeneous forms of AD [51].

ˆ Useful to make predictions about patients' progression and evaluate the risk of devel-
oping dementia.

Problem

A lot of unknowns

In sporadic AD, the causes of the disease are largely unknown, the biological mechanisms
that lead from proteinopathies to cognitive impairment are unclear [167, 144], the complexity
and heterogeneity of those mechanisms are not well understood yet [54], and the transition
between what is considered healthy, or normal, ageing and AD is not well de�ned [4]. There
is also no certainty about whether someone with the AD pathological signs will develop some
cognitive impairment during their lifetime [144], neither about whether a patient with MCI
could go back to cognitively normal, will remain as MCI or progress to dementia.
Although there are accepted biomarkers for diagnosis and monitoring, not a single one is
su�cient to diagnose AD or predict disease progression [40, 78, 51]. Moreover, it remains un-
clear what are thresholds, anatomical distributions, or combinations of abnormal biomarkers
that better predict the emergence and evolution of clinical symptoms [4].

What is needed

Existing instruments for patient evaluation and monitoring are not sensitive enough to detect
subtle changes, predict progression, and recognize heterogeneous forms of AD. Although
there have been several advances in this �eld, more research is needed to develop and validate
markers that help to identify disease patterns or pro�les that could predict the clinical course
of the disease [149, 4].
Better markers and strategies to identify and quantify the pathological brain changes oc-
curring with disease progression have the potential to impact the clinical management of
patients, the design of clinical trials for disease-modifying treatments, improve the assess-
ment of e�ectiveness for those interventions, and will open the doors to precision medicine
[158, 63].
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1.2 Computational anatomy in AD

Thanks to their noninvasive nature and increasing availability, MR image modalities have
been a tremendous source of information to study brain anatomy abnormalities related with
neurodegenerative diseases [10]. AsT1-weighted MRI provides good contrast between tissues,
it has been widely used to analyse and localize macrostructural changes in AD such as volume
loss or shrinkage of the cortex [52].

Regional volumetry

MR-based volumetry of the hippocampus and MTL are nowadays accepted as topographical
biomarkers for AD. Measuring the volume of speci�c structures is completely dependent
on their segmentation. In particular for the hippocampus, its manual segmentation is time
consuming, requires extensive training and su�ers of high inter-observer variability [8]. For
this reason some studies have proposed automatic or semi-automatic segmentation methods
[24, 21, 98], or indirect measures of hippocampal atrophy [8], as alternatives to manual
delineation of this structure [35]. Volume measures of larger sets of regions can also give
information to better characterize the disease, several studies have used automated tools to
estimate the volume and cortical thickness of anatomical regions of interest, and analyse
which regions help better to discriminate between patients and healthy controls [96, 33, 128,
71, 145, 150]. Most of these strategies rely on pre-de�ned segmentation of an anatomical
template that is then registered to each brain image. Although this process could potentially
a�ect the accuracy of the segmentation, results have shown that volumetric and cortical
measures obtained with these approaches can be e�ectively used to distinguish between
patients and healthy controls usingT1-weighted MRI acquired in realistic clinical settings
[33, 145, 176].

Voxel-based morphometry

Voxel-based morphometry (VBM) [9] is one of the most common frameworks to perform
statistical inference with brain images. The VBM approach can be divided in three key
steps:

1. Spatial Normalisation: Registration of all images to a common reference space
de�ned by a template image.

2. Tissue segmentation: Spatially normalised images are segmented into grey matter
(GM), white matter (WM), and CSF. Tissue segmentation maps are often smoothed
with a Gaussian kernel to boost the signal-to-noise ratio and alleviate the e�ect of
registration misalignments during spatial normalisation.

3. Statistical analysis: Test statistic values are computed at each image voxel resulting
in a \statistical parametric map", and �nally the corresponding p-values for the tested
hypothesis are calculated. This last step needs to take into account that multiple tests
are being performed simultaneously (one test per voxel) and resultingp-values need to
be corrected accordingly to control for false positives.
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These steps of standard VBM are illustrated in Figure1-3.

Figure 1-3: Steps involved in voxel-based morphometry (VBM), originally described by Ash-
burner and Friston [9] to compare the local concentrations of grey matter (GM)
between groups of subjects. The VBM approach starts with the spatial normal-
isation of brain images by registering all of them to a template image. Having
the warping from subject to template (W), spatially normalised GM map can be
obtained by segmenting normalised images or transforming the GM segmenta-
tions [91]. Then, GM maps are �ltered with a Gaussian kernel and �nally these
smoothed GM maps are the inputs for voxel-wise statistical inference.

In AD research, VBM has been applied mainly to �nd GM di�erences between AD or MCI
patients and healthy controls [68, 109, 163]. Some studies have combined the VBM approach
with machine learning methods to automatically classify structural images between AD,
MCI and controls or predict progression from MCI to AD dementia. In these approaches,
the spatially normalised tissue segmentation maps have been used directly as the inputs of
a classi�er [89, 27], or have served as an intermediate processing step before dimensionality
reduction and feature selection for classi�cation [29, 168, 109, 101, 28, 111, 181, 13].
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Other features extracted from structural MRI

Multiple image-based markers for AD diagnosis and monitoring have been proposed and
tested in the literature employing traditional image processing methods. In 1998, Freebor-
ough and Fox published a study relying on texture analysis ofT1-weighted MRI [49] using
texture features calculated from the grey level co-occurrence matrix (GLCM) [69] of 2D
image slices, this proposal showed promising classi�cation performance when distinguish-
ing between AD patients and controls. Similar texture analysis in the corpus callosum
and thalamus also showed signi�cant di�erences between patients diagnosed with mild AD,
amnestic MCI and normal ageing controls [30]. In the same direction, 3D texture markers of
the hippocampus have also showed good results classifying between AD, MCI and controls
[179, 153].
Shape analysis has been also proposed as a potential image-based marker for AD diagnosis
and prognosis. Particularly for sub-cortical structures such as the hippocampus, it was
demonstrated that shape features outperform volumetric measures in AD vs controls and
MCI vs controls classi�cation tasks [55] and that shape asymmetries are better predictors of
dementia onset than size asymmetries [169]. An additional group of proposals includes those
inspired by pattern recognition methods such as saliency analysis to �nd scale-invariant
descriptors [162, 137], and pattern matching techniques [126]. All of these also reported
competitive classi�cation performance between AD and controls.

Automatic classi�cation of structural MRI

Markers for disease diagnosis and prognosis extracted from structural MRI are often eval-
uated by using them as inputs for one or more of the following binary classi�cation tasks:
cognitively normal (CN) elderly subjects against MCI patients, CN against AD dementia pa-
tients, and stable MCI patients against patients who progressed from MCI to AD dementia
(sMCI/pMCI). A relatively recent review [130] summarised the reported classi�cation per-
formance of di�erent methods usingT1-weighted MRI and other brain imaging modalities.
Table 1-1 present the reported accuracy in some of the previously mentioned works.
Most of the time, direct comparison of classi�cation performance between proposed methods
is not possible due to their design and methodological di�erences in terms of sample size,
group selection, inclusion criteria, pre-processing pipelines, cross-validation schemes, and
reported evaluation metrics [140]. A couple of studies have performed a direct comparison
of di�erent methods by using the same dataset and pre-processing to test pre-de�ned clas-
si�cation or prediction tasks [27, 17, 104]. For instance, Cuingnetet al. [27] evaluated the
classi�cation performance of ten approaches usingT1-weighted MRI of 509 subjects from
the Alzheimer's Disease Neuroimaging Initiative (ADNI). For CN vs AD classi�cation, the
best performance metrics (81% sensitivity and 95% speci�city) were achieved by using the
voxels of the GM probabilistic segmentation map directly as features for classi�cation [89].
For CN vs MCI, the best classi�cation results (73% sensitivity and 85% speci�city) were
obtained by a method performing downsampling of the GM probability map and selection
of the voxel locations which better discriminate between AD and CN to �nally use that in-
formation for classi�cation [168]. A more recent challenge [17] compared several methods for
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Authors
Classi�cation accuracy

CN/AD CN/MCI sMCI/pMCI

Kl•oppel et al., 2008 [89] 81.1 % - -

Fan et al., 2008 [46] 94.3 % - -

McEvoy et al., 2009 [106] 89.0 % - -

Magnin et al., 2009 [101] 94.5 % - -

Ruedaet al., 2014 [137] 86.1 % - % -

Beheshti and Demirel, 2016 [13] 89.7 % - -

Davatzikos et al., 2008 [29] - 90.0 % -

Misra et al., 2009 [109] - - 81.5 %

Desikanet al., 2009 [33] 95.0 % 95.0 % -

Gerardin et al., 2009 [55] 94.0 % 83.0 % -

Sorensenet al., 2016 [153] 91.2 % 76.4 % 74.2 %

Table 1-1: Reported accuracy for each binary classi�cation of some works in the literature
using structural MRI. Adapted from Rathore et al., 2017 [130].

multi-class classi�cation in three diagnostic groups (AD, MCI, and CN) with 354 previously
unseenT1-weighted MRI, the best performance (63% accuracy and 78:8% Area under the
ROC-curve) was achieved by a method combining �ve types of features: volume of seven
bilaterally joined regions (including the whole brain), cortical thickness of four lobes and the
cingulate gyrus, and hippocampal volume, shape and texture scores. [152].

Examining the tissue microstructural properties

Macrostructural atrophy caused by AD is accompanied, or preceded, by microstructural
changes of tissue integrity. By measuring the di�usion of water molecules in di�erent direc-
tions, Di�usion-weighted (DW) MRI provides information about the microstructural barriers
of di�usion such as myelin sheaths, axonal and cell membranes. This imaging modality has
the unique potential to reveal the organization of tissue at a cellular-scalein vivo and non-
invasively [164].

Early studies investigating disease-related abnormalities with DW-MRI used the apparent
di�usion coe�cient ( ADC ), a parameter of the free di�usion model where isotropic Gaussian
di�usion is assumed. In this simple model, the di�usion signalS depends on the applied
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di�usion weight ( b-value):

S(b) = S(0)e� b� ADC

ADC = �
1
b

ln
�

S(b)
S(0)

�
(1-1)

The ADC summarizes at voxel level many microscopic processes that a�ect the di�usion of
water molecules [92], hence it captures the alterations resulting from microstructural changes.
In the case of AD, one particular study reported that higherADC in the hippocampus was
related to a higher risk of progression from amnestic MCI to AD dementia [86].
The di�usion tensor (DT) model [12] is an extension of the ADC model that incorporates
the dependency of the di�usion signal on the directionsu 2 S 2 of the magnetic �eld gradient
applied during image acquisition, being able to describe anisotropic di�usion:

S(b; u) = S(0)e� buT Du (1-2)

Where the di�usion tensorD is a 3� 3 symmetric positive-de�nite matrix that has associated
three orthogonal eigenvectors and three positive eigenvalues� 1; � 2 and � 3. This di�usion
tensor is often represented by a 3D ellipsoid as in Figure1-4.

Figure 1-4: A di�usion tensor models the signal in each voxel of the Di�usion-weighted MRI,
this is commonly known as Di�usion Tensor Imaging (DTI).

The eigenvalues of the di�usion tensor are used to compute some measures such as the frac-
tional anisotropy (FA), mean di�usivity ( MD ), axial di�usivity ( AD ), and radial di�usivity
(RD ):

FA =

s
(� 1 � � 2)2 + ( � 2 � � 3)2 + ( � 3 � � 1)2

2(� 2
1 + � 2

2 + � 2
3)

MD =
� 1 + � 2 + � 3

3
AD = � 1

RD =
� 2 + � 3

2

(1-3)
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