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Résumé

En imagerie médicale computationnelle, l’analyse statistique des déformations per-
met de caractériser les effets des maladies neurodégénératives sur la morphologie
cérébrale. Elle soulève cependant des problèmes méthodologiques spécifiques et
l’interprétation des résultats reste complexe. L’objectif de cette thèse est de mettre
en place un cadre méthodologique et applicatif permettant une meilleure interpré-
tation clinique des résultats.

Dans la première partie, nous proposons un modèle joint des effets du vieillisse-
ment et de la maladie d’Alzheimer sur le cerveau. Le modèle propose une description
simple des deux processus et peut être utilisé pour générer des évolutions réalistes
et personnalisées pour divers diagnostics.

Dans la seconde partie, une analyse statistique morphométrique est réalisée dans
le cadre de l’essai clinique MAPT. Un effet de l’intervention multidomaine sur la
morphologie cérébrale est mis en évidence en multivariée alors qu’il n’est pas di-
rectement observable sur les variables cliniques ou les mesures volumétriques. Nous
montrons que ces différences associées au traitement sont corrélées à de meilleures
performances cognitives.

La troisième partie détaille plus en profondeur la méthodologie statistique util-
isée. Il s’agit d’un cadre général de test d’hypothèse à partir d’images multivariées
qui généralise les outils non paramétriques existants et requiert peu d’hypothèses
pour être appliqué.

Enfin, la dernière partie explore les relations existantes entre la morpholo-
gie cérébrale et la cognition chez les personnes âgées. Les corrélations spatiales
et les schémas d’évolution observés suggèrent l’existence de plusieurs dynamiques
d’évolutions.

Mots-clés : morphométrie, vieillissement, maladie d’Alzheimer,
IRM, modèles longitudinaux, statistiques multivariées



Abstract

In medical imaging, the statistical analysis of deformations enables the characteriza-
tion of the effects of neurodegenerative diseases on the brain morphology. Deforma-
tions are able to capture precise changes but their analysis raises specific method-
ological challenges and the results may be difficult to interpret. The objective of
this thesis is to present deformation-based methods and to show applications that
contribute towards a better clinical interpretation of morphological changes.

In the first part, we introduce a joint model of the effects of normal aging and
Alzheimer’s disease on the brain morphology. The model proposes a simple descrip-
tion of both processes and is used to generate realistic and personalized evolutions
under several diagnosis conditions.

In the second part, a morphometric study is conducted on the MAPT cohort. We
bring out an effect of the multidomain intervention on the longitudinal deformation
of the brain using multivariate statistics. This effect is not observable using clinical
assessments or volumetric measures, but we show that the differences associated
with the treatment are correlated with better cognitive performance.

The third part extends the statistical methodology used in the second part.
A complete hypothesis testing framework for multivariate images is presented. It
generalizes existing non-parametric frameworks and requires few hypothesis on the
data to be applied.

Finally the last part builds on the methodology of the previous sections to ex-
plore the relation between morphology and cognition in elderly subjects. The spatial
correlations and the patterns of evolution described in this section suggest the ex-
istence of several dynamics of evolutions that are associated with specific cognitive
changes.

Keywords: morphometry, aging, Alzheimer’s disease, MRI, longi-
tudinal models, multivariate statistical analysis
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Context and objectives
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1.1 Age related neurological disorders

Age-related neurological disorders are a growing public-health concern with the ag-
ing of the population (National Institute of Aging, 2019). Life expectancy is increas-
ing and the risk of developing a neurodegenerative disease dramatically increases
with age. For example, the proportion of people with Alzheimer’s disease (AD)
doubles every 5 years above age 65 and about one third of people older than 85 may
be affected.

1.1.1 Alzheimer’s disease

Alzheimer’s disease is the most common form of dementia for older adults. It pro-
gressively destroys memory, reasoning, language and eventually disrupts the ability
to carry even the simplest tasks and to have normal social interactions. The symp-
toms of the disease were first described by Dr A. Alzheimer in 1906. Since then,
many progresses have been done on the understanding of the disease and its char-
acteristics (Alzheimer’s Association and others, 2017).

The first changes associated with AD are visible at the cellular level with, in
particular, an abnormal accumulation of beta-amyloid 42 protein between neurons,
forming plaques that can disrupt normal metabolism. In the mean time, another
abnormal accumulation of a protein called tau is observed inside the cells. These
accumulations in conjunction with other factors (such as inflammation or vascular
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problem) further injure the neurons and disrupt the normal axonal and the synaptic
communication. Finally, these dysfunctions directly result in a massive increase of
the cell death rate.

These deaths and the structural changes affecting the neurons are visible at a
macroscopic level with regions of the brain shrinking. This atrophy is widespread
in the brain but not uniformly distributed. Beyond the most used atrophy markers
that are generally measured in the hippocampi, the atrophy is also characterized
in the enthorinal cortex and most of the neocortex along a temporo-parietal-frontal
trajectory. The changes are also visible in the white matter (through white matter
tract abnormality) and in subcortical structure such as the amygdala and the tha-
lamus (Pini et al., 2016). However these symptoms and their progression can differ
between patients and the structural changes are often used has a complementary
diagnosis tool.

Finally, the degradation of the functioning of the brain is reflected in the cog-
nition with memory decline, language impairment, and emotional and behavioral
changes. As the disease progresses, the general condition declines making constant
care often necessary, and leading to the death of the patient.

1.1.2 Toward a better understanding of disease progression

The causes and origins of the disease and the mechanisms involved are not fully
understood yet. Several risk factors have been identified regarding the genetic (in
particular for the early-onset familial AD or relatively the APOE gene for late-onset
AD) or the general health and vascular conditions but the precise characterization
of the proceedings of the disease is still under investigation. As of today, the only
available treatments aim to slow down the progression of the cognitive symptoms for
some patients. Eventually the objective would be to identify an eventual treatment
or some prevention actions.

Time plays a central role in the development of neurodegenerative diseases. First,
age can be considered as the first risk factor and it is associated with the general
effect of time on the body and the mind. Second, these diseases develop over several
decade and the evolution between the first signs and the terminal stages can last
over 20 years. These aspects have emphasized the importance of the description of
the evolution for the prognosis (the prediction of the evolution) and the prevention
of the disease.

From the practical point of view, longitudinal studies have been conducted to
follow a cohort of subjects over several years. The longitudinal follow-up gives an
intrinsic control on the individual variability that can be leveraged to refine the cross-
sectional observations. The understanding of the individual evolution is crucial to
design potential treatment, assess their efficacy in clinical trial and eventually predict
the future progression of the patient to propose a personalized response.
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1.2 Brain morphometry

The brain is a complex organ that can be described at many scales and from many
points of view. It contains billions of neurons with their own metabolism that
communicate between them and with the rest of the body through electrical and
chemical signals in a huge interconnected network. The brain is also the central
place for the consciousness and more generally all the cognitive activities.

The study of the brain is made even more complicated by the fact that the object
of interest is inside the skull of a living person and is by consequence not easily acces-
sible. Post-mortem dissections and histological analyses were crucial to describe the
anatomy of the brain and remain important to understand, for instance, the neural
mechanisms involved in AD (Ikonomovic et al., 2008). Animal model can also help
understanding the brain (Roy et al., 2016). More significantly neuroimaging tech-
niques make it possible to virtually explore the brain and give direct insights about
its structure and its activity. Many different modalities are now available, each
one informing us about different aspects. These modalities cover some metabolic
function using Positron-Emission Tomography (PET), the functional activity of the
cells for electroencephalography (EEG) or functional MRI, the tissue structure us-
ing diffusion imaging for example and the anatomy with specificity related to each
modality.

In this work, we focus on the morphological changes affecting the brain. We
will then introduce, in this section, morphometric approaches that deal with the
assessments and the description of the shape of the brain and its evolution.

1.2.1 Segmentation-based approaches

The first step is to have a good description of the anatomy of the brain. Anatomi-
cal descriptions of the brain can be found since ancient Egypt. Nowadays, modern
anatomical atlases built from histological sections are complete and precise (Ta-
lairach, 1988; Mai et al., 2015). These maps give accurate delineations or segmenta-
tions of cortical and subcortical area that can be adapted to subject-specific data.

Nevertheless the manual segmentation of the whole brain or even of a single
structure is time-consuming. In the last decades segmentation softwares were pro-
posed to automatically or semi-automatically perform this task usually using the
manually defined atlas as a prior to their segmentation. The focus of segmentation
software can be diverse: whole brain segmentation (Fischl et al., 2002; Manjón and
Coupé, 2016), tissue classification with a focus on WM/GM (Ashburner and Fris-
ton, 2005) or specialized in in a substructure such as the hippocampus (Carmichael
et al., 2005; van der Lijn et al., 2008; Coupé et al., 2011).

From these segmentations it is easy to derive measurements that characterize
these anatomical regions of interest (some measures can be computed without a real
segmentation, for example with landmarks, but the idea is similar). The most com-
mon measures are arguably sub-cortical volumes and cortical thicknesses but more
complex indicators can be designed such as the cortex curvature or folding (Pereira
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et al., 2012).
Thanks to the availability of software providing brain analysis methods, these

measures can be nowadays reproduced, evaluated and benchmarkerd in different
applications. Their clinical use is still limited but these measures can be com-
pared between subjects or groups and have been proven useful to monitor the brain
evolution, characterize disease progression or to assist early-diagnostic of neurode-
generative diseases (Devanand et al., 2007; Colliot et al., 2008; Risacher et al., 2010;
Coupé, 2018).

However, even if these approaches offer valuable quantitative assessments, they
also show some limitations related to their design: some regions are harder to seg-
ment and are by consequence under-studied, scalar markers are unable to fully
characterize the shape of a brain structure, and the resolution of the description
is limited by the available segmentations. By consequence, many alternatives have
been proposed in the last decades.

1.2.2 Voxel-wise morphometry and deformation modeling

The use of high-resolution digital images leads to a family of techniques that process
the full images voxel-wise. These methods do not rely on a priori defined regions
but aim for a description at the voxel level. The most important example is cer-
tainly the voxel-based morphometry (VBM) methods for the statistical comparison
of gray matter density map (Ashburner and Friston, 2000), but similar approaches
are commonly applied to various imaging data such as PET amyloid (Kemppainen
et al., 2006) or fMRI (Liu et al., 2008).

In parallel of these methods focusing on the comparison of voxel intensities,
some approaches aim at describing the morphological deformation that transform
one brain into another one (Ashburner et al., 1998; Arsigny et al., 2006; Zhang et al.,
2010). Deformation-based morphometry requires more accurate and higher resolu-
tion estimations of the deformations but is able to explicitly model the differences
and to describe some subtle local changes.

The dichotomy between voxel-based and deformation-based methods is not ab-
solute. Most VBM approaches use non-linear deformations to normalize the images
(using modulation for example to take into account the deformation) (Hutton et al.,
2009). Likewise, deformation-based approaches go beyond the local comparisons of
deformation fields and are able to describe global shape changes (Cury et al., 2016)
or to spatially normalize manifold valued data (Qiu et al., 2007; Koval et al., 2017).

1.2.3 The stationary velocity field framework

The work presented in this thesis is centered around deformation-based morphome-
try. More specificly, the deformation framework used is based on an parametrization
of diffeomorphisms using stationary velocity fields (Arsigny et al., 2006). In this
setting, smooth and reversible deformations that spatially align the anatomies are
estimated through non-linear registration (Lorenzi and Pennec, 2014) between pairs



1.3. General objective 5

of images. These deformations are fully parametrized by the flow of a stationary
velocity field (SVF). This approach is similar to the Large Deformation Metric Map-
ping (LDDMM) framework (Beg et al., 2005) but no metric between deformations
is chosen a priori (even if we need a regularization criterion for the registration).
To compute a deformation φ we integrate trajectories along the vector field v for a
unit of time.

φ(x) = φ1(x) =

∫ 1

0
v(φt(x))dt with φ0 = Id.

From these deformations it is possible to compute the corresponding volume
changes locally in the brain (Lorenzi et al., 2013), but it is also possible to analyze
the longitudinal intra-subject evolutions directly in the deformation space using
the SVFs transported in a common reference space where they can be compared. A
more complete description and discussion about the complete processing pipeline for
the comparison of longitudinal evolution is described in (Hadj-Hamou et al., 2016).
During this thesis, some practical contributions to this pipeline were developed; they
are summarized in Appendix A.

1.3 General objective

With this thesis, we aim at contributing to the description of the longitudinal evo-
lution of the brain in aging and in Alzheimer’s disease with a focus on the mor-
phological changes. The description of AD symptoms shows a complex entangling
of multiple mechanisms that unroll over several decades and some of them are re-
flected by morphological changes very early in the course of the disease. Moreover,
mathematical and algorithmic tools in morphometry provide a large spectrum of
well-established quantitative approaches that have been proven useful to study AD.

Our objective is to develop new approaches for the characterizations of the mor-
phological changes that leverage on the versatility of deformation-based modeling
to propose simple but extensive descriptions that go beyond simple volumetric mea-
sures. The idea is that the deformations could reflect cellular structural change that
are not captured using simpler scalar assessments and that they consequently could
help precise the clinical assessment of the disease progression.

We also consider that the relation with aging and the temporality of the disease
are central key-points to the understanding of the brain evolution. To this end,
we focus on longitudinal analysis and we draw on the existing databases of images
acquired over several years to characterize the disease progression. Regarding the
clinical applications, the problem is twofold: the description of the population-wise
trends is interesting to understand the disease or to the conduct clinical trials but, in
general, the clinical practice aims to take into account the specificity of the subject
evolution in regard of the general model of the disease.
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1.4 Manuscript organization and contributions

Each of the 4 chapters of this manuscript addresses different aspects of our main
objective. We introduce here the focus and the contributions of each part.

First, in chapter 2, we consider the problem of the modeling of the morphological
evolution. The proposed deformation-based generative model aims to jointly take
into account normal aging and AD, and to fill the gap between the short-term
individual observations and the long-term disease evolution.

Relatively to this descriptive model, the next chapters are more related to ex-
ploratory approaches. Statistical analysis of the images proved crucial to charac-
terized the changes associated with Alzheimer’s disease. In chapter 3, we apply
morphometric methods to the MAPT clinical trial to assess the potential effect of
clinical interventions. The multivariate analysis of the deformations reveals an ef-
fect that is not visible with traditional approaches. This leads us to the general
hypothesis testing framework for multivariate images that we present in chapter 4.
This framework enables the statistical analysis of deformations or complex imaging
data in various contexts.

This framework is in particular used in chapter 5 to explore the relations between
brain morphology and cognition. This last chapter concludes our thesis by opening
perspectives towards a more inclusive description of the brain changes that takes
into account, in addition to the morphology, other clinically relevant variables.

We now summarize each chapter individually and recall their main contributions.

Modeling the effects of aging and Alzheimer’s disease on the brain mor-
phology. The morphological aging of the brain and disease progression have gen-
erally been modeled independently even though they involve intertwined processes,
and their consequences may affect the same structural features of the brain. In chap-
ter 2, we introduce a deformation-based framework to jointly model the influence
of aging and Alzheimer’s disease on the brain morphological evolution. The model
is used to describe the spatio-temporal evolution of both processes and to define
two cross-sectional progression markers: 1) a morphological age and 2) a disease
score. The longitudinal evolution of these markers is then studied in relation with
the clinical diagnosis of the subjects and used to generate possible morphological
evolutions.

We show that the joint modeling of normal and pathological evolutions using
deformations leads to promising results to describe age-related brain diseases over
long time scales. Our generative model is simplistic but the markers are able to
confirm the presence of an accelerated apparent aging component in Alzheimer’s
patients and to highlight specific morphological changes that can help discriminate
clinical conditions, even in prodromal stages.

The main contributions developed in this part are:

• We disentangle aging and disease progression for elderly patients. We pro-
pose a simple description of the brain morphological evolution using only two
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interpretable image-based progression markers: the morphological age and a
disease score.

• These markers are cross-sectional assessments and are consistent for intra-
subject longitudinal analyses. They can be seen as alternative aging measure-
ments compatible with ongoing biological processes.

• We show that the markers and the generative model can be used in a person-
alized image simulation setting. The framework allows us to generate smooth
and realistic evolutions for several diagnosis conditions.

This chapter is based on the work published in A model of brain morphological
changes related to aging and Alzheimer’s disease from cross-sectional assessments,
Raphaël Sivera, Hervé Delingette, Marco Lorenzi, Xavier Pennec, and Nicholas Ay-
ache. NeuroImage, 2019.

Morphometry for the MAPT clinical trial. In chapter 3, a complete mor-
phometrical analysis is conducted in the context of the MAPT study.

The Multidomain Alzheimer Preventive Trial (MAPT) was designed to assess
the effect of an omega-3 supplementation and a multidomain intervention (physical
activity, cognitive training and nutritional advice) on cognitive decline of people with
subjective memory complaint. In term of cognitive testing, no significant effect on
cognitive decline was found.

The objective of this chapter is to assess an eventual effect of the interventions on
the evolution of the brain morphology using the MR images acquired during MAPT.
The morphological changes are assessed from volume measurements of regions of
interest and a voxel-wise deformation-based approach that was specificly developed
for this problem.

We find that the multi-domain intervention is associated with a significant effect
on the 3-year morphological evolution. The voxel-wise deformation-based approach
shows that the differences are mainly located in the left peri-ventricular area next to
the temporo-parietal junction. These morphological changes correspond to a slower
morphological evolution and are correlated with a better performance in cognitive
assessments. These results could not be observed using the volumetric morphometry
approach. We argue that the use of neuroimaging could help better define early
intervention strategies that are effective to delay cognitive decline and dementia.

The main contributions developed in this part are:

• A significant effect of the multidomain intervention on the brain morphology
is found.

• We are able to relate this effect to a slower morphological evolution and better
performance in cognitive assessments.

• From the methodological standpoint, this work illustrates the fact that the
statistical analysis of longitudinal deformations is able to discriminate condi-
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tions more precisely than segmentation-based approaches even without priors
on the affected areas.

This work have been submitted and is under-review: Voxel based assessments of
treatment effects on brain evolution in the MAPT cohort, Raphaël Sivera, Nicolas
Capet, Valeria Manera, Roxane Fabre, Marco Lorenzi, Hervé Delingette, Xavier
Pennec, and Nicholas Ayache. submitted to Neurobiology of Aging, 2019.

Statistical framework for the analysis of deformation. The statistical anal-
ysis of the deformations was central in the Chapter 3 to characterize the effect of
the treatments in the MAPT study. However, the focus was on the description of
the results and their clinical implications. The methodological contributions were
then secondary. Nonetheless, because the causes of AD are not fully understood
and because no treatment is available yet, the development of general approaches
that can be easily adapted to new problems is a important challenge.

Voxel-wise statistical analysis for scalar images is a well-established domain in
medical imaging. However, the usual approaches are limited in their characterization
of the morphological changes and the analysis of the multivariate fields parametriz-
ing the deformations raises new issues and challenges.

In this context, Chapter 4 describes the general mass-multivariate statistical test-
ing framework for multivariate images that was used in Chapter 3. The framework
is useful to characterize patterns at the population level and to highlight differences
related to clinical variables. We present the theoretical foundations of the frame-
work, detail the methodology and explore the importance of the main parameters of
the approach. The question of the treatment effect in the MAPT study (introduced
in Chapter 3) is used as the main illustration.

The main contributions developed in this part are:

• We present a complete framework for permutation-based hypothesis testing in
multivariate images.

• We open several alternatives to the standard statistical analyses.

• No hypothesis on the data is required making it widely applicable in various
context.

Relations between cognition and morphology. One of the main issue en-
countered in the first chapters is the interpretation of the observed morphological
deformations. Measuring the deformations is a challenging task and the results may
be method dependent. Then, the spatial interpretation is made even more complex
by the inter-connectivity of brain areas and because the local information given by
the displacements is not directly interpretable. If the deformations are not fully
meaningful by themselves maybe the solution is to consider them in relation with
other clinical variables.

To address this problem and open new perspectives on the description of the
brain evolution, in Chapter 5, we explore the relations between the morphological
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and cognitive evolution of aging subjects. The objective is double. First, aging and
neurological disorders cannot be fully understood if we only consider one point view.
The brain processes are intricated and their interactions are decisive to comprehend
the whole evolution. This work is one step in this direction. Second, we want to use
the cognitive information to inform our description of the morphological changes in
order to interpret and eventually label specific patterns. In particular, the methods
and the processing are similar to the ones used in Chapter 3 and this analysis may
serve as a reference to better understand the observed treatment effect.

Two methodological approaches are proposed. The first one uses the statisti-
cal multivariate framework described in Chapter 4, the second relies on a cross-
decomposition using partial least square (PLS). Spatial correlation patterns are
described for several common cognitive scores and the main modes of the cognitive-
morphological evolution are characterized in the MAPT data set.

The main contributions developed in this part are:

• We show significant spatial correlations between morphological changes in ag-
ing and the evolution of several cognitive variables.

• The spatial patterns are coherent with the assessed cognitive traits and the
general knowledge of the brain.

• We highlight using PLS several modes of evolutions that can be interpreted
as: 1. describing the general cognitive decline, 2. focusing on behavioral
evolution, 3. specifically associated with the MDI treatment.
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In this chapter, we introduce a deformation-based framework to jointly model
the influence of aging and Alzheimer’s disease on the brain morphological evolution.
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This framework is used to describe the spatio-temporal evolution of both processes
and to define two cross-sectional progression markers: 1) a morphological age and
2) a disease score. The longitudinal evolution of these markers is then studied in
relation with the clinical diagnosis of the subjects and used to generate possible
morphological evolutions.

We show that the joint modeling of normal and pathological evolutions using
deformations leads to promising results to describe age-related brain diseases over
long time scales. Our generative model is simplistic but the markers are able to
confirm the presence of an accelerated apparent aging component in Alzheimer’s
patients and to highlight specific morphological changes that can help discriminate
clinical conditions, even in prodromal stages.

This work was published in the following paper: A model of brain morphological
changes related to aging and Alzheimer’s disease from cross-sectional assessments,
Raphaël Sivera, Hervé Delingette, Marco Lorenzi, Xavier Pennec, Nicholas Ayache,
NeuroImage, 2019 in press.

2.1 Introduction

Age-related diseases are a growing public health concern with the aging of the popu-
lation. For this reason, a precise description of aging would be useful to predict and
describe the evolution of these diseases. In complement to the chronological age, i.e.
the time elapsed since birth, one would like to estimate a biological age that reflects
the current physiological, functional or structural status of an organ relatively to
the aging changes. However there is no unified way to describe aging in a clinical
context since aging is a complex process which affects every part of the body with
specific mechanisms and specific rate. As a consequence multiple theories of aging
have been proposed (Medvedev, 1990), leading to the definition of surrogate age
variables based on the quantification of biological changes.

2.1.1 Modeling brain morphological aging

In this chapter we focus on the aging of the brain based on the study of its shape
evolution. The brain is not exempt from aging and a decline of cognitive process-
ing speed, working memory, inhibitory function, and long-term memory is generally
observed. This decline has been associated with neural activity changes (Park and
Reuter-Lorenz, 2009) and it was also shown to be directly correlated with struc-
tural changes such as brain atrophy, cortex thinning and decrease of white matter
integrity (Rosen et al., 2003; Rodrigue and Raz, 2004).

The normal brain morphology has been studied in image-based studies from the
development stage to the most advanced ages. Measurements of brain structures
(volumes, cortical thickness, etc.) have been performed for wide age ranges and
the statistical analysis of the evolution of these measurements helps in providing
an initial understanding of the normal brain shape evolution across life span (Good
et al., 2001; Long et al., 2012). These descriptions have been used to estimate models
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characterizing brain aging in order to highlight differences across brain areas (Hutton
et al., 2009; Sowell et al., 2003). The inverse problem, i.e. how to associate an age
to a brain image, was also addressed. Models have been designed to estimate the
chronological age (Cole et al., 2017) from an image but they can also be used to
characterize abnormal evolutions. For instance, a mean brain age gap estimate
was highlighted for Alzheimer’s patients (Franke et al., 2010). In Huizinga et al.
(2018), a morphological score is built to assess the effect of aging on the brain
morphology and the authors show that AD subjects are associated with abnormaly
high scores. More generally, these surrogate brain age estimates have been associated
with an increase of risk factors for several age-related disorders such as cardio-
vascular diseases (DeCarli et al., 2005; van Velsen et al., 2013). In a longitudinal
setting, a brain age measurement could be used to compare the evolution of several
clinical conditions (see Figure 2.1).

chronological age

morphological age
Evolution of a
subject with AD

Evolution of a
healthy subject

Figure 2.1: Schematic representation of two evolutions relative to an hypothetical
morphological age reflecting the structural status of the brain relative to the aging
process.

2.1.2 Disease progression modeling

Brain aging is often associated with the development of neurodegenerative patholo-
gies. For example, it is estimated that one in three people over 85 have Alzheimer’s
disease (AD), the most common form of dementia (Alzheimer’s Association and
others, 2017). This disease comes with its own specific apparent brain morpholog-
ical changes (Ohnishi et al., 2001) and computer-aided diagnosis techniques using
neuroimaging features have shown promising results to classify and to predict clini-
cal evolutions (Davatzikos et al., 2009; Klöppel et al., 2012; Schmitter et al., 2015).
Longitudinal studies provide us with multiple acquisitions at different times for ev-
ery subject but the disease affects patients over several decades, starting even before
the first symptoms occur, and few studies follow a significant number of subjects
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over such long times. Progression models have been developed to describe the global
evolution and to put in relation the individual trajectories that could only be ob-
served a limited number of times. They have been used to model the progression
of biomarkers (Fonteijn et al., 2012; Donohue et al., 2014) but also directly brain
shape (Cury et al., 2016) or spatio-temporal patterns in brain images (Koval et al.,
2017; Schiratti et al., 2017). These models produce good representations of the
disease progression and can combine a variety of available biomarkers for patient
monitoring (Bilgel et al., 2016; Lorenzi et al., 2017).

2.1.3 Toward a joint model of brain aging and disease progression

The morphological aging of the brain and disease progression have generally been
modeled independently. However we know that the structural features used in di-
agnosis (e.g cortical thickness or atrophy patterns) are also generally related to age.
Indeed aging and neurodegenerative diseases involve intertwined processes with en-
tangled consequences. Surrogate age measurements have been used to support the
disease characterization (Franke and Gaser, 2012) or to put aside the aging part
in order to focus on the disease specific changes. Lorenzi et al. (2015) proposed to
model the normal aging evolution to separate the contribution of aging from a re-
mainder that is not explicitly modeled. This remainder is then used to describe the
pathological evolution. However, this method does not propose an intrinsic model
of the disease progression making it difficult to describe and to characterize disease
specific changes.

In this study, we propose a generative model of the brain morphological evolution
that jointly takes into account the normal aging and the disease effects. Our model
is based on the approach proposed by Lorenzi et al. (2015) and gives a deformation-
based description of subject trajectories. It extends the original approach by explic-
itly modeling the disease specific brain morphological evolution. In addition to the
apparent morphological age computed in the proposed approach, it allows us to get
a disease score, thus providing two morphological imaging biomarkers accounting for
the progression of the two main ongoing processes: normal aging and Alzheimer’s
disease. These biomarkers are estimated cross-sectionnally from a single structural
MRI but the model estimation exploits longitudinal data to match as accurately as
possible the morphological evolution of the subjects.

We introduce in section 2.2 the generative model used to represent the brain
morphology. Section 2.3 focuses on the estimation of the model parameters and
on the inverse problem solved to compute the morphological age and the disease
score of a subject. Experimental results are then presented in section 2.4 in order
to evaluate our model and parameter estimation procedure. We illustrate how the
model helps to describe the evolution of subjects at different disease stages using the
ADNI database. Then we show how the two proposed markers can help to follow
the evolution of elderly patients. Finally, limitations and perspectives are discussed
in section 3.4.
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2.2 Definition of the generative model

In the sequel, we quantify differences between morphologies by spatial deformations
that can be estimated from magnetic resonance images (MRI) through non-linear
image registration. A deformation represents either a morphological difference be-
tween the anatomies of two subjects or a longitudinal evolution of one subject-
specific anatomy. Therefore deformation based frameworks are well suited to define
a parametric model of the morphology. Our approach involves a population template
morphology which is parametrized by two progression markers: the morphological
age and the disease score.

In section 2.2.1, we expose the main ideas behind the definition of our reference
parametric space. Then in section 2.2.2, we explain how the morphological evo-
lutions are modeled in our framework. Finally in section 2.2.3, we show how we
use the deformation framework to model individual morphologies relatively to this
reference.

2.2.1 A space of reference morphologies

In deformation based morphometry, a single morphology is classically used to ap-
proximate and represent a population. For a set of images {Ik}, we define a common
reference image T0, called template. The difference of morphology between the sub-
ject k and the template is modeled with a spatial deformation φk and an intensity
noise εk is added in the subject space accounting for local intensity variability.
Therefore the images are modeled as follows:

Ik = T0 ◦ φk + εk.

In our approach, we want to take into account two major processes that affect
the brain morphology over time: the normal aging and the disease evolution. To
do so, we model the effects of these processes on the template using a deformation
Φ parametrized by two variables that measure the progress of each process: the
morphological age λMA and the disease score λDS . The two variables λMA and
λDS can be seen as time variables and are scaled to correspond to years of standard
evolution. In this model, T0 ◦ Φ(λMA, λDS) represents the template morphology
after λMA years of normal aging and λDS years of normalized disease progression.

In the ideal case, the morphological age is equal to the chronological age. There-
fore, T0◦Φ(t, 0) represents the morphology of a t years old healthy subject. Similarly
T0 ◦Φ(t, t′) would be the typical morphology of a AD patient of age t with a disease
duration of t′ years. If one is able to associate an age λ0 to the image T0, and
assumes that this is the image of a healthy subject, then it is natural to enforce
Φ(λ0, 0) = Id.

The parametric subspace of images generated like this will be used as a reference:

T = {T0 ◦ Φ(λMA, λDS) for λMA, λDS ∈ R} . (2.1)
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An initial model of the subject images is then:

Ik = T0 ◦ Φ(λkMA, λ
k
DS) ◦ φk + εk,

where λkMA and λkDS are the subject morphological age and disease score, while φk
encodes differences specific to the subject morphology. Of course multiple options
are available to combine the longitudinal deformation Φ with the subject specific
changes φk. Here we write this operation as a right-composition but this choice will
be discussed in section 2.2.2 and a similar but symmetrical operation will later be
used.

Also, in the reference space, trajectories parametrized by time t 7→ T0 ◦
Φ(λMA(t), λDS(t)) give possible morphological evolutions where the morphological
age and the disease score can be seen as reparametrization of time. In particular,
it defines two archetypal trajectories (i.e. ideal models of evolution): the normal
aging template trajectory t 7→ T0 ◦Φ(t, 0) and the disease specific template trajectory
t 7→ T0 ◦ Φ(λ0, t).

Here, we assume that each progression of the two major processes (aging and
disease) can be described with only one parameter. This implies that the evolution
of healthy aging is similar for each subject, following the normal aging template tra-
jectory, even if the speed of aging may vary from one subject to the other. Similarly,
the disease progression is described using a single trajectory and we combine both
template trajectories to model pathological evolutions.

2.2.2 Modeling the morphological evolution of the template

In a simplified approach, the template trajectories are assumed to be geodesics in
an appropriate deformation space. Geodesics define continuous paths that can be
easily parametrized and constrained to allow regularity in time. They can be used
to interpolate between two anatomies or to approximate more complex trajecto-
ries (Christensen et al., 1994; Wang et al., 2007). In this work, we use the station-
ary velocity field (SVF) framework (Arsigny et al., 2006) for its ability to describe
complex and realistic diffeomorphic (smooth and invertible) brain deformations in
a straightforward manner (Lorenzi et al., 2013). In this framework, the observed
anatomical changes are encoded by diffeomorphisms which are parametrized with
the flow of SVFs. Within this setting, the metric between deformations is not chosen
a priori even if we need a regularization criterion for the registration. To compute
a deformation φ we integrate trajectories along the vector field v for a unit of time.

φ(x) = φ1(x) =

∫ 1

0
v(φt(x))dt with φ0 = Id.

This relationship is denoted as the group exponential map φ = Exp(v).
By writing Φ(λMA, λDS) = Exp(λMAvA+λDSvD), we propose a linear model in

the SVF space (i.e. the space of the parameter of the deformations) parametrized
by two SVFs vA and vD. In particular, the two template trajectories are then
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separately parametrized: vA controls the normal aging template trajectory and vD
the disease specific template trajectory.

For each subject, the processes are meant to be intertwined and this can be
modeled in different ways depending on the parametrization of the trajectories,
for instance a right or a left composition. The proposed linear combination of the
parameters provides us a middle ground. Indeed in the SVF setting, the relationship
between composition and the linear combination of SVFs is given by the Baker-
Campbell-Hausdorff formula (Bossa et al., 2007) and the linear combination of the
SVFs is equivalent to alternate between right and left composition with infinitesimal
steps.

To sum up, the longitudinal deformation Φ modeling the effects of aging and
the disease on a reference morphology T0 is parametrized by two SVFs: vA and vD.
This ideal model generates a surface T of possible images describing the evolution
of the template morphology:

T = {T0 ◦ Exp(λMAvA + λDSvD) for λMA, λDS ∈ R} . (2.2)

2.2.3 Individual morphological variability and generative model

An individual image is modeled as follows:

Ik = T0 ◦ Exp((λkMA − λ0)vA + λkDSvD) ◦ φk + εk, (2.3)

where the choice of the intensity noise εk is implicitly related to the registration
similarity metric. To specify the constraint on φk, we define a subject specific
residual SVF wkr (r stands for residual) such that:

Exp((λkMA − λ0)vA + λkDSvD) ◦ φk = Exp((λkMA − λ0)vA + λkDSvD + wkr ).

In this formula, Exp(wkr ) is approximately equal to φk given the first order of the
BCH equation between composition and linear combination of SVFs. Moreover, we
wish to have the subject specific deformation to encode what cannot be described
using the template trajectories. That is why we impose wkr to be orthogonal to both
vA and vD.

As we can see in Figure 2.2, the model parametrized by vA and vD allows us
to characterize the subject morphology with two scalar variables, the morphological
age λkMA and the disease score λkDS , and a SVF wkr for the subject-specific part.
The orthogonality constraint makes the description of the subject uniquely defined.
We denote by wk the subject-to-template deformation SVF:

wk = (λkMA − λ0)vA + λkDSvD + wkr . (2.4)
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vD
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subspace of images
T

t 7→ T0 ◦ Exp(tvD)

t 7→ T0 ◦ Exp(tvA)

AD-specific evolution

Healthy aging
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Figure 2.2: Our two-trajectory model. The template image T0, the normal aging
template trajectory parametrized by vA and the disease specific template trajec-
tory parametrized by vD define a subspace of possible morphologies of reference.
An individual morphology is characterized by a morphological age λkMA, a disease
score λkDS , and an SVF wkr modeling the subject-specific part. Each image can be
projected onto the template subspace T using a decomposition of the deformation
between the image and the template T0.

2.3 Estimation of the model parameters

The model parameters are of two kinds: the population parameters (T0, vA and vD)
and the subjects parameters (λkMA, λ

k
DS and wkr ). To tackle this joint estimation

problem in a computationally efficient way, several assumptions are made:

1. When available, the longitudinal evolution in the template space can be ap-
proximated by the transported deformation estimated in the subject space.
Parallel transport algorithms are commonly used in the geometrical analysis
of longitudinal data. The use of geodesic parallelograms is in general an effi-
cient way to bring individual trajectories in a common reference space (Lorenzi
and Pennec, 2013). In practice, it allows us to work only with intra-subject
deformation to estimate the model population parameters. It simplifies the op-
timization and is also more stable as the intra-subject variability is in general
smaller than the inter-subject one.

2. We also assume, while estimating the population parameters, that the aging
speed and the disease progression speed are constant for all the subjects in
the training set.

3. Intra-subject deformations are relatively small and smooth. Consequently, the
registration regularization has less impact on the estimated deformation. This
consideration allows us to estimate these longitudinal evolutions independently
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of the population model.

These assumptions allow us to efficiently decompose the problem of the param-
eter estimation. First, subjects with longitudinal data are processed independently
and the intra-subject evolutions are modeled in the subject space. Then the popula-
tion parameters (T0, vA and vD) are estimated using only intra-subject longitudinal
evolutions. Finally, the subjects’ parameters are estimated.

2.3.1 Estimation of the template trajectories vA and vD in a given
template space

In this section we suppose that we know T0 and that we can compute the subject-
to-template deformation wk for a reference time point. We also consider that we
have longitudinal data for every subject.

First we address the inverse problem of estimating the intra-subject evolution
parameters with the framework proposed by Hadj-Hamou et al. (2016). Images
are preprocessed, rigidly aligned to the MNI-152 template and then longitudinally
registered. Intra-subject deformations between follow-up images and the baseline
image are computed using non-linear registration. The resulting intra-subject model
in the subject’s space is estimated using ordinary least square regression in the
tangent space of SVFs. It is equivalent to the assumption that the deformation
noises are centered, uncorrelated and have equal variance in the space of SVFs.

Then for a given template T0 and subject-to-template deformation wk, the intra-
subject model can be transported using parallel transport in the template space to
get vk. This deformation can be decomposed along the template trajectories giving
a morphological aging rate (noted skMA), a disease progression rate (noted skDS) and
an orthogonal component (noted vkr ):

vk = skMAvA + skDSvD + vkr .

These progression rates are strongly related to the evolution of the morphological
age and of the disease score (in a ideal euclidean case skMA = dλkMA/dt and s

k
DS =

dλkDS/dt) and they will be used to normalize the speed of evolution. The estimation
is done on two groups of subjects: a group Gh composed by healthy subjects and a
group Gad composed by patients diagnosed with AD. We assume that each healthy
subject of Gh is aging at normal speed skMA = 1,∀k ∈ Gh and does not have any
evolution toward the disease skDS = 0, ∀k ∈ Gh. Similarly, each patient of Gad has
a normal morphological aging rate skMA = 1, ∀k ∈ Gad and a constant unit disease
progression rate skDS = 1,∀k ∈ Gad. Finally the subject specific components are
assumed to be centered, uncorrelated and to have a fixed variance. The maximum
likelihood problem writes:

min
vA,vD

∑
k∈Gh

‖vk − vA‖2 +
∑
k∈Gad

‖vk − vA − vD‖2. (2.5)
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Data: an image I, a template image T and linear space of SVF T
Result: two SVFs: wt ∈ T , wr ∈ T ⊥
wt = 0 ;
repeat

wr = registration(T ◦ Exp(wt), I) ;
wt = wt + projT (wr);

until wr ⊥ T ;
Algorithm 1: Iterative registration algorithm

The solution of the optimization problem is explicit:

v̂A =
1

|Gh|
∑
k∈Gh

vk, (2.6)

v̂D =

 1

|Gad|
∑
k∈Gad

vk

− v̂A. (2.7)

We should however note that ‖v̂A‖ (resp. ‖v̂D‖) is a biased estimator of ‖vA‖ (resp.
‖vD‖). We detail the bias estimation in the Appendix 2.6.2.

2.3.2 Estimation of the template morphology T0

The population specific template morphology is computed using the algorithm pro-
posed by Guimond et al. (2000) by alternating the registration of subject images
to the template and the recomputation of the template intensities. However, in
our approach, the subjects’ images do not need to be registered to T0 directly but
to their projection on the template space. To tackle this problem, we propose an
iterative procedure where we register the image to its current projection on the
reference space. Algorithm 1 details the procedure with simplified notations in the
general case where w parametrizes the deformation between the image I and T .
The reference linear subspace of SVF is denoted T and w is decomposed accord-
ingly w = wt + wr with wt ∈ T , wr ∈ T ⊥. The registration regularization should
only be applied to the residual part wr. In the context of the LCC-demons regis-
tration algorithm, it boils down to the following minimization problem (see Lorenzi
et al., 2013):

min
wt∈T ,wr∈T ⊥,w′

Sim(I, T,Exp(wt + wr)) + Dist(wr, w′) + Reg(w′).

The idea is to alternate between the optimization and the projection on the con-
straints.

Since we do not have any theoretical guarantee on the convergence of the al-
gorithm, the stability and the convergence will be evaluated empirically. As the
template estimation also involves iterative search, we can combine both algorithms
for a faster optimization. The projection coordinates are kept from one iteration to
the next and the images are registered to their estimated projections in the template



2.4. Results 21

Data: a set of images (Ik) and a linear space of SVF T
Result: a template image T , a set of pairs of SVFs (wkt , w

k
r )

wkt = 0 for all k;
initialize T ;
repeat

wkr = registration(T ◦ Exp(wkt ), Ik) for all k;
u = mean(wkr ) ;
T = mean(Ik ◦ Exp(−wkr + u)) ;
wkt = wkt + projT (wkr − u) for all k;

until convergence;
Algorithm 2: Iterative template space estimation algorithm

space. The deformation update u is then computed and finally the new atlas image
T and the estimated projections are updated (see Algorithm 2).

In this work, the intra-subject models are transported to the template space
to update the template trajectories parametrizing T at each iteration (using the
approach described in the previous section 2.3.1). T is initialized using the MNI-
152 template and the convergence is manually assessed comparing the template for
successive iterations. At convergence, we obtain the template image T0 and both
template trajectories vA and vD.

2.3.3 Estimation of the subject’s parameters

When the population parameters are learned, the estimation of the individual pa-
rameters for a new subject is relatively simple. The deformation wk is computed by
registration between a subject image and the template using Algorithm 1, and then
linearly decomposed, wk = (λkMA − λ0)vA + λkDSvD + wkr , by solving the following
linear system:

wk · vA = ‖vA‖2(λkMA − λ0) + vD · vAλkDS , (2.8)

wk · vD = vD · vA(λkMA − λ0) + ‖vD‖2λkDS . (2.9)

In practice, the estimation is not exact because we work with the noisy estimators
v̂A and v̂D. The linear decomposition can also be computed locally or by using any
voxel weighting scheme for the scalar product. When longitudinal data is available,
this estimation is independently done for each time point.

2.4 Results

2.4.1 Experiments with synthetic data

We first evaluate our approach using synthetic data in order to assess the accuracy
and the reproducibility of the biomarkers estimation. Realistic longitudinal MRIs
are simulated using the software proposed by Khanal et al. (2016). The simulation
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algorithm relies on a biophysical model of brain deformation and can be used to
generate longitudinal evolutions with specific atrophy patterns. In this context,
local atrophy is measured by the divergence of the stationary velocity field.

2.4.1.1 Simulated dataset

In this controlled experiments we choose to simulate two populations that are char-
acterized by their atrophy patterns and that respectively emulate healthy controls
and AD patients. Atrophy of the aging brain and the effect of AD have been exten-
sively studied (Pini et al., 2016) and the atrophy measurements may vary depending
on the methodology and the population studied. In this experiment, we choose to
prescribe piecewise-constant atrophy map with constant value in brain areas delim-
ited by the segmentation provided by FreeSurfer (Fischl et al., 2002). For every
subject, the atrophy value of a region is sampled around a fixed population mean
with an additive Gaussian noise of relative standard deviation of 5% . The healthy
population is designed to have a small atrophy in the whole brain while the patients
have a stronger atrophy especially in the hippocampal areas and the temporal poles.
The means are chosen to give the order of magnitude of a one year evolution accord-
ingly to what was reported in Fjell et al. (2010) for healthy aging and in Carmichael
et al. (2013), with an additional scaling for the pathological evolution. We detail
the exact regional values in Table 2.2 in the appendix (see 2.6.1).

Structural MRIs of 40 healthy subjects from the ADNI database are taken as
input to the simulations. For every subject, deformations are simulated for both
pathological and healthy settings. The deformation extrapolated 5 times is then
applied to the original image in order to simulate 5 years long evolutions. We then
have two matched populations of 40 pairs of images.

2.4.1.2 Model estimation

Individual longitudinal deformations are computed using registration, and the ref-
erence anatomy and the template trajectories are built using our framework. The
divergence fields associated with these template trajectories can be compared to the
prescribed atrophy. Figure 2.3 shows the average atrophy maps in the estimated
template anatomy.

The estimated atrophy patterns are smoothed versions of the simulated ground
truth. This effect was already observed (Khanal et al., 2016). First of all, the reg-
istration algorithm is unaware of the underlying simulation model and is unable to
localize precisely the atrophy in homogeneous areas. Moreover, the spatial regular-
ization of the registration and the parametrisation using SVFs also contribute to the
smoothness of the estimated atrophy patterns. This is particularly visible in small
(hippocampus) or thin regions (cortex). We therefore have a consistent bias when
the atrophy measurements are integrated over the regions (see Figure 2.14 in ap-
pendix). Indeed, the local atrophy is affected by neighboring regions evolving in the
opposite direction (the ventricles or the CSF for example). However, we can see that
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(a) Healthy evolution (b) Pathological evolution

relative volume change (year−1)

Figure 2.3: Simulated and estimated atrophy patterns in the template space. Top
row: mean in the template space of the prescribed atrophy maps. Bottom row:
atrophy maps estimated from the simulated images. Left: healthy simulations.
Right: pathological simulations. The estimations are smoother but qualitatively
similar to simulated maps.

the ratio between the pathological and healthy cases is conserved in every region. It
was already noted that quantitative estimation using registration can be biased but
can be more reproducible than the segmentation based approaches (Hadj-Hamou,
2016; Cash et al., 2015).

2.4.1.3 Imaging biomarkers estimation

The morphological age and the disease score were computed for each image. By
construction there is no difference at t=0 (exactly the same images in the two
groups). We compare the simulated differences at t=5 and the evolution of the
cross-sectional assessments for each subject (see Figure 2.4a).

In this experiment, the initial anatomical variability is important, indeed the
standard deviation at t=0 is equal to 48 years for MA(0) and 24 years for DS(0).
At t=5, a difference is visible for the disease score but it is still diluted in the inter-
subject variability. It is also possible to extrapolate the evolution to determine how
many years of evolution are needed in order to get a significant difference between
the healthy and the disease groups. For a significance level of 0.05, the disease
score would be significantly discriminant after 13 years of evolution. This figure
for synthetic data highlights the slow time-pace of the disease and the interest in
modeling and extrapolating the evolutions.

Looking at the evolution of these cross-sectional biomarkers in Figure 2.4b), we
see that the measures are relatively stable despite the large inter-subject variability
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Figure 2.4: Evolution of the imaging biomarkers estimated on simulated data.
MA=morphological age, DS=disease score. The longitudinal evolutions ∆MA and
∆DS are the differences between the two cross-sectional assessments i.e. ∆MA =
MA(5) - MA(0). The star indicates that the difference between the healthy and
the diseased subjects is significant (p-value < 0.05) for the unpaired t-test. By con-
struction there is no difference between the two populations at t=0. The changes
are generally underestimated but the longitudinal evolutions show the stability of
the estimation despite a strong inter-subject variability.

and that the difference measured between two different time points gives a good
estimate of the longitudinal evolution. In practice the estimations are slightly biased,
for example the increase of morphological age ∆MA = MA(5)−MA(0) is expected
to be equal to 5 for both populations while the the mean of the estimation is equal to
3.92 for the healthy group and to 3.57 for the patients group. More importantly, the
standard deviation is small in comparison to the standard deviation of the cross-
sectional measurement (σ∆MA = 1.13 while σMA(0) = 47.8). For the change of
disease score ∆DS, the mean is equal to −0.6 for the healthy group and 2.8 for
the patients group and it approximates the ideal expected values (respectively 0
and 5). The variance is also very small with respect to the cross-sectional one. In
particular the difference between healthy and diseased subjects is clearly observed
for the longitudinal evolution: the difference between the means is equal to 3.2
standard deviation for ∆DS. To summarize, the cross-sectional measurement gives
a relatively stable assessment of the aging and disease progression and the markers’
evolution is strongly associated with the clinical diagnosis. Our generative model is
able to explain most of the independently simulated changes.

2.4.2 Experiments on ADNI data

Longitudinal T1 sequences were obtained from the Alzheimer’s Disease National
Initiative (ADNI) database. The ADNI was launched in 2003 with the primary goal
to test whether magnetic resonance imaging (MRI), positron emission tomography
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(PET), other biological markers, and clinical and neuropsychological assessment
could be combined to measure the progression of mild cognitive impairment and
early Alzheimer’s disease1. Subjects are classified according to the evolution of
their cognitive diagnosis. Three diagnoses are possible at each time point: normal,
mild cognitive impairment (MCI) and Alzheimer’s disease. The subjects are also
sub-classified according to the positivity of the beta-amyloid 1-42. We then have 6
distinct sub-groups: CN- (cognitively normal with negative Aβ), CN+ (cognitively
normal with positive Aβ), MCIs- (MCI stable during the study time-window with
negative Aβ), MCIs+ (MCI stable with positive Aβ), MCIc (MCI converter to AD)
and AD (diagnosed with Alzheimer’s disease starting from the beginning). The
table 2.1 sums up the demographic description of the population.

group CN- CN+ MCIs- MCIs+ MCIc AD
Number of subjects 108 69 96 120 228 203
Age at baseline 73.4 (5.6) 74.5 (6.5) 71.1 (7.7) 73.5 (6.6) 73.8 (7.1) 74.5 (7.7)
Gender (female) 47.2% 56.5% 47.9% 37.5% 41.7% 48.3%
Education (years) 16.4 (2.6) 16.2 (2.7) 16.2 (2.8) 16.4 (2.7) 16.0 (2.9) 15.0 (2.9)
ADAS13 at baseline 9.0 (4.0) 8.6 (5.0) 12.0 (4.9) 14.0 (5.4) 19.9 (6.7) 31.4 (7.3)

Table 2.1: Socio-demographic and clinical information of the study cohort. Standard
deviations are shown in parentheses.

We estimate our template morphology and the template trajectories on a subset
of subjects. In order to form this training set, we randomly selected 30 subjects
from the CN- group and 30 from the AD group. To reduce the variability associated
with the estimation of the model, these subjects were selected among the ones with
strictly more than one followup acquisitions. In the following we distinguish between
the training set of 30+30 subjects used to build the model and the remaining testing
set (with in particular 78 CN- subjects and 173 AD subjects).

2.4.2.1 Estimation of the normal aging and the disease-specific template
trajectories

The template anatomy is an average of the healthy subjects anatomies, so its age
corresponds to the mean group age λ0 = 73.46 y.o. The result of the estimation
is shown in Figure 2.5. The estimated normal aging template trajectory is charac-
terized mainly by ventricular expansion caused by the atrophy of the surrounding
regions. Disease specific changes are widespread in the brain with a strong emphasis
on the temporal areas.

The local atrophy can be measured by the divergence of the velocity field. The
atrophy associated with each template trajectory is shown in Figure 2.6. For the
normal aging, we see a well spread and mild atrophy pattern in the whole brain.
The disease specific atrophy is particularly strong in the temporal area and is mainly

1see www.adni-info.org for more information.

www.adni-info.org
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(a) Normal aging template trajectory (b) Disease specific template trajectory

(mm · year−1)

Figure 2.5: Template image and SVFs parametrizing the two template trajectories
SVFs. Left: normal aging trajectory vA showing a ventricular expansion related to
a global atrophy. Right: disease specific trajectory vD showing specific patterns,
especially in the temporal lobes around the hippocampi areas. The color encodes
the amplitude of the velocity at each position.

located near the cortical surface. The precise localization of the atrophy is always
difficult with a morphometrical approach but the atrophy patterns are similar to
what was already observed in the past for healthy subjects and AD patients (Hadj-
Hamou, 2016).

These morphological evolutions can be compared to the normal aging model and
the mean residual for the AD subjects in Lorenzi et al. (2015). The deformation
characteristics and the magnitude of the atrophy are really similar. Our anatomy
looks sharper which may be partially explained by the use of the template plane in
the estimation. More importantly, differently from the work of Lorenzi et al. (2015),
the joint estimation of a disease model in addition to the normal aging one provides
us with a direct comparison between both processeses.

The generative model can also be used to directly visualize the modeled mor-
phologies. In particular the reference template plane T described in Figure 2.2 can
be sampled to shows the evolution of the template morphology in the two main
directions. In Figure 2.7, we choose to represent the evolution over 20 years in both
directions which is comparable to the longitudinal span of our data-set. Indeed the
IQR of baseline age in the training set is equal to 9.3 years (and the total span is
29.9 years wide). The overlaid difference of intensity is used to show the changes at
tissue boundaries. The global atrophy and the expansion of the ventricles is clearly
visible for the aging evolution. The pathological changes are associated with smaller
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(a) Atrophy along the normal aging template trajectory

(b) Atrophy along the disease specific template trajectory

relative volume change (year−1)

Figure 2.6: Atrophy measured by the divergence of the SVFs parametrizing the two
template trajectories.
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structures but the shrinking of the hippocampi, the atrophy of the temporal lobes
and also the widening of the sulci (related to the cortical thickening) are visible.

normal aging

disease 
specific
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Figure 2.7: Representation of the 2D parametric template subspace generated using
the template morphology T0 and the two template trajectories vA (horizontally) and
vD (vertically). In this figure, the bottom row correspond to a healthy evolution,
and the diagonal (from bottom left to top right) to a typical pathological evolution.
We also represent the voxel-wise intensity differences between the images and T0 to
highlight the boundary shifts between tissues and CSF.

2.4.2.2 Intra-subject variability of our progression markers

In Lorenzi et al. (2015), a morphological age similar to our measure was shown to
be correlated with the chronological age and also that advanced AD stages were
associated with “morphologically older” brains. To go further, we want to show
that our proposed model represents also the aging at the individual level. For
multiple acquisitions of a same subject, an aging measurement is expected to increase
smoothly with time. If the subject is healthy, we can expect a linear increase with
a slope of 1. We would also like to see an increase of disease score for the patients,
while for the healthy subjects this marker should be stable and close to 0. Therefore,
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the disease score is expected to specifically characterize the pathology (high and
increasing disease score). The morphological age is expected to be more associated
with the global evolution of the population over time and to be independent of the
clinical condition.

The morphological age and the disease score are computed for each subject
at each time point. Figure 2.8 shows the evolution of these cross-sectional mea-
surements. First, at the population level, subjects are generally associated with a
morphological age similar to their chronological age even though its variability is
quite high. Second, for each subject, the evolution is mostly linear and the morpho-
logical age steadily increases. Third, the disease score is almost constant for healthy
subjects and steadily increases for the AD subjects. Finally, we note that the AD
subjects look older, age faster and, most of all, have a higher disease score than the
healthy ones.

A linear random effects model can help us to quantify these observations. The
model is fitted, for both morphological age and disease score, with fixed effects on
age and sex and a random intercept and slope for each subject. The focus is set on
the analysis of the regression for the CN and the AD groups. For each coefficient of
the regression, the confidence intervals are given for one standard deviation of the
estimation.

The model is first fitted to the morphological age measures in the CN group
leading to a coefficient of 0.26 ± 0.11 for the fixed effect of age while the mean
subject slope is 0.10 ± 0.02. Both are significantly positive. In comparison to
the same model without the random slope the relative improvement brought by the
intra-subject linear evolution is significant by a large margin (p-value inferior to 10−6

for the likelihood ratio test). The regression has also a positive (but not significantly)
coefficient for male subjects (1.81±1.2) meaning that male morphologies looks older
(similar to a 7 years shift). Concerning the disease score, we also observe a relatively
good fit of the linear model. The evolution is generally slower with 0.12 ± 0.1 for
the fixed effect of age and 0.12± 0.01 for the mean individual slope.

For the AD group, the linear model is also well adapted (p-values inferior to 10−6

for the likelihood ratio test). The main remark is probably that the intra-subject
slopes are in average more important than for healthy subjects (around 0.52± 0.06

for the morphological age and 0.71±0.05 for the disease score) while the fixed effect
related to age of 0.23 ± 0.07 (for the morphological age) and 0.14 ± 0.04 (for the
disease score) are more similar to the one observed previously.

2.4.2.3 Cross-sectional discriminating power

We want to study the relation between the observed disease progression and the
proposed markers. We start with a discriminant analysis using only the first image
available for each subject.

Figure 2.9 shows the distribution of the estimations for each group. These results
are related to global differences in brain shape observable cross-sectionally between
clinical groups. We see a gradual increase of both markers towards more advanced
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Figure 2.8: Evolution of cross-sectional markers for every subject of the two training
sets. [Left] chronological age, the dashed line corresponds to the expected evolution
of healthy subjects i.e. the morphological age is equal to the chronological age.
[Right] disease score, the dashed line is the expected pathological evolution.
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Figure 2.9: Box-plot of the group-wise markers estimated at baseline for the clinical
groups. Stars below the name of the group indicate a significant difference to the
CN- group for a t-test at the level 0.05. Both markers gradually increase towards
more advanced disease states.

disease states. Significant differences in morphological age and in disease score
are observed between the control group CN-(train) and both the MCIc and AD
groups. Moreover, the difference between the MCI stable and the MCI converters
is stronger for the morphological age while the disease score better differentiates
MCIs- and MCIs+. As such, the morphological age is more associated with the
general cognitive degradation while the disease score seems more correlated with
more AD-specific biomarkers.

We also perform a simple linear classification task between the MCIs and MCIc
groups using this two cross-sectional markers. A SVM linear classifier is fitted to
the full data-set to perform the binary classification2. The error penalty weights are

2The classification task was performed using the SVC module of the scikit-learn python li-
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adjusted between the two classes to balance the trade-off between false positive and
false negative rate. The mean classification accuracy using a 10-folds cross-validation
scheme is equal to 0.59. The linear decision function is equivalent to the projection
on the SVF vA − 0.003vD, so the differences between MCIs and MCIc subjects is,
in our model, only associated with the aging trajectory while the disease specific
changes do not seem to have an impact before the conversion. For comparison, for
the same experiment between CN and AD, the linear classifier corresponds to the
projection on vA + 0.49vD so approximately (vbn + vad)/2, i.e. the mean evolution
of the whole population. Of course, in both cases we do not reach the performance
of state-of-the-art dedicated algorithm but it allows us to see how both markers
are associated with the diagnosis. Moreover this discriminant approach could be
extended by using information in a subset of targeted areas.

2.4.2.4 Regional analysis of the progression

In the context of Alzheimer’s disease, specific morphological changes are known to
be non-uniformly distributed. This spatial information can be taken into account in
our model using a regional segmentation. In this section we focus on the temporal
area which is often associated with Alzheimer’s disease (Double et al., 1996). Using
the AAL atlas (Tzourio-Mazoyer et al., 2002), we segment the temporal lobe of our
template anatomy. The mask is then used to compute the regional morphological age
and disease score for each subject. These markers only encodes the morphological
differences in this specific area visible at the time of acquisition (i.e. at baseline in
this case). Results are shown in Figure 2.10.

The region is more adapted to the disease score than to the morphological age
model. Indeed, for a healthy subject the deformations in this area are really small.
However the choice of a disease-adapted region is improving the performance of the
disease score. It is now able to capture early specific changes and the difference
between CN- and CN+ is significant.

2.4.2.5 Longitudinal evolution of the markers

To explore more in details the longitudinal evolution of these markers, a linear
model is fitted to the individual evolutions. The intercept can be interesting as it
aggregates the measure at every time point and helps reduce the noise but more
importantly the slope can be very informative. Results are shown in Figure 2.11 for
the whole brain markers.

A progressive evolution, from CN- to AD, is visible for the morphological age
with subjects evolving faster and faster. Concerning the disease score, the evolution
is almost negligible for CN- and MCIs- and relatively slow for CN+ and MCIs+ while
the changes are clearly visible for MCIc and AD. Significant differences are visible
between healthy subjects (CN-) and MCIc or AD subjects or even between MCI
stable and MCI converters, but also between MCIs- and MCIs+ (or more generally

brary (Pedregosa et al., 2011)
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Figure 2.10: Box-plot of the markers estimated in the temporal lobes. Stars below
the name of the group indicate a significant difference to the CN- reference for a
t-test at the level 0.05. The area known to be related to the AD makes the disease
score estimation less sensitive to the overall noise.

between subjects with negative amyloid or positive amyloid marker). This may
indicate that our measures are able to capture the global progression of the disease.
The changes are larger for diagnosed patients but similar patterns of evolution are
observed in the early stages of the disease. A significant difference is also observable
between the CN- and CN+ group for the temporal disease score slope.
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Figure 2.11: Box-plot of the rate of evolution of the markers computed using indi-
vidual linear regressions. Stars indicate a significant difference to the CN- reference
for a t-test at the level 0.05. Top row shows the results for the whole brain while
the bottom row shows the result for the temporal lobe only. A gradation is visible
from the CN to the AD subjects.

The disease score evolution is close to zero for the healthy subject and close to
one for the pathological one but more generally, the slopes are in average smaller
than their expected values. For example the average disease score evolution in the
AD group is equal to 0.82 and this discrepancy is particularly important for the
morphological age slope of the CN- group that is only equal to 0.33 (instead of
1). This bias was already observed previously and can be in part explained by the
estimation procedure (see 2.6.2).
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2.4.3 Generating diagnosis driven morphological evolution

One of the main advantages of our model is its ability to be generative. From a pair
of biomarkers (morphological age, disease score) we can generate a corresponding
morphology and to deform a specific subject anatomy in the directions defined by
the template trajectories. In this section, the model is used to generate plausible
morphological evolutions of a subject, for several diagnosis condition, and compare
them to the observed one.

2.4.3.1 Modeling the group evolution

In what follows, each subject is associated with a pair (position, speed) in the marker
plane using the coefficient of the linear regression. For each group, a continuous vec-
tor field is regressed from these observations. This field estimates the local average
speed at every point. In order to keep a local consistency in the markers space,
we use a kernel ridge regression with an RBF kernel. The spatial scale is set to 10
years, for both the morphological age and the disease score axis, to get large scale
patterns despite the high inter-subject variability. The regularization weight, which
does not seem to have a large effect on the result, is set to 1. Results are presented in
Figure 2.12 for the CN (i.e CN-, CN+ together), MCIs, MCIc and AD groups. The
figure is centered on the high data density domain (as expected the extrapolation
can be less reliable in lower density sectors).

Differences in amplitude, i.e. speed of evolution, and orientation are clearly
visible between the groups and are in agreement with the linear regression results
shown in the previous section. In particular we see a progressive amplitude increase
from the CN group to the AD group.

These diagrams also help to describe the variability within the same clinical
group. For the CN group we can distinguish between the low disease score and
low morphological age area (in the bottom left) where in average the changes are
negligible, and the rest where there is a slow horizontal evolution. This pattern
suggests that the healthier and younger subjects are morphologically stable and do
not show the same visible aging process. The MCI stable evolution is relatively
uniform and in average with slightly larger amplitudes but overall similar to the CN
one.

The MCI converters however show a stronger and more vertical evolution. We
should also note that subjects with high morphological age and low disease score
(bottom right) seem to follow a different, more horizontal evolution implying a fast
morphological aging but less important disease specific changes. The AD group
confirms this trend and in fact MCIc and AD look very similar. The mean evolution
is strong and more vertical. A main evolution is visible from bottom left to top
right with a sightly more horizontal part in the middle giving this global tangent-like
aspect. Beside, a horizontal evolution, similar to what was observed for the MCIc
model, is also visible in the bottom right. This difference of evolution suggests a
possible stratification of the disease in two sub-categories.
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Figure 2.12: Results of the kernel ridge regression for the markers’ evolution for
the CN, MCIs, MCIc and AD groups. It shows the regressed vector field with data
points shown in red. Amplitude and orientation variability is visible between the
groups (with stronger and more vertical evolution for AD than for CN) but also
within each group giving non-linear morphological evolutions.

2.4.3.2 Generating a subject specific evolution

The regression model can then be used to simulate the evolution of a given subject.
We choose here to model the evolution of MCIc subject in order to predict the
changes subsequently observed around the time of diagnosis. Several evolutions were
computed for the subject 0361. This subject is chosen among the MCIc subjects
because it has the longest time interval, here 8.5 years, between the first and the last
acquisition. From the starting point, the markers at t=0, we integrate a trajectory
using the speed given by the regression model at each point. Each clinical group is
associated with its own model and then a different trajectory is computed for each
diagnosis.

These markers changes can be directly translated in brain images to visualize
the morphological evolution. Figure 2.13 shows the results for the end point of the
trajectories for the CN and AD models. Images are generated by deforming the
baseline image using the simulated deformation transported in the subject space. A
bias correction is applied to the markers’ estimation using the value estimated on
the synthetic dataset (the measured changes only correspond to 80% of the expected
value).

For both subjects, the cortical atrophy, in particular in the temporal lobe, is
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Figure 2.13: Evolution of the two subjects over 8.5 years. Both subjects were diag-
nosed MCI (for 5y and 3y) then AD. From left to right: (1) real image at baseline,
(2) simulated image from the baseline image using the healthy (CN) evolution, (3)
using the pathological (AD) evolution, (4) real image at t=8.5y. The second row
zooms in the most interesting areas between the ventricle (A), the lateral sulcus (B)
and the hippocampus area (C). In both cases, even if the simulated changes do not
match the full extend of the real case, the atrophy is visible in the sulcus and the
hippocampus and there is a difference in shape and size of the ventricles.
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clearly visible in the real image and to a lesser extent in the AD simulation. The
expansion of the ventricles is always clearly visible, but even in the AD simulation,
the volume change is inferior to the observation. Subject 0566 is, from the baseline,
generally more atrophied and by comparison it makes some real changes less visible
(in particular the sulci widening). This difference in baseline anatomy is interesting
here for two reasons: first the deformations match correctly the anatomical struc-
tures (the hippocampi for example) despite the anatomical variability, second it
generated two different evolutions for the same diagnosis. For the AD simulation,
the deformation seems stronger in the temporal lobe and relatively weaker in the
ventricles for the second case (0556). These evolutions are learned from popula-
tion trends and even if they are not predictive for a particular subject, they are not
aberrant in comparison with the real evolutions. Overall, the morphological changes
simulated looks realistic even if they do not match perfectly the observed changes.
Other aspects of the evolution are hard to quantify and often poorly documented.
For example the evolution of the shape of the ventricles of subject 0361 is different
in the three images. It may be related to different spatial distribution of the degen-
eration in the brain and inherent mechanical constraints. We also observe a global
motion towards the bottom of the temporal lobe and a local rotation in the image
for the real case and the AD simulation.

2.5 Discussion and perspectives

In this work, we proposed a novel deformation-based approach to measure the pro-
gression of normal and pathological processes from their effects on brain morphology.
In the context of Alzheimer’s disease, it provides a simple description of the brain
morphological evolution for elderly patients using only two degrees of freedom: an
aging measurement and a disease score. The advantages come from three main
properties.

First, we disentangle the aging and the disease progression using interpretable
image-based biomarkers. Second, these markers are cross-sectional assessments and
are consistent for intra-subject longitudinal analyses. They can be seen as alterna-
tive aging measurements compatible with ongoing biological processes. In particu-
lar the disease specific evolution appears to be associated with a positive amyloid
marker even in prodromal stages. Third, we show that the markers and the gener-
ative model can be used in a personalized image simulation setting. It allows us to
generate smooth and realistic evolutions for several diagnosis conditions.

Biological (or here morphological) age estimates were proven to be interesting
to analyze the patient condition; here, in addition, the disease score is used to get a
simple marker of the disease progression. The joint modeling gives a more complete
description of the disease progression than a brain-age metric. The evolution is
not seen as a simple accelerated aging process or the divergence from the normal
evolution. On the contrary, it seems possible to capture the general worsening with
the morphological age while the disease score measures an additional evolution that
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is more specific to the disease. Both patterns of evolution appeared to be related
with the development of Alzheimer’s disease and this approach provides an intuitive
interpretation and a simple decomposition of the morphological changes observed
in mass-univariate morphometric approaches. Further analysis should be conducted
to analyze the relation of these complementary patterns to clinical and cognitive
variables.

Moreover the ideas behind the decomposition and the longitudinal/cross-
sectional estimation of the parameters could be used in a different setting: the
geodesic description is much more general than the SVF framework applied to struc-
tural MRIs. Other geodesic parametrizations could be more practical in another set-
ting and even for the same image data, an LDDMM approach, for example, would
generally concentrate the deformation more on the high intensity gradient interfaces
while the SVFs model more spatially diffuse deformations.

Several approaches have been developed to model the longitudinal shape evolu-
tion using geodesic modeling (Singh et al., 2013). Here we suggest that decoupling
the estimation of individual trends using parallel transport could allow a more ac-
curate and non-linear description of the disease while keeping a similar hierarchical
mixed-effect structure.

As could be expected, a single variable is not enough to precisely describe the
morphological changes that can occur while aging. Likewise, the inter-subject vari-
ability limits the accuracy of the modeling of the evolution of individual subjects.
Some limitations come from the error and the approximation in the estimation of
the model, others are related to aspects that are not taken into account and would
require to modify the approach.

2.5.1 Approximations in the model estimation

One of the limitations of our approach is the difficulty to accurately estimate the
markers. For example, some time points look like outliers when we perform the
estimation for successive images of the same subject. This might be due to MR
distortions that cannot be completely corrected by the registration. As a result, some
artifacts are still visible in the estimated deformations. A better understanding of
the effects of these distortions on the registration results would be useful to improve
our additive deformation noise model. A first step could be to work with data where
the ground-truth deformation is more controlled (scan-rescan images for example).

In this work, we used an orthogonal projection using the L2 scalar product in
the SVF space to define the subject specific deformation. This choice is arbitrary
and using another region of interest could change the result. A possible alternative
would be to match the subject with the closest morphology in the model for a metric
more adapted to deformations. We could also try to decorrelate the two information,
using ICA for example.

We saw, using synthetic and longitudinal data, that we were under-estimating
the evolution speed. This bias is partially explained by the estimation procedure
that does not take into account the uncertainty on the population parameters of the
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model (see 2.6.2). This problem cannot be easily solved for two reasons: first the bias
caused by the estimation of the template anatomy using the healthy controls groups
is hard to quantify, second an unbiased estimation would be far more complex and
would not be possible without the full knowledge of the training set for every new
subject. Another source of error can be the registration algorithm: the inter-subject
registrations are larger than the intra-subject ones and no transitivity is guaranteed.

2.5.2 Limitations of the description

Probably the main limitation of our approach is the inter-subject variability of the
markers. The markers are very stable in longitudinal but the anatomical variability
is not completely absorbed by the biomarker estimation and they are sensitive to
the subject differences. The use of an explicit or even implicit model of the shape
of a normal brain would help to makes them more specific to time related changes.

We could also note that the template anatomy is estimated using healthy subjects
only. This modeling choice may introduce a bias towards the healthy population.
We argue that the explicit modeling of the disease in our model could help mitigating
this issue. Moreover, this choice makes the origin of the morphological age and the
disease score simpler to define. Finally, pulling all the subjects could also enable
a more accurate estimation (Marchewka et al., 2014) but the relatively large and
homogeneous populations involved does not make it critical here.

In this context, the use of a single reference anatomy to parametrize the tem-
plate space could also be discussed. Here, for example, it introduced a bias toward a
certain age because of the way we composed deformations. A multi-atlas approach
could be a better solution if a single anatomy is not enough to describe our popu-
lation (Blezek and Miller, 2007; Sabuncu et al., 2009). And we could do something
similar to what was proposed by Rohé et al. (2016) to intricate the registration and
the template subspace prior.

Regarding the estimation of the template trajectories using individual longitu-
dinal SVFs transported in the template, potential bias associated with the asym-
metrical use of the baseline image (in processing and in modeling) has been high-
lighted (Reuter et al., 2012) and the imbalance in number of time points or total
longitudinal span should be taken into account for a more reliable estimation. How-
ever, Hadj-Hamou et al. (2016) has shown that the asymmetry caused by the non
centrality of the time point in the longitudinal sequence is not completely relevant
in the stationary velocity field framework because the SVF are expressed in Eulerian
coordinate and should be identical at all time points.

2.5.3 Perspectives

The use of segmentation to compute the progression markers in multiple regions
would be another way to extend the description. We showed that using a segmenta-
tion of the temporal lobes could tighten the link between the morphological markers
and early clinical conditions. However the question of the regional interactions is
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not addressed in this work and the spatial analysis of brain deformation remains a
research topic.

Our model of the morphological evolution is generic and of low dimensionality.
Consequently it only partially captures the changes related to AD and, in practice,
the subject specific field wkr is actually encoding changes that are related to the
disease and its variability but are not currently modeled. To enhance the description,
the model should integrate the observed and latent clinical condition of the subjects.
A description that goes beyond the global cognitive diagnosis would be interesting
to pursue in the temporal description of the morphological changes in order to better
describe the disease progression and capture this evolution from a healthy state to
a pathological one.

Beside, the observed longitudinal evolution is also influenced by various factors
such as sex, genetic, other pathologies or even the image acquisition protocol. The
ability to handles these covariates has shown its utility to better describe the brain
morphological evolution (Muralidharan et al., 2016).

These extensions would also improve the generative aspect. Coupling our ap-
proach with a proper disease progression model, and using a mixture model for the
trajectories, would enable the generation of morphological trajectories in a more
diverse setting to explore and sample the range of possible evolutions.

2.6 Appendix

2.6.1 Validation on a synthetic dataset

The regional values of atrophy set are given in Table 2.2. For each subject, the
values are sampled around these means with a 5% standard deviation.

brain area mean pathological (in %) mean healthy (in %)
white matter 1.0 0.8
cortex 3.0 0.4
hippocampi 5.2 1.0
amygdalae 5.2 1.0
entorhinal cortex 6.5 0.7
temporal poles 6.2 0.6
other areas 0.0 0.0

Table 2.2: Specified mean regional atrophy for the healthy and the pathological
evolutions. The goal is to get simple but realistic atrophy patterns. It should be
noted that the atrophy is specified using the divergence of the SVF in the area. The
local volume changes are computed using a spatio-temporal integration scheme.

The comparison with the values obtained after simulation or estimated through
registration are shown in Figure 2.14. The estimation can be biased by the spatial
regularization and the loss of information in intensity homogeneous areas. The
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relative changes is however similar between the two populations and the method is
by consequence adapted to compare the two evolutions.
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Figure 2.14: Comparison of prescribed, simulated and estimated atrophy values for
several brain regions. The difference between prescription and simulation can be ex-
plained by numerical approximations in the biophysical model while the estimation
is biased due to spatial regularization. However the estimation bias is consistent
accross regions and subjects.

2.6.2 Bias on the estimated template trajectories

The norms of the SVFs parametrizing the template trajectories have an effect on
the normalization of the individual biomarkers estimation. We estimate here the
bias on the the norm of the estimation relatively to the estimated norm.

For the normal aging trajectory we have:
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Assuming that the subjects are independent and identically distributed:
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The terms Var(sMA), Var(sDS) and ‖vr‖2 are related to the individual variability
that is not modeled and to the noise in the estimated deformations. We empirically
estimate the variances in the training population and we get that, for our training
dataset, ‖v̂A‖2 ≈ 1.65‖vA‖2 and ‖v̂D‖2 ≈ 1.21‖vD‖2. We should however note that
the same subjects from Gh are used to estimate the template anatomy T0 and the
normal aging template trajectory vA. Therefore, we are certainly underestimating
the bias coming from the intra-subject morphological variability for this population.

This bias has a direct influence on the markers estimations. Indeed for a subject
k, the markers are solution of the linear system 2.9 involving ‖vA‖2, ‖vD‖2 for which
the biased estimators are used.
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Chapter 2 was dedicated to the description of morphological changes associated
with known clinical conditions. In this chapter, deformation modeling is used in
more exploratory perspective: the assessment of changes associated with a clinical
variable. This work is conducted in the context of the Multidomain Alzheimer
Preventive Trial (MAPT).

The MAPT was designed to assess the effect of omega-3 supplementation and a
multidomain intervention (physical activity, cognitive training and nutritional ad-
vice) on cognitive decline of people with subjective memory complaint. In term of
cognitive testing, no significant effect on cognitive decline was found. In this work,
we evaluate the effect of the interventions on the evolution of the brain morphology
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using the MR images acquired in the study. The morphological changes are assessed
from volume measurements of regions of interest and a voxel-wise deformation-based
approach.

We find that the multi-domain intervention is associated with a significant effect
on the 3-year morphological evolution. The voxel-wise deformation-based approach
shows that the differences are mainly located in the left peri-ventricular area next
to the temporoparietal junction (TPJ). These morphological changes correspond to
a slower morphological evolution and are correlated with a better performance in
cognitive assessments. These results could not be observed using the volumetric
morphometry approach. We argue that the use of neuroimaging could help better
define early intervention strategies that are effective to delay cognitive decline and
dementia.

This chapter is based on the following article submitted to Neurobiology of Aging
(under review): Voxel based assessments of treatment effects on brain evolution in
the MAPT cohort, Raphaël Sivera, Nicolas Capet, Valeria Manera, Roxane Fabre,
Marco Lorenzi, Hervé Delingette, Xavier Pennec, Nicholas Ayache, Philippe Robert

3.1 Introduction

3.1.1 The MAPT study

Subjective memory complaint (SMD) in individuals with unimpaired performance
on cognitive tests is regarded as a possible risk factor of Alzheimer’s disease
(AD) (van Oijen et al., 2007). For this reason, people with SMD represent a promis-
ing population to put in place early interventions, and prevention strategies (Andrieu
et al., 2008). Current evidence suggests that multi-domain interventions targeting
nutrition, physical exercise, cognitive activity and social stimulation may improve
cognitive health (Kivipelto et al., 2018) in older adults with SMD (Ngandu et al.,
2015). For instance, an increase in omega-3 polyunsaturated fatty acid intake has
been proposed as a possible intervention for preventing or delaying age-related cog-
nitive decline (Dacks et al., 2013).

The Multidomain Alzheimer Preventive Trial (MAPT) was a 3-year multi-centric
randomized placebo-controlled trial designed to assess the effect of omega-3 supple-
mentation and a multidomain intervention (MDI) on cognitive decline of patients
SMD. The multidomain intervention consisted of regular group sessions focusing on
physical activity, cognitive training, nutritional advice and social stimulation and an
individual preventive consultation to follow each participant. The supplementation
in omega 3 polyunsaturated fatty acids was tested in comparison with a placebo.
1680 Subjects were randomized in four parallel groups including three intervention
groups (omega-3 alone, MDI plus placebo, MDI plus omega-3) and a placebo control
group. All participants in the MAPT study underwent extensive and longitudinal
clinical testing, including classical clinical scales and tasks to assess the physical and
cognitive functioning, the autonomy in activities of daily living, and the presence
cognitive and behavioral disturbances. Furthermore, a sub-sample of participants
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underwent structural magnetic resonance imaging (sMRI) both at baseline and at
the end of the 3-year trial. A complete description of the trial is published in Vellas
et al. (2015).

Andrieu et al. (2017) studied the effects of the treatments on the cognitive evo-
lution, as indexed by a combination of classical clinical and cognitive tests, and
found no significant differences between any of the three intervention groups and
the placebo group. In this work, we want to investigate the effect of the interventions
on the brain morphology.

3.1.2 Measuring the evolution of the brain morphology

Structural magnetic resonance imaging (sMRI) has been proven helpful to charac-
terize neuropsychiatric conditions (Bron et al., 2015; Jack et al., 2016; Lorenzi et al.,
2017) or to assess the efficacy of specific treatments (Lieberman, 2005).

In particular, knowledge of the spatial pattern and rate of decline of cerebral
brain volume provide valuable information for detecting early neurodegenerative
disease such as Alzheimer’s disease at different stages of disease progression (Mc-
Donald et al., 2009). For example, atrophy in Alzheimer’s disease is not uniform
across brain regions, nor does it follow a linear trajectory. The atrophy rate is greater
in early disease stages within the medial temporal cortex, and in later stages within
prefrontal, parietal, posterior temporal and cingulate cortex (Risacher et al., 2010).
This non linear behavior of the atrophy is also characterized by an acceleration
phase during the early stages of the disease, specifically hippocampal and entorhi-
nal atrophy in mild cognitive impairment (Sabuncu et al., 2011; Devanand et al.,
2007; Colliot et al., 2008). However, to our knowledge, there is no strong evidence
that measure of regional brain atrophy is relevant to predict symptomatic change
in patients with cognitive complaints and normal neuropsychological tests (Saykin
et al., 2006; Sluimer et al., 2008).

These usual morphometric features are generally obtained from a priori defined
regions of interests (ROIs) such as the hippocampi or the ventricles. They offer
valuable quantitative assessments but can be limited and many alternatives have
been proposed during the last decades to assess the local differences in brain tissues
composition and shape (Ashburner and Friston, 2000; Qiu et al., 2007; Hutton et al.,
2009).

Deformation based approaches describe the voxel-wise shape remodeling (Ash-
burner et al., 1998). Anatomical differences and morphological evolutions are esti-
mated using registration and modeled by diffeomorphic deformations. These trans-
formations of the space give us direct information on the visible evolution of the
brain. These approaches can be powerful describe the aging brain evolution (Sivera
et al., 2019b) and to explore the potential morphological changes to suggest mor-
phological correlates (Schmidt-Wilcke et al., 2009).
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3.2 Method

3.2.1 Participants

Subjects of the MAPT cohort with two MRI acquisitions at baseline and 36 months
are included. The total sample includes 377 subjects, randomized in the MDI plus
omega-3 group (N=98), the MDI plus placebo group (N=100), the omega-3 alone
group (N=87), or the placebo control group (N=92). The demographic features
and the genetic, cognitive and functional profile of subjects at baseline are reported
in Table 3.1. One subject was later excluded during processing due to a failure of
execution of the processing pipeline.

In order to verify that the 3-year evolution of the subjects cognitive, behavioral
and functional profile in our sub-sample (N=377) is comparable to the original study
population (N=1680), we submitted the evolution of the scores (results at M36 minus
results at baseline) of each of the available tests to separate ANOVAs with Group
(MDI plus omega-3, MDI plus placebo, omega-3 alone, placebo) as between-subject
factor.

3.2.2 Regional atrophy and cortical thickness assessments

First, the longitudinal morphological evolution is evaluated using cortical thickness
and sub-cortical volumetric measures. The data is processed using the longitudinal
pipeline available in the FreeSurfer software (Reuter et al., 2012). We decided to
focus our analysis on the longitudinal evolution of the regions of the brain well known
to be atrophying in dementia from early stages (MCI) to severe stages (Whitwell
et al., 2007). The evolution is measured between the baseline and the 36-month
follow-up.

For the volumetric information 24 regions are selected and total left plus right
changes are computed for 9 of these regions. The cortical thickness is evaluated in
34 regions of each hemispheres. Similarly the left/right averages are added to the
analysis. We also evaluate the effect on the total white and grey-matter volume and
the brain parenchyma fraction (BPF). In total the evolution is characterized by 142
morphological variables (the extensive list is available in supplementary material)
in order to get a exploratory overview of the possible morphological changes.

The difference between the treatment groups are tested using an ordinary linear
model with no cross effect. A non-parametric re-randomization test is performed to
correct for multiple comparisons.

3.2.3 Statistical analysis of the deformations

3.2.3.1 Modeling the brain evolution

The deformation-based approach used in this work is based on an efficient
parametrization of diffeomorphisms using stationary velocity fields (Arsigny et al.,
2006). In this setting, smooth and reversible deformation that spatially align the
anatomies are estimated through non-linear registration (Lorenzi and Pennec, 2014)
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between pairs of images. These deformations are fully parametrized by the flow of
a stationary velocity field (SVF). From these deformations it is possible to compute
the corresponding volume changes locally in the brain (Lorenzi et al., 2013), but it
is also possible to analyze the longitudinal intra-subject evolutions directly in the
deformation space using the SVFs transported in a common reference space where
they can be compared (Hadj-Hamou et al., 2016).

3.2.3.2 Assessing the effect of the treatments on the brain evolution

We want to evaluate the effect of both interventions on the morphological evolution.
To do so, we test the H0 hypothesis that the treatments are not correlated with
the vector fields parametrizing the deformations. However these fields are high
dimensional and repeating the test for every voxel will result in a large number of
correlated tests. To address this problem, we use a non-parametric re-randomization
test to control for family-wise error rate (FWER). This statistical approach does not
require strong assumptions on the data distribution, especially when the patients
are in a randomized trial, and is well fitted to the neuroimaging settings (Nichols
and Holmes, 2002).

Several statistics can be used at the voxel level; most of them are based on the
comparison of the residual variance matrix and the model variance matrix. Here, the
voxel statistic is based on the likelihood ratio to compare the goodness of fit between
the linear model taking into account the treatments and the constant model. No
additional covariate are included in our model. The maximum of this statistic is
than used to summarize the result over the whole brain. This maximum statistic
assesses the effect of the treatments globally and is not associated to any specific
brain region.

For each random permutation of the subjects, the maximum of the likelihood-
ratio statistic map is computed on the whole brain area. These values give an em-
pirical distribution of the maximum statistic under H0. This empirical distribution
allows us to compute, for the real group assignment, the resulting p-value.

In order to get a reliable p-value estimation, N = 2000 permutations are com-
puted. Indeed, the standard deviation of the p-value estimation at a significance
level of α = 0.05 is equal to:

P =
√
α(1− α)/N ≈ 0.005

Additional likelihood ratio analyses are performed to assess the effect of both the
omega-3 and the multidomain intervention variables individually. For these analyses
the same permutations of the 376 subjects are used, the only difference is that the
linear model tested only takes into account one variable of interest.

To complement these results about the existence of a global difference in mor-
phological evolution, we are also interested in the interpretation of the eventual
difference and their relation to an evolution toward more advanced diseased stages.
To achieve this we first visualize the voxel-wise z-value maps. They give insights on
where the difference are correlated with the treatments. Then, the mean evolution



3.3. Results 49

is computed for each subgroups and the local differences are highlighted. It allows
us to make hypotheses about the properties of these differences.

3.3 Results

3.3.1 Cognitive, behavioral and functional assessment

Results regarding the 3-year evolution of the subjects cognitive, behavioral and
functional profile in our sub-sample are reported in Table 3.2. The evolution of
the scores (results at M36 minus results at baseline) of each of the available tests
is evaluated using ANOVAs with Group (MDI plus omega-3, MDI plus placebo,
omega-3 alone, placebo) as between-subject factor.

Converging with previous reports (Andrieu et al., 2017), no significant effect
of the intervention was found on the evolution of the overall cognitive function-
ing (Mini-Mental State Examination (Folstein et al., 1975)), depression (Geriatric
Depression Scale (Yesavage et al., 1982)), and physical fitness (Short Physical Per-
formance Battery (Guralnik et al., 2000)). Similarly, no consequences were found
on everyday life (Alzheimer’s Disease Cooperative Study Activities of Daily Living
Prevention Instrument (Galasko et al., 2006)).

Concerning the evolution of the cognitive profile, no effect of group was found
on the evolution of memory (as indexed by classical neurophysiological tests – Free
and Cued Selective Reminding Test (Grober et al., 1988) – and self-report – Visual-
analogue scale EVA (McNair and Kahn, 1983)) attention and executive functions
(Digit Symbol Substitution Test (Wechsler, 1981) and TMT-A and TMT-B (Reitan,
1958)) or verbal letter fluency (Controlled Oral Word Association Test (Cardebat
et al., 1990)). A significant effect on semantic verbal fluency (Category Naming Test)
was found (p=.027), but post-hoc comparisons (Bonferroni corrected) revealed no-
significant difference between the three intervention groups and the control group.
These results argue that our sub-sample (N=377) is comparable to the original study
population (N=1680).

3.3.2 Segmentation-based statistical analysis of the interventions’
effect

These results rely on the longitudinal processing done using the FreeSurfer soft-
ware. One subject was excluded from this analysis due to a processing failure. All
the results for the evolution of every volumes and cortical thickness are reported in
supplementary material. Table 3.3 summarizes the global result. No effect is observ-
able in any regions, including the total white-matter, gray-matter or brain volume
to intra cranial volume, for both interventions. This absence of observable effect is
not related to the large number of variables selected in this exploratory approach.
Indeed the strongest difference are measured in the corpus callosum posterior and
the left thalamus and their respective p-values without correction are respectively
0.036 and 0.043. By consequence no meaningful observation or hypothesis can be
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drawn from this experiment.

max Fisher statistic univariate parametric p-value corrected p-value (2000 perm.)
3.35 0.036 0.80

Table 3.3: Statistical analysis of morphological assessments relatively to treatment
groups. Differences are evaluated using a simple linear model with no cross-effect.
We report the global statistic over all the 142 variables. The maximum is attained
on the volume of the posterior corpus callosum but the result is not significant after
correction for multiple tests.

3.3.3 Deformation-based statistical analysis of the interventions’
effect

A significant effect of the treatments was found on the morphological evolution over
the 3 years follow-up (p-value = 0.018). This result for the primary efficacy anal-
ysis jointly consider both treatments (MDI and omega-3) and is corrected for the
whole brain voxel-wise comparisons. The localization of this effect is visible in Fig-
ure 3.1(a). The effect is stronger in the peri-ventricular area in the left hemisphere
near the temporoparietal junction (TPJ). Few differences are also visible in the right
temporal lobe but are not statistically significant.

Further testing is done to evaluate if the effect is associated with the omega-3
or the MDI. The statistical maps are shown in Figure 3.1(b-c). The linear model
associated with the omega-3 is found to be not significantly better than the constant
model (p-value = 0.927) while the one with the MDI shows a significant correlation
(p-value = 0.026). Furthermore, the model taking into account both variables do
not perform significantly better than the one taking into account the MDI only (p-
value=0.933). Moreover the pattern observed for the MDI is really similar to the
one found for the joint modeling.

To summarize, the observed changes in the morphological evolution are only
associated with the MDI. Consequently, in the following we focus on the description
of the MDI effect only.

3.3.4 Description of the MDI effect on the brain morphology

In this section we visualize the effect of the MDI. First, the full 3-dimensional
statistical z-map is represented in Figure 3.2. The positive cluster extent in the left
posterior peri-ventricular area seems to indicate a relatively localized effect. However
we should keep in mind that the displacements which are visible in this area could
be induced by morphological changes in other parts of the brain. Moreover the high
z-values in the corresponding area in the right hemisphere and in the right temporal
lobe may indicate the existence of changes in these regions too.

These results mean that the mean evolutions for the group undergoing MDI and
the other one are different. Figure 3.3 represents the mean velocity fields parametriz-
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Figure 3.1: Voxel-wise z-values of the likelihood ratio test for the linear model
taking into account: (a) both categorical variables associated with the omega-3 sup-
plementation and the multidomain intervention, (b) omega-3 only, (c) multidomain
intervention only. High values indicate a good fit of the model relatively to the con-
stant model. Intensity thresholds correspond to the independent parametric testing
at level 0.05 (lower threshold) and 0.001 (higher threshold).
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ing the longitudinal deformation for the subjects with or without the MDI. The
omega-3 status is ignored to increase sample sizes as no morphological effect was
found.

At first glance, both evolutions are similar and correspond to a normal aging
process. The difference in the peri-ventricular area is visible and corresponds to a
deformation of smaller amplitude. The main effect is visible in the TPJ with a slight
asymmetry and a stronger difference on the left. We can also note a reduction of
the deformation in both temporal lobes for subjects undergoing the MDI.

Figure 3.3: Mean velocity fields parametrizing the deformation for the subjects with-
out MDI (left) and with MDI (center). The difference (right, scaled x5) highlights
the changes associated with the intervention. The two means are similar, the main
difference is a smaller amplitude of deformation in the peri-ventricular area.

It is also possible to visualize the atrophy associated with these deformations.
Indeed any spatial transformation can induce local volume changes. In our model,
the relative volume change in each voxel is given by the log-Jacobian map (see
Figure 3.4). Here the difference clearly shows a reduction of the atrophy in the whole
brain (less atrophy in the parenchyma and less expansion in the CSF). However the
pattern previously observed on the deformation was more localized. It suggests that
the difference of evolution is associated with a global difference in volume loss but
also a more complex reconfiguration of the morphology.
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Integrating the log-Jacobian using a predefined segmentation can be used to
assess the volume change of specific brain areas. Here, using a segmentation of
44 regions provided the FreeSurfer software, the main regions affected by the MDI
are the left lateral ventricle, the left inferior ventricle and the right hippocampus.
No region shows a significant effect when correcting for multiple comparisons for
this volumetric approach. This confirms that the difference is only partially due to
volume changes and is associated to a more complex morphological reconfiguration.

Figure 3.4: Mean atrophy for the subjects without MDI (left) and with MDI (center)
and the difference (right) to highlights the changes associated with the intervention.
The two means are similar, the difference correspond to a global slower atrophy
pattern.

3.3.5 Relation to cognitive and behavioral scores

No direct cognitive effects of the treatment was observed. However it is possible
to relate the observed morphological differences to clinical assessments in order to
better interpret the results. In this section we compare the morphological changes
that are MDI related to the cognitive evolution measured by clinical scores.

In the previous section, a regression model is used to evaluate the effect of the
MDI. Our objective is to interpret the SVFs that parametrize this model (those
shown on Figure 3.3). To this end, these SVFs are used to linearly decompose the



56 Chapter 3. Exploratory morphometry for the MAPT clinical trial

individual morphological evolutions. The coefficients given by this decomposition
are, by construction, not independent between subjects, but they give information
about these specific morphological changes in the population.

These coefficients are then analyzed in relation with the evolution of four cog-
nitive and behavioral scores. The four selected variables, previously introduced ,
are the Mini Mental State Examination (MMSE), the Geriatric Depression Scale
(GDS), the free recall test and the category naming verbal fluency test. The evo-
lution is measured by the difference in score between the 3-year followup and the
baseline. The analysis is done using the whole population (i.e. the 376 subjects).

The correlation between the coefficients of the morphological decomposition and
each clinical variable is assessed using a Fisher test. The results are presented
in Table 5.1. The intercept measures the average evolution in cognitive score in
the whole population while the coefficient corresponds to the average change for a
difference in morphological evolution equal to the difference between the control and
the MDI group.

We find that the morphological changes that were associated with the MDI are
also statistically associated with positive cognitive and behavioral effects: decrease
in the GDS total score and increase of the memory recall test. For comparison, no
significant longitudinal evolution in GDS is observed for the control group while a
general improvement in recall performance is observed for the overall population
(the morphological changes of interest being associated a better amelioration). The
effect on MMSE and fluency is not significant but, in both cases, it corresponds to
a slowing of the cognitive decline.

F-test p-value intercept [CI] coefficient [CI]
MMSE 0.078 -0.14 [ -0.35, +0.066] 0.097 [ -0.011, +0.2]
GDS 0.011 0.013 [ -0.25, +0.28] -0.18 [ -0.32, -0.042]
Recall <0.001 1.3 [ +0.71, +1.8] 0.55 [ +0.26, +0.84]
Fluency 0.44 -0.2 [ -0.94, +0.55] 0.15 [ -0.23, +0.54]

Table 3.4: Test for correlation between the MDI morphological effect and the cog-
nitive or behavioral clinical assessments. The intercepts correspond to the average
3-year evolution, the coefficients correspond to the score change for a change in
morphological evolution equal to the difference between the control group and the
MDI group.

3.4 Discussion

The statistical analysis of the brain deformations estimated from structural MRIs
shows a possible effect of the MDI on the morphological changes. Differences are
observed in peri-ventricular area and in the temporal lobes in an asymmetrical
pattern. The effect is stronger in the left hemisphere near the pre-cuneus and using
a non-parametric analyses, we show that this effect is statistically significant. No
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visible effect was found for the omega-3 supplementation relatively to the placebo.

3.4.1 Interpretation of the morphological changes

First we need to note that locally and globally the MDI is also associated with
a general pattern of reduction of deformation and atrophy in the whole brain. It
would mean that the evolution is similar but slower thanks to the interventions.
This evolution is mainly visible through the ventricular expansion and would explain
that the effect is visible at the ventricle boundary. However the difference are not
uniformly spread in the brain and in particular the left hemisphere is more affected.

The localization of the effect in the deep white matter may also indicate a direct
effect on the myelinised axons in this area. Physiological changes in these area
could have complex implication on the general cognitive condition. It is particularly
interesting as the damage on the white matter tracks is not necessarily correlated
with cortical atrophy as shown by Agosta et al. (2011) for amnestic patients with
mild cognitive impairment. These observations would give early signs of the decline
before the cortical atrophy.

The asymmetry could be related to the selection of exercises proposed in the
MDI. A focus on tasks strongly relying on language would be associated with a
stronger effect on the left hemisphere. One interpretation is that the intervention
would increase or contribute to maintain the cognitive reserve in these areas.

Similarities can be found with early Alzheimer atrophy patterns where cortical
atrophy is first observed in the temporal lobes, in the inferior parietal and posterior
cingulate (McDonald et al., 2009). The difference of atrophy measured between
controls and MDI subjects is smoother and less localized but is not incompatible
with this pattern. The atrophy in one region can create a deformation that propagate
to neighboring regions where the displacements may be more visible.

Finally, the correlation of the morphological effect with the cognitive and behav-
ioral evolution suggests a possible long-term improvement of the subjects cognitive
and behavioural profile. Moreover, the amplitude of the effect could be comparable
to the normal speed of the cognitive decline.

3.4.2 Limitations

The selected morphometric approach gives a rough localization of visible structural
displacements in the brain. The localization incertitude is reinforced by the fact
that registration algorithms are not able to accurately estimate deformations in
intensity homogeneous area and by consequence, the method can be more sensitive
in high contrast area and miss some information elsewhere. Beside we saw that these
deformations may be not directly related to local volume changes. The use of a full
diffeomorphic deformation is powerful to detect subtle changes but the increase in
complexity and generality makes the interpretation of the results more difficult.

Moreover, it is difficult to interpret the observed differences because we can
only consider the joint effect of the MDI which regroups a large spectrum of activ-
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ity (social interactions, physical cognitive exercises, nutritional advice, etc.). The
interpretation is also made difficult because no direct effect of the treatment on
the cognitive evolutions has been shown. And, in this work, the relation between
these morphological changes and the cognitive condition studied in section 3.3.5 is
evaluated on the same dataset and could be sensitive to hidden exogenous variables.

Finally, the implementation of the statistical model has its own limitations. It
makes the GLM model applicable to multivariate fields but does not includes alter-
native approaches such as mixed-effect modeling or computational optimizations. It
would also be interesting to try to replicate these results with a different morpho-
logical modeling and statistical approach as the model choice and the software may
influence the findings (Bowring et al., 2018).

3.4.3 Perspectives

Further analyses should be done to better understand the nature of the changes,
their localization and the long-term consequence on the cognition.

An analysis of the deformation over a longer time interval could increase the
accuracy of the estimation. It would also make it possible to link the local deforma-
tions to the cognitive evaluation despite the intrinsic variability of these assessments.
Then, in conjunction with structural images, metabolic or functional imaging would
give complementary information on the localization and the nature of the changes.
Diffusion imaging could help validating the hypothesis concerning the effect of the
interventions on the white matter tracks.

In order to design better protocols, it would be interesting to know the relative
contribution of each intervention within the MDI. We should however note that the
observed joint effect is relatively weak and it would not be an easy task.

Finally, the long-term effect on cognition should be assessed. It could be interest-
ing to focus on cognitive tests evaluating functions which rely on the highlighted ar-
eas. The morphological effect of the multi-domain intervention goes against changes
that are usually associated with the aging of the brain and the decline of the cogni-
tive functions. However even if these changes are correlated, we have no proof that
the MDI has a long-term protective effect that could be used for the prevention of
the cognitive decline and of an eventual dementia.

3.5 Conclusion

In the context of the MAPT study, a significant effect of the multidomain inter-
vention on the brain morphology was found. The voxel-wise deformation-based
approach highlights differences in the white matter near the left temporoparietal
junction. These morphological changes correspond to a slower morphological evo-
lution and are correlated with better performance in cognitive assessments. These
results are in agreement with previous studies suggesting a positive effect of a sim-
ilar intervention on cognitive health in older adults (Kivipelto et al., 2018). To go
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further, the long-term effects of the intervention on the cognitive and behavioral
condition should be evaluated.

From the methodological standpoint, the results of the present study suggest
that the statistical analysis of longitudinal deformations may be a powerful tool to
assess the morphological changes and the effect of a treatment even without priors
on the affected areas. In this work, we were unable to observe these differences using
the volumetric approach, which suggest that the observed effect is associated with
a complex morphological reconfiguration that cannot be reduced to simple local
volume changes. This work thus suggests that the morphological changes may help
to link physiological changes and changes in cognitive functions, even before changes
in cognitive functions are clinically relevant.
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The statistical analysis of the deformations is a central element of Chapter 3
where it is used to characterize the effect of the treatments in the MAPT study.
However the focus of Chapter 3 was on the description of the results and their
clinical implications. Nonetheless, the development of general approaches that can
be easily adapted to new problems is an important challenge too.

Voxel-wise statistical analysis is a well-established domain in medical imaging
in particular for scalar images. However, the usual approaches are limited in their
characterization of the morphological changes while the analysis of the multivariate
fields parametrizing the deformations raises new issues and challenges.
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In this context, this chapter presents the general mass-multivariate statistical
testing framework for multivariate images behind the analysis in Chapter 3. This
framework builds on deformation-based morphometry (DBM) to be able to charac-
terize patterns and highlight differences related to clinical variables on multivariate
images. This chapter presents the theoretical foundations of the framework, details
the methodology and explores the importance of the main parameters of the ap-
proach. The question of the treatment effect in the MAPT study (introduced in
Chapter 3) is used as main illustration.

4.1 Context and objectives

4.1.1 Deformation-based morphometry

Neuroimaging opens a window on ongoing processes in the brain that are otherwise
not quantifiable. It can be used to assess the effect of a treatment, a specific clin-
ical condition or the reaction to any kind of stimulation. Each imaging modality
brings its own specificity but the spatial processing and the general problematic
are generally similar. However high-dimensionality of the data makes quantitative
assessments difficult.

In this context, the first attempts to produce voxel-specific statistical inferences
were developed for metabolic images (PET). The multitude of required statistical
tests raises the need to control the false positive rate. Parametric solutions were
proposed based on the random fields theory. They lead to the development of mul-
tiple methodological and computational tools for voxel-based morphometry (VBM)
and a rich literature addressing this problem and its applications (see Ashburner
(2012) for an overview of these developments).

However, these parametric approaches rely on hypotheses about the spatial con-
sistency of the voxels that can lead to error in false positive rate estimation (Eklund
et al., 2016; Cox et al., 2017). Non-parametric statistical framework have been
proposed in particular with Nichols and Holmes (2002). They usually require less
hypotheses to be valid at the expense of additional computing resources (Winkler
et al., 2014).

Finally, the analyses are often restricted to scalar values leading to strong limita-
tions for the analysis of multivariate images such as diffusion tensor images (DTI) or
deformation fields. In DTI, scalar quantities such as fractional anisotropy or trace
are generally used (see Smith et al. (2006) for example) even if such summaries
do not capture all the information available. Concerning deformations, most ap-
proaches rely on scalar measures of the atrophy and multivariate statistical analyses
are often restricted to low dimensional representation of the deformations (Ash-
burner et al., 1998; Teipel et al., 2007).

Some works have (partially) addressed this problem. Schwartzman et al. (2005)
proposed a statistical model for the direction of the diffusion (first eigenvector of
the diffusion matrix) based on the bipolar Watson distribution. A t2 Hotelling
statistic can also be used when the objective is to compare two groups of subjects.
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This approach is used in Hadj-Hamou et al. (2016) on stationary velocity fields
parametrizing longitudinal deformations, but this approach is limited to a two-
sample discriminant analysis. Using a different approach, Maris and Oostenveld
(2007) handles multi-sensors electroencephalographic (EEG) data using a cluster-
ing strategy that combine the results obtained using univariate statistics. To our
knowledge, there is no general framework available for the analysis of multivariate
images (such as vector fields) even if the conceptual background is well established.

4.1.2 Clinical motivation: the MAPT case study

The Multidomain Alzheimer Preventive Trial (MAPT) presented in Chapter 3 is a
randomized placebo-controlled trial designed to assess the effect of omega-3 supple-
mentation and a multidomain intervention (MDI) on cognitive decline of patients
subjective memory complaint (SMD) (Vellas et al., 2015).

Our objective is to assess the effect of the treatments on the morphological
evolutions that are modeled using a longitudinal deformations parametrized by a
SVFs estimated through non-linear registration. The study is conducted on the 376
participants with a structural MRI acquisition at baseline and at the end of the
3-year trial. For each subject, a stationary velocity field (SVF) parametrizing the
longitudinal deformation in a common reference anatomical space is computed using
the framework proposed in Hadj-Hamou et al. (2016). The resulting experimental
setting is then quite simple and standard: each subject is characterized by a 3D
vector field (the SVF) and two treatment variables.

4.1.3 Chapter overview

The objective of this chapter is to describe a complete non-parametric statistical
framework for multivariate images. In this framework, the General Linear Model
(GLM) is used to design statistics that are suited for the multivariate analysis at the
voxel level. The multiple comparisons problem raised by the high-dimensionality
of the images is handled using a permutation-based approach that requires few
hypotheses and is well-suited for the analysis of medical images.

The first part introduces the method. We summarize the problem of hypothesis
testing for the GLM with the elements that will be needed in this work. Then,
the key steps of the method are presented. The presentation is practical and the
approach is illustrated by the MAPT clinical trial. In the second part, the results of
the multivariate analysis of the MAPT are compared to the results obtained using a
scalar atrophy measurement. Finally, we evaluate possible alternatives to the design
of the statistical analysis on two aspects: the choice of the voxel statistic, and the
use of a super-threshold summary statistic.



64
Chapter 4. Statistical framework for hypothesis testing on

deformations

4.2 Method

This section is written as a practical guide to conduct a multivariate statistical
analysis using our problem as a case study. What follows describes how to assess a
correlation between a treatment or a clinical variable and, the longitudinal morpho-
logical evolution measured by image registration. We first introduce the elements
of hypothesis testing that will be used at the voxel level.

4.2.1 Multivariate General Linear Model

The main objective of this work is to be able to analyze multivariate images in a
general context. To do so, the idea is to use the generic General Linear Model (GLM)
framework (that includes t-test, t2-test, ANOVA, etc.) that is easily applicable to
multivariate data at each voxel.

We consider the problem with n subjects, d explanatory variables and p re-
sponses. We denote Z the (n, d) design matrix, Y the (n, p) response matrix, B the
(d, p) coefficients, and e the (n, p) residual vector. The linear model writes:

Y = ZB + e. (4.1)

Under the hypothesis of Gaussian residual, e ∼ N (0,Σ), the maximum likelihood
estimators (MLE) write:

B̂ = (Z ′Z)−1Z ′Y, (4.2)

Σ̂ =
1

n
(Y − ZB̂)′(Y − ZB̂) (4.3)

=
1

n
Y ′(In − PZ)Y, where PZ = Z(Z ′Z)−1Z ′. (4.4)

In the context of hypothesis testing, the objective is generally to assess if the
model is a good explanation of the responses. The statistics that are used to reject
the null hypothesis are often based on a decomposition of the variance between the
part explained by the model and the variance of the residuals. In particular, using
the predicted values Ŷ = ZB̂ and the residuals ê = Y − Ŷ , we show that we have:

Y ′Y = Ŷ ′Ŷ + ê′ê.

This equation is directly seen as the decomposition of the variances between the
model variance matrix H and the error variance matrix E:

Y ′Y = H + E with H = Ŷ ′Ŷ and E = ê′ê,

These two parts are (p, p) covariance matrices because of the multivariate response.
Then the usual statistics are based on the eigenvalues of these matrices, or directly
on the matrix A = HE−1. For instance, the Wilk’s lambda: Λ∗ = |E|/|E +H|,
Pillai’s trace: tr(H(E +H)−1) are commonly used in the context of MANOVA.
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4.2.2 Likelihood ratio test

In this work, our statistic derives from the likelihood ratio test. This approach relies
on model comparison between two sets of predictors, for example between the model
evaluated and the constant model.

Let L(B,Σ) be the likelihood of the linear model with Gaussian residual, we
have:

logL(B,Σ) = −n log |Σ|
2
− np

2
log(2π)−

∑
i

eTi Σ−1ei (4.5)

= −n log |Σ|
2
− np

2
log(2π)− trace(Σ−1(Y − ZB)′(Y − ZB)) (4.6)

In general, the likelihood ratio criterion used to compare two sets of predictors is
defined by:

Λ =
maxH0 L(B,Σ)

maxH1 L(B,Σ)
(4.7)

Using the maximum likelihood estimators from 4.4 in the likelihood 4.6, the formu-
lation simplifies and the criterion is only based on the error matrices of both linear
models:

log Λ = log
L(B̂0, Σ̂0)

L(B̂1, Σ̂1)
=
n

2
log

(
|Σ̂0|
|Σ̂1|

)
.

When the objective is to assess the complete model in comparison to the null model,
the statistic can equivalently be written using the model variance matrix H and the
error variance matrix E previously introduced:

Λ =

(
|E|

|E +H|

)n/2
. (4.8)

This statistic should be large when the model is unexplanative (i.e we reject H0

if Λ is small). More generally, this approach can be used to compare two sets of
predictors or to include covariates in the analysis. We refer to Fujikoshi (2016) for
more details. We can remark that this test is related to AIC model selection (see
Appendix 4.7).

4.2.3 Design for non-parametric statistical testing on images

A permutation-based scheme is build around this voxel statistic. We based the
description of our method on the step highlighted by Nichols and Holmes (2002).
They detail 6 keys steps to perform a permutation analysis for neuroimaging:

1. the null hypothesis,

2. the exchangeability constraints,
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3. the choice of two statistics: voxel-level statistic and summary statistic,

4. the relabeling algorithm,

5. the permutation distribution,

6. the significance level.

The application of this organization for the assessment of the treatment effects
in the MAPT leads to the following points.

Null hypothesis: Our H0 hypothesis is that the treatment variables have no
effect on the SVFs parametrizing the longitudinal intra-subject evolution.

Exchangeability: The MAPT study was randomized. Under H0, using another
random assignment of the subjects regarding the treatments would lead to the same
data distribution. Every subject can be assigned to every treatment group as long
as we match the original randomization. In particular, the number of subjects
undergoing each treatment (and each combination of treatments) is conserved.

Voxel-level statistic: The likelihood ratio test for the GLM is computed for each
voxel independently (see formula 4.8). No covariates are included in our analysis; we
compare the linear model regressing the local velocity vector using the two treatment
variables (error matrix E0) to the constant model (error matrix E1).

In order to improve the direct interpretability, the result is scaled depending
on q the number of predictors of the model (here q = 2 + 1) and r the number of
predictor of the reduced model (r = 1). Indeed for large n we can show using Wilk’s
theorem that:

−(n− r − 1− 1

2
(p− r + q + 1)) ln(

|E0|
|E1|

) ∼ χ2
p(r−q), (4.9)

where the dimension p of the output is here equal to the dimension of the voxels of
the SVF, i.e. p = 3.

Summary statistic: The summary statistic aims to combine all the voxel statistic
to give a global assessment image wise. We use the maximum statistic (single
threshold for the rejection of the omnibus hypothesis). We also evaluated the other
approach described by Nichols and Holmes (2002) (ie suprathreshold cluster). The
central idea behind the maximum statistic is that, quoting: “for the single threshold
test to be equally sensitive at all voxels, the (null) sampling distribution of the
chosen statistic should be similar across voxels”.
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Relabeling: For combinatorial and computational reasons, it is impossible to do
the exact permutation test and compute the statistic for every admissible permuta-
tions. Consequently we randomly draw N valid permutations, the standard devia-
tion of the p-value estimation at a significance level of α = 0.05 can be estimated
using:

P =
√
α(1− α)/N

We choose to draw N = 2000 giving a standard deviation P ≈ 0.005. The permu-
tation sampling is performed using the numpy randperm function.

Permutation distribution: For each permutation, the maximum statistic is
computed independently. From the computational point of view, this can be ex-
pensive but is easily parallelized on a computer cluster.

Significance threshold: We use the 95th percentile to determine significance.
The hypothesis can be rejected if the maximum statistic from the true assignment
is above this threshold. More generally empirical p-value can be computed using
the sorted distribution of the maxima obtained for every permutations.

4.3 Experimental results in the MAPT study

4.3.1 Results of the multivariate analysis

A significant effect of the treatments on the morphological evolution is found (p-
value = 0.018). This result for the primary efficacy analysis jointly considers both
treatments (MDI and omega-3) and is corrected for the whole brain voxel-wise com-
parisons. The localization of this effect is visible on Figure 4.1 that reproduces
the z-value maps for the likelihood ratio tests for each intervention. The effect is
stronger in the peri-ventricular area in the left hemisphere near the temporoparietal
junction.

Further testing is done to evaluate if the effect is associated with the omega-3 or
the MDI. Additional likelihood ratio analyses are performed to separately assess the
effect of each predictor variable. The z-value maps are reported on Figure 4.1. The
linear model associated with the omega-3 is found to be not significantly better than
the constant model (p-value = 0.927) while the one with the MDI shows a significant
correlation (p-value = 0.026). Furthermore, the model taking into account both
variables do not perform significantly better than the one taking into account the
MDI only (p-value=0.933) and the pattern observed for the MDI is similar to the
one found for the joint modeling.

These results of the analysis of the MAPT are fully described and discussed
in Sivera et al. (2019a).
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4.3.2 Comparison to the atrophy-based assessments

The results of the multivariate analysis of the deformations can be compared to
similar analyses on a scalar (ie univariate images) measure of the atrophy derived
from the deformations. Here, the atrophy is quantified by the log-Jacobian of the
SVFs (Lorenzi et al., 2013). Our question regarding the potential effect of the
MAPT interventions on the brain morphometry can then be addressed using the
atrophy maps. This volumetric analysis, that is possible using existing software
such as SPM (Friston, 2007), will be compared to the statistical analysis on the
SVFs directly. Of course, our framework can also be applied to univariate images
as it is only a particular case of multivariate analysis.

Figure 4.2 shows the results obtained using our framework on the log-Jacobian
maps. No significant effect is detected. A cluster of high z-value is visible in the
same area than for the SVFs but the empirical p-values are lower, in particular when
considering the MDI alone. These results would not be conclusive by themselves.

Figure 4.1: Voxel-wise z-values of the likelihood ratio test for the multivariate linear
model on the SVFs taking into account: (a) both treatment variable, (b) the omega-
3 only, (c) the multidomain intervention only. High values indicate a good fit of the
model relatively to the constant model. Intensity thresholds correspond to the level
p=0.05 for the non-corrected voxel parametric test (lower threshold) and for the
empirically corrected using permutations test (higher threshold).
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Figure 4.2: Voxel-wise z-values of the likelihood ratio test for the univariate linear
model on the atrophy maps taking into account: (a) both treatment variable, (b) the
omega-3 only, (c) the multidomain intervention only. High values indicate a good
fit of the model relatively to the constant model. Intensity thresholds correspond to
the level p=0.05 for the non-corrected voxel parametric test (lower threshold) and
for the empirically corrected using permutations test (higher threshold).
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A similar factorial design is used in SPM to regroup the subjects depending on
their MDI and their omega-3 supplementation status. We assess the effect of both
interventions on the atrophy maps. The clusters are computed on the whole brain
with a height threshold of p=0.001. The results are presented in Figure 4.3. Not
many clusters are visible and they are all small. The results are not significant.

4.4 Alternative methodological choices

In this section, we explore possible alternatives to the design of the statistical anal-
ysis on two aspects. First we consider other possible voxel statistics. Then, we
evaluate the use of a super-threshold summary statistic.

4.4.1 Voxel statistic

The first alternatives to the likelihood ratio statistic are other statistics usually
used to test the same hypothesis in the literature. Here we consider the Lawley-
Hotelling’s trace, the Pillai’s trace and Roy’s maximum root. All these tests are
related to the eigenvalues λk of the matrix HE−1. Here, for sake of simplicity, we
do not rescale them. The definitions used are:

• Likelihood ratio: S = log( |H||E| ) = log(|HE−1|) =
∑

k log(λk),

• Lawley-Hotelling’s trace: S = trace(HE−1) =
∑

k λk,

• Pillai’s trace: S = V
p−V where V = trace(H(H+E)−1) =

∑
k

λk
1+λk

and p = 3,

• Roy’s maximum root: S = maxk λk.

The results comparing these statistics are presented in Figure 4.4. They are
really similar; only the Roy’s root shows a visible difference with more contrast
between the significant area and the rest of the brain. The amplitude of the statistics
also highlights the weakness of the model explanation. The explained variance is
relatively small (we can say that it explains at best 10% of the variability in the
best area) and the matrix HE−1 is close to the identity. This observation can also
explain why the first three statistics are similar. Indeed if all the λk are close to
1 the three formulas give similar results. The Roy’s root may be highlighting the
anisotropy of the data and could lead to complementary results.

To explore more widely the problem of the choice of the voxel-statistic, we can
take a more open approach. Indeed any metric or pseudo-metric on symmetric
positive matrices can be used. We propose here three additional alternatives of the
form f(H)− f(E) inspired by the the likelihood ratio statistic that can be written
log(|H|)− log(|E|). We use:

• the trace: trace(H − E)

• the sum of coefficients:
∑

i,j Hij − Eij
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Figure 4.3: SPM results for the voxel-wise statistical analysis of the effect of both
MAPT interventions on the log-Jacobian maps. Top: multidomain intervention,
bot: omega-3 supplementation. No significant result is highlighted.
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• the sum of squares:
∑

i,j H
2
ij − E2

ij

The results are shown in Figure 4.4. The highlighted voxels are localized in
relatively similar areas. However their extents and relative importance do vary. For
example for the sum of squares the peri-ventricular pattern is much more symmetric
with counterpart in the right hemisphere clearly visible, and the differences are not
visible in the right temporal lobe while the left hippocampus seems to appear.

4.4.2 Summary statistic

The most common alternative to the maximum statistic is the size of supra-threshold
clusters. The statistical map is thresholded at a given threshold. Then the size of
the connected components is used to determine the significance of the result: a large
cluster being associated with a positive result.

The main question when using a cluster based approach is how to create these
clusters. Here we use a simple thresholding reducing the problem to the choice on
one single parameter: the threshold value. The choice of the threshold may influence
the result. A too low value will create huge blobs that will be uninterpretable and
probably not meaningful. A too high value will be too strict to detect potential
results.

For the sake of interpretability, the threshold is often chosen to correspond
to a specific p-value for the individual voxel statistic. The threshold t is then
parametrized by the level α of the single voxel parametric test using the inverse
cumulative distribution function: t = ICDF(1 − α). The level α = 0.001 is often
recommended; higher thresholds may be too strict, more liberal lower thresholds
may create large (ie uninterpretable) and unreliable clusters (Woo et al., 2014). In
our case, the threshold is considered relatively to the theoretical H0 distribution of
the voxels: a χ2 distribution with 6 degree of freedom.

The H0 distribution of supra-threshold cluster sizes can be computed in the
context of the statistical field theory. However, we use in the work the permutation-
based non-parametric scheme introduced earlier.

This section compares the results for the maximum statistic and for the supra-
threshold statistic for several thresholds.

4.4.2.1 Supra-threshold clusters

In Figure 4.5, we explore the empirical distribution of the max cluster size and the
number of clusters for several values of α. As expected the cluster size increases when
α increases (i.e. the threshold decreases). We also see that the number of cluster
increases. Eventually the clusters will merge (when the threshold comes close to 0)
but, for the values considered here, the clusters are generally well separated and the
apparition of new clusters is clearly the dominant trend.

The main interesting point is that the result is significant (red line above the
dark gray zone showing the confidence interval) only for α ≤ 0.001. Above this limit,
the variability in cluster sizes explodes. This evolution is not directly reflected in



4.4. Alternative methodological choices 73

Figure 4.4: Alternatives to the likelihood ratio statistic illustrated on the MDI/no
MDI test. Top: statistical test, from left to right: log likelihood ration, Lawley-
Hotelling’s trace, Pillai’s trace, Roy’s maximum root. Bottom: pseudo-metrics,
from left to right: log(det), trace, L1 difference, L2 difference.
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the number of clusters. It increases, for both the actual data and the permuted
versions, but the number is always quite similar (even if we observe in average a bit
more clusters for the permutations).

Figure 4.5: Size of the biggest cluster and number of clusters in function of the
threshold. The red line shows the actual values. The black line (median) and the
gray area (inter-quantile interval [q0.05; q0.95]) show the empirical distribution over
2000 permutations. The result is significant when the red line is above the dark
gray area (i.e. α ≤ 0.001 for the cluster size).

In Figure 4.6, we visualize the actual clusters for several level of α. Without
surprise, the main area that was observed previously observed (see Figure 4.1) is
clearly visible. Moreover, at every level, no other cluster has a comparable size.
We see that the extent of this cluster is strongly dependent on the choice of the
parameter α and this can make the anatomical interpretation even more difficult.

4.4.2.2 Empirical distribution of max cluster size

In this paragraph, we discuss the difference between the empirical distributions
estimated using the maximum or the cluster size statistic. The distributions are
reported in Figure 4.7. The maximum statistic is unimodal with a mode around
25 and slightly skewed to the right but the tail is relatively short. The cluster size
statistic is strongly concentrated near 0. Indeed, by definition, every sample on the
left on the threshold line for the maximum leads to a maximum cluster of size 0.
On the other side, the distribution has a very long and thin tail, the 0.9 quantile
is equal to 1816 while the 0.99 one is equal to 10198 (the observed maximum was
68421). For comparison these quantiles are equal to 31.1 and 37.2 for the maximum
statistic.

Finally, the estimated p-value is lower for the maximum statistic than for the
cluster size (respectively 0.018 and 0.044). However we have seen previously that
the significance may depend on the thresholding parameter α.
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Figure 4.6: Clusters for the MDI test for different thresholding level. The color
encodes the size of the clusters (several cluster can then have similar color). For a
low threshold (α = 0.05) many clusters are visible (N=48) but many of them are
small with only a single large one (in yellow). These smaller clusters disappear when
the threshold increases and the main cluster shrinks.

Figure 4.7: Empirical H0 distribution of the two statistic (max cluster size and
maximum) for 2000 permutations. The actual z-value is reported in blue, the cor-
responding empirical p-values are respectively equal to 0.018 for the maximum and
0.044 for the cluster size. The dashed vertical line one the right plot shows the level
used for clustering (on the left)
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4.5 Discussion

4.5.1 Statistical analysis parameters

The three main parameters of our model are the choices of the regression model,
the voxel-wise statistic and the summary statistic. In this section we discuss their
importance and possible alternatives.

4.5.1.1 Regression model

In this work we use a linear regression model but more complex models could be
considered. First, the model could include, in the linear combination, a quadratic
term or more generally any non-linear function of the predictive variables. On
one hand, a simple model does not take into account the interaction between the
variables. On the other hand, the addition of non-linear terms should be well-
thought to justify for the additional complexity. In particular, in this experiment,
the signal is already very weak compared to the total variability and eventual second
order effects would be hard to observe.

Second, the model could regress the deformation at a larger scale (and not a
voxel only) or using any basis decomposition of the SVFs. This approach would
require a more precise understanding of the nature of the deformation and of the
observation objectives.

Third, the model could add a regularization term on the input or the output
variables. In particular, a sparse penalty could be interesting when the number of
variables becomes large. In our case the regression problem is of low dimension and
a regularization does not seem necessary.

4.5.1.2 Voxel-wise statistic

The likelihood ratio statistic belongs to a larger family of statistics on the generalized
linear model. We showed that a model selection approach using AIC would result in
similar findings. We found that the usual MANOVA statistics, such as the Lawley-
Hotelling’s or the Pillai’s trace, produce similar results. These statistics rely on a
slightly different metric on the covariance matrix and are equivalent for such small
changes.

More generally any metric on HE−1 or even functions on H and E could be
used. The definition of metrics and pseudo-metrics on symmetric definite matrices
and their relations is an interesting topic that goes beyond our practical application.
Using a few examples, we found that the results are generally similar even if the
relative importance of the voxel significance can change. Finally these examples
highlight the limitations of the current approach that focus on a specific measure of
the differences.

Another approach to this problem is to directly consider the metric used on the
deformation. The L2 metric that corresponds to the Gaussian residual used here is
not optimal to compare deformations. The geometry of the underlying images and
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of the mean evolution make the problem strongly anisotropic. This aspect should
be explored in future works.

4.5.1.3 Summary statistic

We evaluated the two solutions proposed in Nichols and Holmes (2002) (i.e. max-
imum statistic and supra-threshold cluster size) and they produced similar results.
The regularity of the field is such that a high maximum correspond to a large clus-
ter. An advantage of the maximum statistic is that it does not need an arbitrary
threshold parameter. The cluster approach may be less sensitive to spatial inhomo-
geneity in voxel distribution. However no such problem was observed here (and, for
example, a visual inspection shows the locations of maximum for every permutations
were uniformly distributed over the whole brain).

From the computational point of view, the clustering and the size estimation step
adds an additional computational cost that can becomes prohibitive when iterating
over lots of permutations.

Overall, the maximum statistic seems easier to use, more interpretable and more
reliable. We argue that these observations are probably dependent on the kind of
data that we use. The fields are smooth and even the variability and the noise is
strongly spatially correlated. Moreover the cluster aspect is not clearly meaning-
ful for a continuous representation of a deformation. We expect the results to be
different for fMRI for example.

We note that the maximum statistic on region (the whole brain for example)
can be relaxed to a more general family that allow to weight differently every voxel.
If S is the statistical map and m a weight map in [0, 1] then we are looking for a
threshold z such that P (∃i,miSi > z) ≤ α. If m=1 (or at least is binary) it is
equivalent to the maximum statistic.

Other alternatives are possible: sum over the image, full likelihood (ie product)
etc.. However they often loose the spatial information and are by consequence less
informative and less sensitive to a change localized in a small region.

4.5.2 Interpretation of morphological differences

Being able to highlight morphological correlates to a clinical changes is only half the
battle. The deformation estimation is not homogeneously accurate in every part on
the brain. The differences can be measured in one area while they are hidden in the
noise in another one. Moreover, the p-values are a poor indicator of the importance
of the changes. This results that are not always interpretable. For example, using
a similar approach, testing the effect of Alzheimer’s disease (large morphological
changes) shows differences in the whole brain giving no spatial information about
the disease.

Even when the changes are well localized, it is not obvious to compare the effect
of several variables in a specific regions. Are they concurrent? opposite? do they
have a catalyst effect? These interactions have to be studied in additional work
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using cross-decomposition or joint modeling analyses.

4.6 Conclusion

In this chapter, we presented in detail a general statistical approach to hypotheses
testing on deformation fields. We also discussed possible design choices and their
influence on the results. The method was illustrated by an application on the
description of the intra-subject longitudinal evolution.

Overall the non-parametric approach opens numerous alternative to traditional
statistics but more importantly they can be used to challenge the parametric ap-
proaches that have been proven to be susceptible to bias and error in false positive
rate estimation (Silver et al., 2011; Scarpazza et al., 2015; Cox et al., 2017).

This work expands the methodological perspectives and clarifies the nature of
the findings presented in the article Voxel based assessments of treatment effects on
brain evolution in the MAPT by Sivera et al. (2019a).

4.7 Appendix: the Likelihood ratio test and Aikake’s
weights

The likelihood ratio test is strongly related to the AIC model selection. Indeed
the AIC is defined as 2k − 2 ln(L) where k is the number of parameters and L the
likelihood. For the linear model with Gaussian residuals:

AIC = 2p(q + 1) + pn ln(2π) + n ln(|Σ̂|)

The Akaike weights are defined by:

wi =
exp(−1/2∆i)∑
k exp(−1/2∆k)

with ∆i(AIC) = AICi −minAIC

Assuming that the constant model has the minimal AIC we get (otherwise ex-
change the indices i and 0):

∆i(AIC) = AICi −AIC0 = 2p(q + 1) + pn ln(2π) + n ln(|E|)− 2p(r + 1)− pn ln(2π)− n ln(|H|)
= 2p(q − r) + n ln(|E|)− n ln(|H|) = 2p(q − r) + 2 ln(Λ))

and then:

wi =
exp(−1/2∆i)

1 + exp(−1/2∆i)

=
1

1 + exp(p(q − r))Λ

Remark: more generally the ratio of the weights is:

wi
wj

=
Li
Lj

exp(kj − ki)
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The interpretation of the observed morphological deformations was a recurrent
issue in the previous chapters. The precise localization may be method dependent,
the spatial interpretation is made complex by the inter-connectivity of brain areas
and the local information in the displacements is not directly interpretable.

In this chapter, we explore the relations between the morphological and cognitive
evolution of aging subjects. The objective is twofold. First, aging and neurological
disorders cannot be fully understood if we only consider a single point of view.
The brain processes are intricated and their interactions are crucial to apprehend
the whole evolution. Second, we want to use the cognitive information to inform
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our description of the morphological changes in order to label and interpret specific
patterns. In particular, methods and processing steps are similar to the ones used
in Chapter 3 and this analysis may serve as a reference to better understand the
observed treatment effect.

Two methodological approaches are proposed. The first uses the statistical mul-
tivariate framework introduced previously and described in Chapter 4, the second
relies on a cross-decomposition using partial least squares (PLS). The results show
realistic evolution patterns that open perspectives on the description of aging from
the cognitive and morphological standpoint.

5.1 Introduction

Aging is associated with many neurological processes from cognitive decline (Levy
et al., 1994) to functional (Bishop et al., 2010) and structural (Good et al., 2001;
Long et al., 2012) brain changes. These changes are often described separately but
the description of their interactions have also led to a better understanding of the
ongoing brain mechanisms (Park and Reuter-Lorenz, 2009).

In this work we are more specificly interested in the relations between the cog-
nitive evolution and the brain morphological changes. Indeed, on one hand, the
cognitive state can be partially assessed using clinical tests but these tests are par-
tial, can be time-consuming and the followup assessments can be biased due to
repetition (Collie et al., 2003). On the other hand, morphological changes can be
measured precisely and with reproducibility. They give (partial) information on the
whole brain with high resolution but this information may not be directly inter-
pretable.

Correlations between morphological measurements and cognition have already
been established for healthy older adults (for example between memory and hip-
pocampal volume (Rosen et al., 2003; Bjørnebekk et al., 2010)). However these
analyses are often restricted to a specific brain area or cognitive change. Moreover
these structure-cognition associations for healthy subjects are not easily replicated
and appear sensitive to the studied sample and choice of cognitive measures (Raz
and Rodrigue, 2006).

Voxel-wise correlations were studied using voxel-based morphometry for various
pathological and clinical condition: the relation with verbal and non verbal memory
in fibromyalgia patients (Luerding et al., 2008), the CERAD test and other demen-
tia related assessments in the context of Alzheimer’s disease (Santos et al., 2011)
or the correlation between chemotherapy-induced structural changes and cognitive
impairment using DTI (Deprez et al., 2011).

Deformation-based approaches have also been proven useful to describe mor-
phological evolution and signs of correlation between specific patterns of evolution
and cognitive changes have been highlighted (Sivera et al., 2019a). In this work
we want to go further in this direction and use a deformation-based approach to
propose a comprehensive voxel-wise description of the general evolution of the brain
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morphology in relation to several clinical assessments. The analysis is performed
on a cohort with subjective memory complaints from MAPT. We then focus on the
relations between the evolution of the patient clinical scores and the morphological
evolution over the 3 years of the study.

The analysis is divided in two steps. The first uses the statistical multivariate
framework introduced in Chapter 4 to assess for correlations between cognitive evo-
lution and local morphological changes. The second relies on a cross-decomposition
using PLS to describes modes of longitudinal evolution observed in the MAPT co-
hort. The first section introduces the MAPT cohort, the image processing and both
statistical analysis methods. The results are then presented for the correlation as-
sessments and the cross-decomposition. Finally the interpretations of the results,
their implications and their eventual limitations are discussed in the final section.

5.2 Data and Method

5.2.1 Participants: the MAPT cohort

The same cohort of subjects from MAPT than in Chapter 3 is used. The total
sample includes 376 subjects that belong to the MDI plus omega-3 group (N=98),
the MDI plus placebo group (N=100), the omega-3 alone group (N=87), or the
placebo control group (N=91). Every subject has two MRI acquisitions at base-
line and 36 months. In addition to imaging data, the longitudinal followup of the
participants includes classical clinical evaluation scales to assess the physical and
cognitive functions.

5.2.2 Modeling the brain evolution

This work aims to complete and to extend our previous work presented in Chap-
ter 3. In particular, the image processing steps and the deformation modeling are
identical to the ones used in that study. Our deformation-based approach relies on
a description of the longitudinal evolution using stationary velocity fields (SVFs)
estimated through non-linear registration between pairs of images. The individual
longitudinal intra-subject SVF are then transported in a common reference space
where they can be compared (Hadj-Hamou et al., 2016).

5.2.3 Statistical analysis of the correlation

In order to relate the morphological changes to clinical variables, we chose to assess
the correlation between the deformation and several cognitive scores. The statistical
analysis is based on a voxel-wise likelihood ratio test for the general linear model.
The statistic compares the predicting power of the linear model relatively to the
constant mean. The model and its limitations are more extensively described in
Chapter 4.

For the MAPT cohort, the clinical variables evaluated are the evolution of five
clinical scores: the Mini Mental State Examination (MMSE), the Grober free recall
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test, the category naming verbal fluency test, the Wechsler Adult Intelligence Scale
(WAIS) and the Geriatric Depression Scale (GDS). A subset of the GDS items
(denoted GDS-apathy) that is expected to be more related to the motivation of the
patient is also included (items 2, 9 and 13).

5.2.4 Cross decomposition of the cognitive and morphological evo-
lution

To explore more in depth the relations between morphological changes and cognitive
evolution, a cross-decomposition is performed by a projection on latent structures
(PLS) algorithm (Wegelin, 2000) using the scikit-learn library (Pedregosa et al.,
2011). For computational reasons, PLS is performed on projection of the data on
reduced dimensional space computed by PCA. We keep only the first modes of the
PCA such that they represent more than 99.9 percent of the variance. It would have
been possible to keep all the modes (ie n=376 the number of subjects) to get exact
results but with no meaningful differences. Moreover we use a more restrictive brain
mask that excludes the cerebellum and the brain stem where the more important
registration artifacts are found.

The clinical variables included are the MDI treatment and the evolution of the
five clinical scores previously introduced (MMSE, Grober free recall, category nam-
ing verbal fluency, WAIS and GDS). A z-score is computed for each variable in order
to normalize the inputs.

To evaluate the stability of the PLS coefficients, a population subsampling is
performed. We repeat the estimation with two-thirds of the population randomly
selected.

5.3 Correlation between morphological changes and cog-
nitive and behavioral scores

The relation with the 3-year morphological changes is independently tested for each
clinical scores using the likelihood ratio test for multivariate images introduced in
chapter 4. The z-value maps are presented in Figure 5.1 and the corresponding
p-values are reported in Table 5.1. These results were obtained without taking into
account both treatments. Similar results are found when using a linear correction
for the MDI.

test fluency MMSE GDS (apathy) GDS Grober WAIS
p-value 0.117 0.001 0.003 0.126 <0.001 0.014

Table 5.1: P-values for multivariate tests of the relation between morphological
changes and cognitive or behavioral clinical assessment. The p-value are estimated
with 2000 permutations in order to get a standard deviation of 0.005 on the estima-
tion at the 0.05 level. The significance, in bold, takes into account the Bonferroni
correction for the 6 tests.
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Figure 5.1: Voxel-wise z-values for the test of the correlation between the cognitive
score and the SVF parametrizing the deformation. From top left to bottom right:
fluency, MMSE, GDS-apathy, GDS, Grober and WAIS tests. Intensity thresholds
correspond to the independent parametric testing at level 0.05 (lower threshold) and
0.001 (higher threshold).
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First we can note that the effect is significant for several clinical assessment
(see Table 5.1). This means that we are able to find correlations with most of
the usual cognitive measures. In addition to this global finding, the localization
of the differences can be observed. The fluency is associated with changes in the
peri-ventricular area with an emphasis on the left hemisphere. MMSE is strongly
correlated with changes in the hippocampi and medial temporal area, GDS with
parietal areas close to the pre-cuneus. The Grober test is associated with changes
in the temporal lobes but also in the ventricles probably sign of the global atrophy.
Finally, the WAIS test correlates with changes in a large region of the brain in
the white matter and the ventricles from the frontal to the parietal lobes with an
emphasis on the right hemisphere.

These changes can be interpreted regarding the cognitive function assessed. It
is expected to find language related tasks more associated with the left side and
memory exercises associated with temporal areas. This consistency gives a good
idea of the accuracy and the resolution of the localization of the morphological
changes even without any ground-truth on the actual deformations in each area.

In this regard, the localization of the changes associated with GDS is the one
that is most similar to the one observed for the MDI (see Figure 3.1) even if the
correlation in the right hemisphere is relatively stronger here.

Beyond highlighting areas of difference, we can also represent the difference of
longitudinal evolution correlated with these scores (see Figure 5.2). The localization
of the deformations matches the localization of the differences shown in Figure 5.1.
This would indicate that the variance of the noise is roughly uniform and the sta-
tistical differences are only visible where the amplitude of the signal is stronger.

The second observation concerns global atrophy: every effect goes in the ex-
pected direction. An increase of any score (or a decrease for GDS) correspond to a
decrease of the ventricular expansion.

Beyond this agreement, each field shows its own specificity. For the fluency, the
deformation is localized mainly exclusively in the lower part of the frontal lobe. The
deformation in the temporal lobe associated with MMSE seems to be focused on
the hippocampi while the rest of the lobe is more affected for Grober. GDS shows
a more specific change next to the temporo-parietal junction and the effect is really
stronger when considering only the apathy-specific items.

Finally, we note that the patterns are generally symmetric. A clear asymmetry
is only visible for the fluency (mainly on the left frontal) and for WAIS (mainly on
the right frontal lobe and the left temporal lobe).

5.4 PLS between cognitive variables and morphological
evolution

The correlation maps between the morphological changes and cognitive evolution
suggests each variable describes a particular evolution that can also be observed at
the anatomical level. In this section we directly model these interactions using PLS.
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Figure 5.2: SVFs parametrizing the difference in longitudinal evolution associated
with several clinical variables. From top left to bottom right: fluency, MMSE,
GDS-apathy, GDS, Grober and WAIS tests.
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5.4.1 Dimension reduction with PCA

The main objective of PCA here is to reduce the dimensionality of the data for com-
putational reasons without affecting the PLS results: the PLS is performed on the
projection of the data computed by the PCA. The variance is mainly concentrated
on the first few modes. In particular the data was not centered and the the first
mode is really close to the direction of the mean. Even with centering, this axis
would encompass a large part of the variability, meaning that the speed of evolution
is a crucial information. In the following, we keep the 62 first modes representing
99.9 percent of the variance (see Figure 5.3).

Figure 5.3: Left: First modes of the PCA (normalized). Top right: visualization of
the explained variance as a function of the number of modes (log-scale), 3 modes
explain 89% of the variance, 62 modes explain 99.9%. Bottom right: Projection of
the subjects on the axes defined by the two first modes (and the mean in black).

The first three modes are shown on Figure 5.3. The first mode shows the ventric-
ular expansion and the corresponding deformation in the brain tissues. The second
mode could correspond to a global atrophy of the brain but can also be due to
misalignment before registration. The third mode shows more deformation in the
pre-frontal lobe and in the superior frontal gyrus. Of course these descriptions are
simplification (in particular beyond the first mode): no spatial structure is imposed
on the PCA and the deformations are spread in the whole brain.

5.4.2 Cross decomposition with PLS

Figure 5.4 summarizes the results of the PLS decomposition. The estimation is
repeated 500 times using randomly drawn 2/3rd of the subjects. An additional step
to optimize the sign consistency between all the estimations is done at the end. This
bootstrapping approach gives an insight about the reliability of the estimation. The
results are shown for 4 PLS components.
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The boxplots show the distribution of the coefficients for the clinical side. The
first mode is associated with a general cognitive decline affecting every variables and
the variability between the samples is low. The second mode is more associated with
the MDI treatment, the MMSE and most of all the GDS. This can be described as
a everyday-life/behavioral factor. The third mode is strongly associated with the
MDI treatment, and it seems to distinguish MMSE and Grober from fluency and
WAIS, although the coefficients are varying and this observation is not stable. The
fourth mode is even less interpretable. The coefficients have large variability across
samples and we cannot reliably interpret the results.

These observations are summarized in Figure 5.4(b,c) using the mean and the
probability of staying of the same sign for each coefficient. This representation,
and especially the sign probability, make it clears that the 4th components is not
reliable. This figure also shows the same statistics for the morphological coefficients.
In particular we see that the first mode of the PLS is strongly associated with the
first mode of the PCA.

Figure 5.5 shows the representation of the 4 morphological modes and the at-
rophy maps corresponding to these modes computed using the log-Jacobian of the
SVFs (some artifacts are visible at the boundaries because the PLS modes were
computed using masked versions of the original SVFs).

As expected from the coefficients, the first mode shows some similarities with
the mean evolution. It suggests that the main variability is related to the speed of
the main evolution due to age, both for the morphology and the cognition. How-
ever several differences at noticeable. The global atrophy is really diffuse with less
emphasis around the ventricles. A contraction of the ventricles and an expansion
pattern in the parenchyma are visible. This is in agreement with the improvement
of the cognitive scores in Figure 5.4 : a strong cognitive decline would be associated
with a strong atrophy. The SVF and the atrophy map also show an important
deformation in the hippocampal areas. The focus of the deformation on these re-
gions, relatively to the mean evolution for example, highlights their importance in
the cognitive performance measured by the clinical tests. We could also note that
some patterns such as atrophy of parietal lobe and in the hippocampal area and
part of the frontal lobe resemble the usual Alzheimer’s patterns.

The 2nd and 3rd modes are not obvious to interpret and look a bit noisy. The
main characteristics are nevertheless interesting to complement the first mode. The
second mode contains atrophy variations with higher spatial frequencies (more sign
changes) than the first mode. The combination of these two modes then charac-
terizes the spatial extent of these concentric expansion and contraction patterns.
The third mode seems to be oriented along the transverse axis with relatively low
volumes changes along the anterio-posterior axis. Some asymmetrical deformations
patterns are also visible (in particular in the parietal lobes) but are barely reflected
by the atrophy.

Finally, the 4th mode is characterized by a strong left/right asymmetry. As
this mode was not significantly associated with any cognitive evolution it could be
caused by misalignment during the processing of the images but could also indicate
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some reconfiguration of the brain between the two hemispheres.

5.5 Discussion

5.5.1 Correlations with cognitive scores

Using multivariate statistical analysis, we are able to spatially correlate morpholog-
ical changes and cognitive variables. These correlations inform us on the existing
functional dependencies in the brain using morphometric features in coherence with
the general knowledge of the brain anatomy. More importantly, these observations
highlight the relation that are involved in the longitudinal evolutions of elderly sub-
jects. This approach could help understanding how every regions is affected and
what are the different realizations of the consequences of aging.

Regarding the MAPT study, doing this analysis with the same data, processing
and statistical approach provide insightful examples that can help us interpret the
observed MDI effect from the clinical point of view. In particular, we see that the
GDS and more specifically the selected items show a pattern of evolution similar
the one observed for the multi-domain intervention (Sivera et al., 2019a).

5.5.2 Cross-decomposition of morphological and cognitive evolu-
tions

The PLS leads to a more complex description of the evolutions of the subjects.
It highlights several modes of evolutions: the first describing the general cognitive
decline, the second focusing more on behavior and depression and the third being
associated with the MDI treatment without any strong association with the assessed
cognitive variables.

Interestingly, the morphological changes that correspond to these cognitive evo-
lutions do not directly match the correlation observed previously. This suggests
numerous dynamics that are not always related. However, the morphometric PLS
modes are generally difficult to interpret and a regularization, for example using a
sparsity inducing prior, should be included to improve subsequent analyses.

5.5.3 Limitations and perspectives

First, we should note that both the analyses proposed in this work can be sensi-
tive to the pre-processing steps used to estimate the deformations. In particular,
the processing pipeline assumes that the head of a subject does not change size.
Consequently, the intra-subject alignment, required before the non-linear registra-
tion, is rigid in order to limit the introduction of potential artifact. However due
to the calibration of the MR scan or local distortion we observed several cases were
an affine alignment would have been justified. These small errors can have a large
effect, for example regarding the estimation of global PCA modes, as a small rigid
misalignment creates a relatively large deformation in term of L2 norm.
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(a) Repeated estimation of the PLS cognitive modes

(c) Empirical probability of sign change

(b) Mean estimation for the cognitive and morphological modes

Figure 5.4: PLS coefficients for the clinical variables and the morphological evolu-
tions. The clinical variables used are the MMSE, Grober, fluency, WAIS and GDS
cognitive scores and the MDI treatment variables. The morphological variables cor-
respond to the projection of the longitudinal SVF on the 62 first PCA modes. The
estimation is repeated 500 times with 2/3rd of the populations randomly drawn in
order to estimate its consistency. (a) The boxplots show the distribution of the es-
timated coefficients for the cognitive modes. The first mode shows general cognitive
decline, the second mode corresponds to a specific subtype of cognitive changes,
the third one is more associated to the MDI, and the fourth one is not consistent
between the different estimations. (b) The mean of the estimation is represented
for every coefficient: the clinical side partially reproducing information in the box-
plots, the morphological side showing a dominating first coefficient (first PLS mode
along the first PCA mode). (c) The sign change probability associated with a co-
efficient corresponds to the proportion of the estimations that are of opposite sign
than the mean. Low values (below 0.05) are mainly found for the first modes, this
information is reported in (a) using red stars.
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Figure 5.5: Reconstitution of the morphological PLS mode in the SVFs space (top
rows) and corresponding atrophy maps (log-Jacobian in bottom rows).
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Similarly the exclusion of the cerebellum and the brain stem for the PCA/PLS
analysis is arbitrary and only related to inconsistencies of the processing software in
the estimation of the deformations in this area. Moreover, this problem highlights
the limitations of the decomposition algorithms that rely on global metric such as
PCA or PLS.

More generally, the potential noises and biases in the estimation of the deforma-
tions are not spatially uniformly distributed and can affect the power of our analyses.
Indeed, the observed localization of the differences is impacted by the local effect
size. In our case, this classical statistical remark directly affects our interpretation
of the results: the localization of the changes is dependent of the amplitude of the
changes and the ease to estimate the deformation. Moreover, this work highlights
the importance of understanding the nature of non-volumetric changes: the repre-
sentation of the deformations and their characteristics (using atrophy for example)
affects our ability to fully characterize and interpret the brain morphological evolu-
tion.

Finally, these analyses should be replicated the analysis on distinct datasets. It
would be really interesting to assess the reliability of these results as such structure-
cognition associations can be really sensitive to the studied sample and choice of
cognitive measures (Raz and Rodrigue, 2006). The MAPT study focuses on a specific
population of patients with subjective memory complaints and the importance of
the treatment effects is difficult to quantify. In particular, the parietal deformation
pattern could be related to the effect of the multi-domain intervention (Sivera et al.,
2019a) and its importance could be specific to this dataset.





Chapter 6

Conclusion and Perspectives

Brain morphometry can provide useful information for the clinical insight. The ob-
servations of the brain and spatially-informed quantitative measurements are crucial
for the assessment of the brain condition and the possible development of a neu-
rodegenerative diseases. The objectives are multiple: disease modeling, treatment
evaluation in a clinical trial, diagnosis, prognosis or shape extraction for personalisa-
tion. In this thesis, we proposed several new approaches for the characterization of
the brain morphology of elderly subjects that leverage on the deformation modeling
of the morphological changes.

The following section summarizes the main contributions of our work. These
contributions towards a more extensive use of brain morphometry and the limita-
tions of the proposed methods give new insights on the considered problems. To
this end, we conclude this manuscript with some possible research perspectives of
this thesis.

6.1 Summary of the main contributions

Modeling the effects of aging and Alzheimer’s disease on the brain mor-
phology Aging is not a simple risk factor for Alzheimer’s disease. The effect of
both factors on the brain is extensively studied and the questions about the role
of aging mechanisms in the AD symptoms or the modulating aspect of age on the
disease progression (especially for late onset subtype) are also under investigations.
In chapter 2, we propose a novel approach that jointly model the effect of both aging
and disease in a non-linear deformation space.

For this model, the focus was set on the interpretability of the description. Two
scalar markers (the morphological age and the disease score) were used to summa-
rized the progression of these two major processes. We showed that this simple
description based on cross-sectional assessments could be used for the characteriza-
tion of realistic longitudinal evolutions for several clinical conditions. In particular,
this aspect of our model was illustrated in a personalized image simulation set-
ting. Despite our approach limitations – the parameter estimation scheme should
be optimized and more individual variability could be taken into account – the
deformation-based parametric representation coupled with an innovative use of lon-
gitudinal and cross-sectional registration could lead to rich insights on the disease
progression.
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Exploratory morphometry for the MAPT clinical trial The development
of a treatment to cure AD or, at least, slow down the apparition of symptoms is one
of the main challenge of neurological research. In this context, the contributions
of deformation-based morphometry can be invaluable. The MAPT was a large
scale longitudinal study designed to assess two potential candidates: an omega-3
supplementation and a multidomain intervention.

Chapter 3 presents the results of our analysis of MAPT morphometric data. In
particular, a significant effect of the multidomain intervention on the brain mor-
phology was found using the statistical analysis of the longitudinal deformations.
Moreover, we are able to relate this effect to a slower morphological evolution and
better performance in cognitive assessments.

Statistical framework for hypothesis testing on deformations Chapter 4 is
dedicated to the presentation of complete and general statistical framework that can
be used for hypothesis testing in the context of multivariate images and deformation
fields. The statistical analysis of medical images is well established since the early
2000s but it is less developed for multivariate images and often relies on strong
hypothesis about spatial correlation.

The main contributions of this work is the synthetic presentation of a framework
for high-dimensional multivariate images that is easily generalizable and does not
require strong ad-hoc hypotheses. This framework enables the use of complex mor-
phometric features while keeping the advantages of the VBM regarding the wide
spectrum of possible applications.

We also discussed the use of unorthodox non-parametric statistics and further
investigations should be done to precise the optimal choice for the comparison of
deformation fields and SVFs.

Relation between morphology and cognition in elderly patients Spatial
correlation between morphological features and cognitive function in elderly subjects
may shed light on the mechanisms leading to cognitive symptoms in Alzheimer’s
disease.

In this work, we highlighted specific patterns related to clinical assessments of
various cognitive functions (memory, language, reasoning, etc.). The longitudinal
evolution of each score is associated with a specific deformation pattern that affect
differently the brain regions. We argue that the visualisation of the morphological
correlates could help refine the cognitive tests used in the clinical practice.

We also used PLS to highlights several mode of evolution. This exploratory study
highlights two modes (one that is more behavior related and one that is associated
with MDI treatment specific to the MAPT) in addition to the main trend given by
the cognitive decline.
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6.2 Publications

This work led to publications and manuscript submissions in peer-reviewed journals.

• A model of brain morphological changes related to aging and Alzheimer’s
disease from cross-sectional assessments, Raphaël Sivera, Hervé Delingette,
Marco Lorenzi, Xavier Pennec, and Nicholas Ayache. NeuroImage, 2019.

• Voxel based assessments of treatment effects on brain evolution in the MAPT
cohort, Raphaël Sivera, Nicolas Capet, Valeria Manera, Roxane Fabre, Marco
Lorenzi, Hervé Delingette, Xavier Pennec, and Nicholas Ayache. submitted to
Neurobiology of Aging, 2019.

• Non parametric statistical approach to the General Linear Model for deforma-
tion based morphometry. Raphaël Sivera, Hervé Delingette, Marco Lorenzi,
Xavier Pennec, and Nicholas Ayache. to be submitted, 2019.

6.3 Perspectives

6.3.1 Describing the brain deformations

A recurring question we faced in this thesis was how to synthesize the important
information from our SVFs. This issue concerns the modeling of the evolution
with the choice of the metric for the projection and the parameter estimation in
chapter 2, likewise it occurs in the choice of voxel-wise statistic (see chapter 4) and
in the characterization of the changes relatively to cognitive variables in chapter 5
for example.

We believe this question belongs to a even larger problem related to the choice of
the parametrization of the deformations. The parametrization of diffeomorphisms
by tangent vectors is a convenient approach; the Lie algebra structure allows to
easily perform operations between the deformations (composition, inversion, mean,
etc) and the space of deformation is large enough to encompass enough variability to
precisely describe all the subtle morphological differences. However the parametriza-
tion using SVFs is suboptimal regarding the dimensionality and the interpretability,
and generally, a similar problem exists for other deformation frameworks such as
LDDMM if we use a dense vector field to parametrize the momenta.

The SVFs estimated through registration are generally smooth and represent
actual brain deformations or inter-subject matching. The resulting space could be
seemlessly described using a parametric space of intrinsic dimensionality much lower
than the total dimension of a dense 3D vector fields (usually around 20 millions for
1mm isotropic images of a brain). This redundancy is obvious when performing
hypothesis testing. Each voxel test is strongly correlated with its neighbors and is
not informative by itself. Such observations push us to look for a description of the
SVF at a higher spatial scale. More generally, non-local information may be crucial
to understand an evolution or to take advantage of spatial redundancy.
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These questions have already been addressed from several points of view. More
compact representation of deformations have been proposed for example using con-
trol points and kernels or spline representations. These representations can lead
to more interpretable local components (Mcleod et al., 2013; Gris et al., 2015) or
frequency bandwidth constraints (Zhang and Fletcher, 2015). Additional contraints
such as sparsity can also be included (Fishbaugh et al., 2013). Some approaches
are more data-driven with the use of dictionary, principal geodesic analysis (PGA)
or variational auto-encoder to provide local description (of patches) or to estimate
the low-dimensional subspace associated with a population of shape (Zhang and
Thomas Fletcher, 2015; Krebs et al., 2019). The incorporation of these descriptions
in our models could lead to faster processing and possibly better interpretation of
the results.

The description of the deformations could also be driven by a bio-mechanical
model leading to feasible deformations only. In this thesis we used a brain atrophy
simulator (Khanal et al., 2016), but the inverse problem that relate our observation
to deeper structural changes (in particular using the anisotropy of the brain tissues)
would be really promising. These model-based approaches include knowledge in the
modeling and the interpretation but the complexity of the brain and the difficulty
to model the ongoing process over several decades will put a particular emphasis on
the limitations and the errors of the models. To this end, we should take inspiration
from application domains, such as cardiac motion tracking, where the use of models
is more prevailing.

6.3.2 Multimodal approach

This work focuses on the morphological evolution, its relation with the two main
processes that are aging and AD, and with the cognitive evolution. Possible future
developments could include more diverse information. The disease progression is
characterized more extensively when combining several biomarkers – including the
morphometrical changes – and the relation between the different aspects of neurode-
generation is an interesting research topic.

At an elementary level, the multivariate statistical framework can work with
additional channels provided by other imaging modalities. Even when only T1
images are available, it is possible to extract textures and complementary intensity-
based information that can be related to the progression of AD (Hett et al., 2017).
This could be straight-forwardly implemented but would raise questions about the
meaning of the local statistic and the multi-scale interactions (caused by the various
image smoothness) on the multiple test comparison.

The problem becomes more complex when we want to use more heterogeneous
data sources (Antelmi et al., 2019). The additional variables may have their own
properties and the description of their longitudinal evolution, in relation with the
geometry of the brain, may require a specific modeling approach. Learning tra-
jectory distributions in this complex geometrical framework is then a complex but
crucial problem to understand the neurodegenerative diseases (Durrleman, 2018).
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In this context, the main challenge of this work would be to conserve the specificity
of deformation data while taking into account other kinds of data. To this end,

6.3.3 Spatio-temporal patterns and disease evolution subtypes

Another interesting question that was not directly addressed in this thesis is the
description of the diversity of spatial patterns visible in the longitudinal evolutions
of the deformations. We have seen that the deformation are not constant over
time; in particular in the context of AD, the progression of the disease is mirrored
by specific morphological changes. Evidences of pattern changes with age have
also been shown in AD and several dynamics are visible depending on the age of
onset (Fiford et al., 2018). The description of these patterns contributes to the
understanding of the chronology of the Alzheimer’s disease.

At the same time, the interactions of coincident pathologies, genetic and environ-
ment backgrounds with neuropathological differences can lead to a large phenotypic
variability in the presentation of the disease. This individual diversity is to combined
with the complex longitudinal patterns of evolution making the situation of every
patient unique at any time. The description of these patterns contributes to the
understanding of the chronology of the disease and can lead to the characterization
of several subtypes improving the individual follow-up.

Regarding the morphological aspects specificly, this heterogeneity of evolution
has been highlighted in AD. Morphometrics studies using cortical and subcorti-
cal measurements (Na et al., 2016; Poulakis et al., 2018; Koval et al., 2017) or
VBM (Dong et al., 2016) have lead to the definition of several disease subtypes.
For example, these studies often highlight disease progressions that are more medio-
temporal focused, some that are more diffuse in the whole brain, and some that are
even sparring the hippocampi. These subtypes are especially interesting because
they have been shown to be related to the patient evolutions with different rate of
evolution and cognitive functions affected.

The longitudinal modeling in chapter 2 or the relation to the cognitive evolution
in chapter 5 do not take this heterogeneity into account. However we think that the
approaches developed in this thesis could be helpful in this context. The analysis
of the complete longitudinal deformations could help precise these observations and
show patterns that are not visible yet. We think that the presented methods are
well-suited for this objective and that disease heterogeneity should be included in
our approaches.
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A.1 Robust-FOV

A.1.1 Context

In order to get a standardized view of the brain, we want to reorient and reduce the
field of view (FOV) to the region of interest (ROI). In our case we want the whole
brain while the original image often include the neck and a part of the upper body
that do not interest us. The extent of the background can also vary between the
images.

The FOV estimation is an important step in the pre-processing of the MRI that
has been addressed in multiple ways (Wargo et al., 2013). In this work, we want
a fast method that can perform FOV reduction without prior registration or skull
removal. We chose to use the FOV reduction software used in brain extraction
pipeline of the FSL software (Smith, 2002). The FOV reduction looks at the upper
axial slices, starting at the edge of the volume and moving towards the center, and
determines whether a slice contains only noise or signal plus noise. It stops when it
finds consecutive slices with signal. Using this localization of the top of the head, a
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fixed height is then used to cover the brain but cut the jaw and the neck. The needed
size to cover every brain is set to 142mm (Mennes et al., 2014). The challenge is to
accurately detect the top of the skull (neither too high or too low) to avoid partial
brain coverage.

However, the software does not perform as well as expected on our dataset and
often cut part of the cerebellum (see Figure A.1). By consequence we propose here
a method to distinguish between noise and noise plus signal that we use to adapt
the software to our needs.

Figure A.1: Left: Example of FOV reduction, in green, on the original image.
Right: Total sum of square error of the intra-subject linear model using the vanilla
pipeline. The high variability in the cerebellum is caused by FOV reduction that
cut the images too high removing part of the cerebellum making the non-linear
registration algorithm fail.

A.1.2 Model

In general, the subject only occupies a third to a half of the volume. The rest is
background. Trying to describe the actual signal is a complicated task. However
the background is much simpler: only air where the variations in intensity are only
due to the noise. The description of the noise and/or the denoising in MRI can
be a complex problem because of the intensity inhomogeneity and other acquisition
biases (Zhuge et al., 2009). However, here, we are only interested in getting a fast
and easy background/foreground distinction and the noise in a MRI can generally
be modeled by a Rician distribution (Manjon et al., 2008).

The first approach can try to model the intensity distribution with a mixture of
a Rayleigh distribution (approximation of the Rician noise for low intensity) and a
more complex distribution for the signal plus Rician noise for higher intensity. For
example, using a Gaussian distribution, the intensity probability density function,
depending on the proportion α of background in the image, would write:
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Even if the resulting problem could be solve using EM algorithm, the problem
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can be computationally expensive and require strong hypothesis on the intensity
distribution of the actual signal.

We choose a second approach that take advantage of the fact that the lower
intensity part of the images that constitute the background is large and that the
cumulative density function of a Rayleigh distribution is F (x) = 1−exp(−x2/(2σ2))

meaning that the quantiles are then equal to:

Q(q, σ) = σ
√
−2 log(1− q)

In particular the quantiles are proportional to the noise level given by σ. It
is then easy to compare the higher quantiles to the lower quantiles when there is
no signal in a slice. On the contrary, any signal will create high intensity aberra-
tions. The last point to consider is the eventual intensity offset that can bias the
estimations. Several approaches are then possible using these considerations. Their
comparison on the theoretical and practical point of view should be developed in
subsequent work. Here we just describe the empirical choice used in this thesis.

A.1.3 Implementation

For every slice, if the head (the foreground) occupies more than an α proportion
of the volume, we can write for every the following relation for the quantile in the
slice (denoted Qsl) for every x: Qsl(1 − x) ≥ Qfg(1 − x/α). The quantile in the
foreground are statistically higher than the one for the total image (denoted QI)
so: Qsl(1 − x) ≥ QI(1 − x/α). In practice, the idea is to use the 20th and 80th
percentiles of the image as the head occupies more than 20% and less than 80%
of the volumes, we should get information about the noise and the signal intensity
scaling. The test for one slice is:

Qsl(0.98) ≥ 0.75QI(0.20) + 0.25QI(0.80)

The search is perform from the top and stopped when 3 valid slices are found. A
margin is taken into account top and a bounding box of fixed size is then computed
as it was proposed in the original software. This method is really empirical and
rely on several arbitrary parameters (quantiles choices and weight in the linear
combination). To address this problem, we choose to compare the distribution of
the estimated quantiles in the slice assigned to the background in order to raise
a warning when the thresholding is uncertain. The result can then be checked
manually.

This output of the simple statistic used to do the FOV reduction is a really simple
aspect but allow for this semi-supervised evaluation of the result that is crucial to
guarantee the quality of the results over several thousands of images.

A.2 Alignment: quality control

The affine registration is another important step that can have a dramatic impact on
the following steps. The affine inter-subject registration and the rigid intra-subject
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are performed fully automatically using the flirt software (Jenkinson and Smith,
2001) available in FSL. In this section, we discuss safeguards that can be included
in the pipeline to check the quality of the results (and we are not interested in
registration algorithms directly).

A.2.1 Segmentation and skull-striping

Every image is skull-stripped posterior to their alignment in the MNI space. This
task can then be used to assess the intra-subject rigid registrations; indeed the brain
mask for successive acquisitions of the same subject should be really similar. A
similar reasoning can be also be done between subject. The anatomies may slightly
differ but the mask should overall be superposed. To measure these similarities
the Dice score is computed between the mask of the follow-ups and the baseline
for every subject and between the baseline images of each subject and the mean of
these baseline masks. The results for 1083 images from 300 subjects from the ADNI
database are represented in Figure A.2

Figure A.2: Top: Dice scores between skull-stripping mask used to assess the results
of intra-subject rigid registration (left) and inter-subject affine registration (right).
Bottom: Baseline images with a Dice inter-subject below 0.9, the position differences
are clearly visible between the images (the first one is the average image)

The images with the lowest threshold can then be registered manually
We can note that these assessments can also help validate the other pre-

processing such as the reorientation, the FOV reduction and even the skull-stripping.
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A.2.2 Residual affine component in a SVFs

A second registration can help assess the liability of the results. For example,
we performed affine registration between intra-subject aligned images to assess for
potential scale changes. The extreme cases were manually checked and corrected
when possible but most of the time the error is really low and the distortion are not
homogeneously associated to a scale change.

Without additional registration, it is also possible to use the result of the non-
linear registration. Direct affine transformations can be parametrized by a SVF
(given by the logarithm of the matrix of the deformation). Reciprocally, it is pos-
sible to estimate the linear deformation that approximate “best” a diffeomorphic
deformation using linear regression on SVFs. A large deformation may indicate an
error of alignment in the pre-processing.

A.3 Affine invariant LCC-demons registration

A.3.1 Local correlation coefficient

One of the main advantage of the LCC-demons algorithms, introduced by Lorenzi
et al. (2013), was the ability to register MRIs in particular of different modality
using an affine invariant metric: the local correlation coefficient. The last version of
the software, freely available1, includes a multi-scale scheme and the symmetric use
of masks in the registration (see Hadj-Hamou et al. (2016)).

However the metric used between two images F and G is written as a general-
ized local correlation coefficient (GLCC) as follow (the bar denotes local Gaussian
smoothing: F̄ = Gσ ∗ F ):

ρGLCC(F,G) =

∫
Ω

FG√
F 2G2

(A.1)

This metric is invariant to linear transformations of the intensities but is not
invariant to intensity offsets. This formulation corresponds to the statistical corre-
lation for variables with 0 mean but, in the context of images, there is no reason to
assume that the intensities are centered around 0. The expected LCC should use
the mean of both F and G, that we denote Fm and Gm, and writes:

ρLCC(F,G) = ρGLCC(F − Fm, G− Fm)

The means can be estimated globally to account for normalization bias or for
inter-modality registration. They can also be estimated locally, for example using
the same Gaussian kernel i.e. Fm = F̄ . Obviously, other kernel shapes and sizes
are also possible. Our implementation uses two separate scales for the Gaussian
smoothing and the correlation in the metric that are defined using the parameters σm

1the LCC registration software can be downloaded here:https://team.inria.fr/epione/en/
software/.

https://team.inria.fr/epione/en/software/
https://team.inria.fr/epione/en/software/
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for the mean and σs for the similarity. Using the consistent notation F̄ (σ) = Gσ ∗F ,
it writes:

ρLCC(F,G) =

∫
Ω

(F − F̄ (σm))(G− Ḡ(σm))
(σs)√

(F − F̄ (σm))2
(σs)

(G− Ḡ(σm))2
(σs)

(A.2)

In practice, the mean intensity signal that characterizes the intensity normaliza-
tion and the slowly varying bias field is typically of lower frequency than the local
features used to register images. Consequently, we generally choose σs ≤ σm.

We should however note that the new LCC metric is badly defined over uniform
areas. This problem was previously restricted to constant zero areas but the situa-
tion is more common now. An epsilon is included to avoid to divide by zero but this
bad conditioning can lead to numerical instability. It illustrates how the new metric
is less stable than the old one. More generally, a relatively large σm is recommended
in order to suppress as little signal as possible.

A.3.2 Evaluation on controlled experiments

A.3.2.1 Invariance to intensity changes

The toy example shown in Figure A.3 illustrates how the linearly-invariant metric
can lead to incorrect results while the affine-invariant gives a result that is in agree-
ment with the ground-truth deformation. The experiment is simple. We take an
image, shift and rescale the intensity (x 7→ 2x+ 100) and apply a small translation
to the image. The first result is obtained with the linearly invariant metric (previous
GLCC), the second with the affine invariant one (proposed LCC).

The default parameters are used. The proposed values for the new affine invari-
ant setting are the following: the local mean is estimated using σm = 8mm, the
similarity uses σs = 3mm (unchanged relatively to the old version), the weight of
the image similarity term is increased to take into account the lower values given
by the new metric (due to centering) u = 0.45. The other parameters (smoothing,
regularization, etc.) are kept unchanged.

The registration using the GLCC metric is imperfect: recognizable patterns are
visible in the image difference meaning that the structure are not perfectly align.
The result is better with the proposed LCC. No differences are visible in the brain
(the skull is not registered because of the mask) and the only ’errors’ in the SVF
are located in the ventricles where the translation may not be observable (due to
constant intensity area in the CSF).

A.3.2.2 Accuracy assessments on realistic brain evolutions

The choice of registration metric (LCC or GLCC) and scales is evaluated in a con-
trolled experiment where realistic longitudinal evolutions are simulated from brain
images. The simulations are performed using the simulatrophy software (Khanal
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Figure A.3: Synthetic experiment using a translated and intensity-shifted images.
The affine invariant metric (proposed LCC) leads to less difference between the
registered and the original image and to less ’error’ on the SVF relatively to the
ground-truth translation relatively to the previous linear invariant metric (so-call
GLCC registration).
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et al., 2016). The deformations are then applied to the baseline image. No intensity
changes are used (at the advantage of the previous metric). The registration is done
between the baseline and the simulated image. Besides, an unique scale is used in
the case of the LCC (σm = σs) giving the same parametrization for both algorithm
but this choice is certainly sub-optimal and should be discussed in subsequent work.

The quality of the registration is assessed on a segmentation of the brain using
the Dice metric. We only consider the white-matter and the cortex globally and the
hippocampi. The simulations are done for 43 healthy subjects from ADNI with two
atrophy settings (the ones used in Chapter 2 see table 2.2). These segmentation-
based scores provide simple (but limited) assessments of the registration accuracy.

The results are presented in Figure A.4. The affine invariant metric does not
lead to a improvement of the registration. Conversely, the results are worse and
estimating the mean using a too small window even lead to disastrous results. Even
if it is possible to get good results with the new metric for a particular set of
parameters, it is not possible to use it reliably because there is no mean to fine tune
these parameters for every registration.

Figure A.4: Evaluation of the registration on simulated deformation for several set
of parameters. r: metric type (2=GLCC, 3=LCC), C: scale, S: intensity similarity
weight.

A.3.2.3 Limitations and perspectives

The presented experiments are not a validation of our contribution to the LCC-
demons algorithm. They aims to justify our use of the old version of the algorithm
despite this unexpected limitation of the implementation and to raise potential is-
sues with the registration algorithm that is widely used in this thesis. The evaluation
of the algorithm should be conducted in a rigorous setting and the automatic cali-
bration of the scales parameters is an important challenge that should be addressed
in future work.
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