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Abstract

Life expectancy increase makes the need for understanding the mechanisms under-
lying ageing more essential. The ongoing development of magnetic resonance imaging
(MRI) provides researchers with an innovative tool to study the brain non-invasively. In
particular, quantitative MRI produces high-resolution quantitative maps of parameters
dependent of relevant biological measures such as myelin, iron and water concentrations.
In addition, a voxel-based quantification (VBQ) procedure corresponding to a spatial nor-
malisation and a smoothing of the maps facilitates group analyses by creating images that
are spatially comparable among participants.

On one hand, this work aims at studying the correlation with age in the brain mi-
crostructures of a group of healthy volunteers (from 19 to 75 years old) using multivariate
statistics. To do so, a joint analysis of the quantitative maps of the entire cohort was
carried out using permutation tests implemented in the PALM (Permutation Analysis of
Linear Models) toolbox and the results were then compared to univariate methods ap-
plied in the Statistical Parametric Mapping (SPM) framework. Whole-brain voxel-wise
analysis showed extensive correlations with age in the gray and the white matter in line
with histologic reports. Nonetheless, a severe loss of sensitivity in the joint analysis was
observed due to the lack of signal present in the longitudinal relaxation rate (R;) modality.

On the other hand, the VBQ approach was analysed in order to evaluate the perti-
nence of this normalisation method combining weighting and smoothing. The age effect
embedded in the parameter maps was removed while an age-study was performed on the
weights, supposed to be independent of ageing. Voxel-wise analysis revealed correlations
with age around the ventricles and in the corpus callosum, corresponding to morphological
effects, but strong robustness in the cortex. The effect size proved to be tiny compared
to the real age effects though.

Keywords: ageing, quantitative, univariate, multivariate, permutation tests, PALM, VBQ),
Ri, R, MT, PD*
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Chapter 1

Introduction

Quantitative magnetic resonance imaging (¢QMRI) offers a new non-invasive perspective
in brain studies. Structural MRI data has a lack of inter-site comparability among the
images of a cohort, leading to biased morphometric analyses, something overcame by
gMRI as it provides absolute measures for a proper comparison across locations and
time points (Weiskopf et al,[2013). Particularly, a quantitative multi-parameter mapping
(MPM) approach was developed in order to produce high-resolution quantitative maps of
the longitudinal relaxation rate (Rq), the effective proton density (PD*), the magnetiza-
tion transfer saturation (MT) and the effective transverse relaxation rate (R3) (Weiskopf
et al., 2011, 2013; Helms et al [2008). Their sensitivities to important tissue properties
involved in ageing such as water, myelin and iron contents make them very suitable for
age-related studies.

It is known that the brain changes constantly during the course of life. However, the
underlying processes involved in these modifications are unclear (Peters, [2006). As brain
ages, previous studies reported strong demyelination, iron accumulation and atrophy.
These effects usually trigger regions that are known to be targeted by neurodegenerative
diseases such as multiple sclerosis, Alzheimer’s disease, Parkison’s disease and Hunting-
ton’s disease (Zecca et al., [2004; |(Connor and Menzies, [1996), making ageing the highest
risk factor of neurodegenerative diseases (Callaghan et al., 2014)). Since only a small per-
centage of elderly people affected by cognitive impairment exhibit pure pathologies (Fotuhi
et al., 2009)), it is first essential to investigate age-related differences in the case of healthy
ageing.

To do so, a cross-sectional whole-brain analysis of the four parameter maps acquired
for a large population of healthy participants was realised (Callaghan et al., 2014). In
order to perform a group analysis, there is a need to spatially normalise the different maps
so as to generate brain shapes comparable across subjects. After a spatial normalisation,
artefacts might still affect the images. Therefore, a smoothing procedure is necessary.
One way is to simply apply a Gaussian smoothing. Additionally, Lee et al.| (2009)) in-
troduced a tissue-specific, smoothing-compensated procedure (T-SPOON) for diffusion
tensor imaging (DTI) data leading to less errors in the normalised and smoothed maps.
Later, Draganski et al| (2011) introduced a voxel-based quantification (VBQ) approach
combining weighting and smoothing that proved to lead to better cross-participants com-
parisons and to be well suited for quantitative MRI. Its success motivated one part of our
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study in which the VBQ procedure was analysed in order to investigate whether it is an
appropriate way of smoothing the data.

In the VBQ analysis, the maps of each single quantitative parameter were analysed
independently and the results were then assessed using statistical parametric methods
within the statistical parametric mapping (SPM) framework. However, the need of a larger
set of assumptions while dealing with multiple testing as well as the different assumptions
that might follow each modality make classical inference more likely to fail to generate
a statistical framework (Winkler} 2017). By contrast, nonparametric methods, offering a
viable and flexible alternative (Winkler et al. 2014)), were studied.

Nonparametric methods have the advantage over parametric methods of using directly
the data so as to find the statistic distribution under the null hypothesis rather than
assuming any distribution a priori (Phillips, [2018)). The results’ sensitivity might decrease
but it is very likely to produce more reliable results since no distribution is assumed.
More specifically, permutation tests are a type of nonparametric method whereby the data
under study is shuffled several times under the null hypothesis and the resulting statistical
value for each permutation is computed to obtain a distribution (Winkler et al., [2014)).
Therefore, it is conceptually simpler, needs fewer assumptions and copes with multiple
comparisons (Nichols and Holmes| 2002), making these methods applicable to a wider
range of situations. The increasing use of permutation tests motivated the other part of
our study in which quantitative maps were studied through multivariate statistics in a
joint analysis by performing permutation tests embedded in the Permutation Analysis of
Linear Models (PALM) toolbox. The main goal is to investigate what a joint analysis,
i.e. considering all four modalities in the same analysis, can bring compared to the study
of each modality separately.

First of all, Chapter 2 will give a literature review of the main concepts under which
this thesis rely on. Then, Chapter 3 will describe the experiments that were carried out
and for which the associated results will be presented in Chapter 4. Chapter 5 will discuss
the results. Finally, Chapter 6 will describe the main conclusion of this work and give
some future perspectives.
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Chapter 2

Related literature and theoretical
focus

2.1 Introduction

In this section, the principal theoretical notions that were helpful in the realisation of this
thesis are introduced. The goal is to get acquainted with some concepts that are sufficient
to understand the experiments undertaken in the project.

2.2 Quantitative maps

Magnetic resonance imaging, commonly known as MRI, is an imaging technique based on
the application of various magnetic fields that will influence the behaviour of molecules
present in the body. Depending on the acquisition protocol set up on the machine as
well as the diverse tissues properties, a bunch of various images can be acquired. Nowa-
days, thanks to the huge ongoing improvement of MR technology, the qualitative aspect
obtained from these shots is reliable. However, the quantitative comparison between a
cohort of subjects is much more difficult. This is the reason why the acquired data can
be transformed into quantitative maps. They provide maps of MR parameters that are
comparable across sites and time points. One approach to obtain quantitative images is
the multi-parameter mapping (MPM) protocol. Using this protocol, typically four maps
can be obtained from raw images (Figure .

During the acquisition protocol, a large number of images are acquired. First of all,
a sequence mapping the transmit B; field is applied. The goal is to calibrate the flip
angle because a certain angle « is desired but, in practise, it will not be constant across
the brain due to the inhomogeneities in the magnetic field. The low spatial frequencies
must therefore be mapped. Then, the map of the static By field is acquired so as to
correct distortions due to field inhomogeneities. Finally, multi-echo 3D volume datasets
targeting different microstructural properties of the tissues are acquired. T;-weighted and
PD-weighted images at different echo times (TE) along with MT images are obtained.
Biophysical models are then used to combine together the images extracted from the
protocol to build quantitative maps of tissue properties.
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Figure 2.1: Example of quantitative maps (Callaghan et al., 2014): effective proton den-
sity, PD* (A); longitudinal relaxation rate, Ry = 1/T (B); magnetization transfer, MT
(C), and transverse relaxation rate, R = 1/T% (D). Units: p.u. = per unit and s = second.

The easiest is the map of transverse magnetization relaxation rate (R3}), which only
requires the PD-weighted images acquired from the acquisition protocol. At each voxel,
a plot of the signal intensity with respect to time for each of these weighted images can
be constructed (Figure 2.2). Knowing the echo time (TE) of the protocol, the model:

S(TE) = Sye"TER2) (2.1)

enables to find the R} value of the considered voxel. Sy represents the intersection with
the signal intensity axis.

08 e
]
s o
206 ®
@ [ J
5 .,
f 0.4+ [
i (]
=)
N
0.2+
O0 10 20 30 40
Time (ms)

Figure 2.2: Voxel-wise plot of the signal intensity with respect to time obtained from the
PD-weighted images (Callaghan]).

Regarding Ry, the mean PD-weighted image, the mean T;-weighted image as well as
the B; map are required. In the same way as above, knowing the repetition time (TR)
and using the data points of the mean images enables to build the model:

TR- R,

S(a) = Ag—— 2.2
(@) = g e (22

where « is the flip angle and A is the effective proton density PD* (see Figure . It can
be thought that the flip angle, a parameter entered by the human, is known. However,
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Figure 2.3: Voxel-wise plot of the signal intensity with respect to the flip an-
gle (Callaghan).

this flip angle will not be homogeneous across the whole brain as already mentioned.
Therefore, the B; map is necessary to account for these variations. In addition, since
equation contains the PD* parameter, the same model along with the same B; map
and the R; map are used to get the effective proton density map.

Finally, for the MT map, the R; and B; maps as well as the mean MT-weighted image
are needed and the model is analogous to the previous one:

TR - Ry

S =Aa—;
S +TR-Ri+0

(2.3)

with the § term to determine.

Another useful advantage of such maps, besides offering a quantitative aspect, is that
they are sensitive to some important tissue properties among which are the myelin and
the iron contents, two measures indicative of ageing (see Section . The R; and MT
maps are directly sensitive to the concentration of iron and macromolecules, e.g. myelin,
respectively while the PD* map is sensitive to water content. By contrast, R; gives
information about all of these. It helps to understand why these maps are very appropriate
for the study of ageing.

2.3 Biology underneath ageing

The processes occurring with ageing in the human brain are relatively complex, some of
which are still misunderstood. However, the influence of both myelin and iron has been
demonstrated.

Myelin sheaths, produced by oligodendrocytes, are thin sheaths wrapped around axons
to form an insulating layer (Figure [2.4). They favour the conduction of action potentials
along the axon. Myelinated axons are abundant in the white matter, giving its whitish
aspect, while they are not present in gray matter (Reece and Jackson|, 2011)).
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Figure 2.4: Representation of myelin sheaths. Source : Beyond the Dish, Inhibition
of Glil Enhances Remyelination Abilities of Endogenous Stem Cell Populations, https:
//beyondthedish.wordpress.com/tag/myelin-sheath/, page visited on February 28"
2018.

Regarding the oligodendrocytes, they are highly dependent on the iron concentration.
Indeed, a sufficient level of iron is required to enable a proper work of these molecules.
This is the reason why iron has shown to be abundant in the brain. Its concentration
must neither be insufficient nor abnormally high, which might lead to some irreversible
cognitive and motor impairment or oxidative injury respectively (Connor and Menzies,
1996). Iron is therefore a key co-factor in the production of myelin sheaths.

It has clearly been demonstrated that iron accumulates with age in the brain regions
that are most susceptible to neurodegenerative diseases, along with a loss of myelinated
sheaths (Callaghan et al., 2014; Zecca et al., 2004)). It is thought that the oxidative
stress induced by the iron accumulation are likely to cause neurodegeneration (Zecca
et al., [2004)). Histologic reports (Hallgren and Sourander; [1958) revealed a concentration
increase in the putamen (Figure , the motor cortex and the prefrontal cortex. These
observations are consistent with the fact that white matter is the brain structure subjected
to the major impairment in elderly people (Marner et al., 2003)).
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Figure 2.5: Increase of iron concentration with age in the putamen (Hallgren and Souran-
der, 1958)).
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In the same way, demyelination, i.e. loss of myelin, was reported in the course of
ageing. It leads to reductions in the conduction of action potentials which might further
result (Marner et al., 2003) in cognitive decline. Histologic reports (Lintl and Braak, 1983)
showed reductions of myelin in the line of Gennari (Figure in normal individuals.

—— Line of Gennari ——

Myelin measure

Age (years)

Figure 2.6: Reduction in myelin content of Gennari’s line located in the human striate
cortex (Lintl and Braak, 1983).

Furthermore, some brain regions exhibit significant atrophy while ageing. Studies
using MRI showed a cerebral cortex thinning, volumetric reductions of most subcortical
structures and an expansion of the ventricles (Fjell et al., 2009)). Figure [2.7] illustrates a
brain slice of a young and of an old person. Ventricles expansion can be clearly seen.

Figure 2.7: Quantitative MT maps of a 21 years old subject (A) and of a 73 years old
subject (B). The maps normalised in MNI space are shown.

Demonstrating variations of ageing markers histologically in the brain has the disad-
vantage of being invasive as it is necessary to have access to the structure under study
of the subjects. Due to this invasiveness, the reports are limited to specific regions of
interest in the brain. The use of statistical inference on quantitative maps enables to
study age-related differences non-invasively in the whole brain in a fast and reliable way.
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2.4 Parametric inference

(Callaghan et al. (2014)) analysed the quantitative maps of a population of 138 subjects
to study age-related differences of pertinent biological measures, mainly those described
in the previous section, in the brain during normal ageing. To do so, they performed a
whole-brain voxel analysis. On one hand, voxel-based quantification was used to assess
the differences among the quantitative MR parameters. On the other hand, voxel-based
morphometry (VBM) was used to determine the differences in volume or shape of the
tissues among the cohort. Based on histologic results, age was assumed to be correlated
with reductions in myelin content, modifications in iron and water concentrations as well
as with brain atrophy, and that such correlations had to be highlighted in the MPM maps.

In this study, parametric inference was applied on each and every map separately,
considering them as independent. Then, the statistical analyses were conducted using
the general linear model (GLM) framework embedded in SPMS8. The model consisted
of four regressors: age, gender, total intracranial volume (TIV) and the type of scanner.
One-tailed or two-tailed ¢-tests were mainly used to assess either the decrease, increase
or difference of a parameter with age.

Figure[2.8|represents the regions of the brain subjected to either a decrease of Ry or MT
or an increase in Rj. Positive correlations of R with age were observed especially in the
putamen, the pallidum, the caudate nucleus, the red nucleus as well as in extensive cortical
regions while negative correlations of MT and/or Ry were found in the thalamus, the
borders of the corpus callosum, the optic radiation and some cortical regions. In general,
they found that the results were concordant with histologic reports and presented high
specificity for tissue properties. Similar experiments were reproduced and the obtained
maps for all quantitative parameters separately are presented in Section [4.1]
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Figure 2.8: Statistical parametric maps showing a whole brain pattern of ageing, at
p < 0.001 uncorrected for display purposes. R; and MT decreases are associated with
myelin reductions while iron increases are estimated from increased R3. The ¢-scores are

represented using the square color and some slices of the brain are presented (Callaghan

et al} pOL1).
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In the current section, the four maps were considered as being independent from each
other. What if they were somehow related? Studying all the maps as a whole, in one
statistical analysis might highlight properties that can not be seen using parametric statis-
tics. This is what will be investigated in this thesis. To do so, nonparametric inference
can be applied to compare the results obtained with common parametric statistical tests.

2.5 Nonparametric inference

Nonparametric statistics are techniques that directly use the data in order to build the
statistical distribution under the null hypothesis rather than rely on a certain number of
assumptions. Here, permutation tests will be especially studied. Briefly, it consists in
shuffling the data several times under the null hypothesis and computing the resulting
statistical value for each permutation to obtain a distribution. One major advantage is
that few assumptions are required.

Winkler (2017) wrote a thesis in which he proposed a general framework allowing
permutation inference applied on a GLM. It is thus useful to slightly develop some notions
encountered in this framework.

As a reminder, a GLM can be expressed at each voxel by Y = M1 + € where Y is the
observed data for the whole population under study, M is the design matrix that gather
the regressors of the model, ¥ corresponds to the regression coefficients to determine and
¢ are the errors, supposed to follow a normal distribution in the parametric case but
not in the nonparametric. Figure is a graphical representation of the GLM. It is then

v

N N N

Figure 2.9: General linear model. N is the number of subjects and P the number of
regressors.

interesting to partition the model to separate the regressors of interest (X), for the studied
null hypothesis, from the nuisance regressors (Z) such that the GLM becomes:

Y =X[+%Zy+e (2.4)

The reason is that the nuisance regressors are likely to modify the assumptions of permu-
tation tests.
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From equation , the statistics used for inference is not necessarily a F- or a t-
test as it is common in parametric testing. Any pivotal statistics is convenient here. It
means that it is independent of any unknown parameters. Examples are multiple and go
from the student’s ¢ test to the Pearson’s correlation coefficient.

The corresponding p-value is determined by permuting the data several times and to
fit the model for every rearrangement. Then, a new realisation of the statistic, called T}
with j the permutation index, is computed for every fit. Once all the permutations have
been executed, the distribution of 7™ under H, constructed with the p-value is given by:

J
Z (T} > Ty) (2.5)

K‘ |

where J is the total number of permutations, I(-) is the indicator function and Tj the
observed value. The presence of the indicator function makes the p-values both discrete
and multiple of 1/J. Also, it is worth noting that the minimum value that can be reached
is 1/J and not 0 because the observed statistic without any permutation is accounted for
in the distribution. Therefore, the total number of permutations performed will affect the
p-values of the results.

Besides, a corrected p-value distribution accounting for the multiplicity of the tests
across an image can be obtained. Indeed, for each rearrangement, the maximum value
of Tj across the image, T;"%*, is recorded. The FWER (family-wise error rate)-corrected
p-value is simply the proportion of T7"** greater than Tp.

An important aspect that governs permutation inference is the principle of exchange-
ability, which is the manner under which the data are shuffled under the null hypothesis.
It is based on the assumption that the joint distribution of the data is unchanged if they
are permuted. This assumption, one of the few required for nonparametric tests, can
be stipulated in terms of exchangeable errors (EE) or independent and symmetric errors
(ISE). In the first case, the distribution of the errors does not change after permuting
the data. In mathematics, it can be written that: € = P e, meaning that the errors can
be multiplied by a permutation matrix, i.e. a binary matrix in which each row and each
column have respectively only one 1, without affecting their joint distribution. In the
ISE case, the principle is the same but with a sign-flipping matrix instead: € = S;je. S;
is a diagonal matrix with only -1 or +1 depending whether the sign of the observation
must be flipped or not. The maximum number of permutations or sign-flippings with n
observations is given by n! or 2" respectively. Both cases can be considered at the same
time, the data being both permuted and sign-flipped. An example is shown in Figure[2.10]

In the case of this work, there is a need for multiple testing due to the presence
of multiple modalities, the quantitative maps. One way consists in the combination
of multiple univariate hypotheses that are analysed separately, the results then being
combined together to test a joint null hypothesis. Each individual analysis is called a
partial test and exchangeability is assumed only for the observations within each partial
test and not between the tests. It is important to say that each partial test will correspond
to each quantitative parameter for the purpose of this thesis.

2.5. Nonparametric inference 20



Fisher| (1932)) proposed a joint analysis for such partial tests. It is based on the
idea that the probability of rejecting the joint null hypothesis can be treated as the
intersection of the probabilities of each partial test, the intersection being represented as
their product: [], pr. From this, he built a statistic for the global null hypothesis given
by: T = =238 In(ps), K being the number of partial tests. He showed that T' follows
a x? distribution with 2K degrees of freedom, and from which an uniformly distributed
significance level Brigner can be computed: DBrigner = 1 — x? (Winkler et al., [2016b).
A bunch of other methods have been developed since. However, Fisher’s still seems to
be one of the most popular, with Tippett’s (Tippett], 1931]), due to their independence
assumption about the partial tests as well as their ease of use.

Testing each partial null hypothesis using simultaneous rearrangements is called non-
parametric combination (NPC). Figure summarizes the two phases of this technique.
First of all, a fixed number of permutations is performed independently on each modal-
ity. The resulting statistic is then recorded voxel-wise for each shuffling, allowing the
empirical null distribution to be estimated for each partial test. From this, the statistic
is transformed into a p-value and the extremum statistic among the entire set of voxels
is stored. As a second phase, it is possible to combine the various empirical p-values
for each shuffling into a joint statistic using Fisher’s method for example. Since it is
generated from permutations that were performed beforehand, its distribution is directly
determined. Therefore, the p-value of the joint analysis is determined.

Furthermore, the algorithm can be modified in two ways so that the whole process
happens in a single phase. First, u-values are used instead of p-values to make it more
suitable for imaging applications. They simply represent parametric p-values. Second,
the empirical distribution is transformed into a known parametric distribution. The main
reason for these modifications is the ability to process the algorithm in one phase, i.e.
without the need to retrieve the data between both phases. One remarkable feature of
NPC is the implicit accountancy for the dependence structure among the partial tests by
the synchronised permutations (Winkler, [2017)).

Further and more detailed notions and concepts can be found in Winkler et al.| (2014},
2016b)), but those presented here above are sufficient to give insights about the results
and the methods applied in the following. Permutation tests have the advantages of only
requiring weak assumptions, either of exchangeable and/or independent and symmet-
ric errors, providing greater or equal power compared to parametric inference but also
controlling over the errors of type I, i.e. the false positives, in a better way. Yet, the
computational complexity of carrying out such tests is likely to become very important
when the number of permutations increases. Due to the high potential of nonparametric
inference, Winkler created a toolbox called PALM [ for Permutation Analysis of Linear
Models, allowing to perform permutation tests for statistical inference.

https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/PALM
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Figure 2.10: Examples of a permutation matrix, sign-flipping matrix or both, respectively
in a), b) and ¢). A) corresponds to permuting the data and b) to change the sign, or not,
of the data (Winkler, 2017).
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Figure 2.11: Representation of the original and the modified NPC algorithms. The original
combines nonparametric p-values. However, it requires huge amount of data storage space,
especially as far as imaging applications are concerned. The modified algorithm enables
the procedure to run in only one phase instead of two, without the need to extract data
to get the distribution of the partial tests (Winkler, 2017).
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Chapter 3
Methods

3.1 Data

The data used throughout the project are the quantitative maps produced in [Callaghan
et al. (2014). The cohort includes 138 participants, aged between 19 and 75 years old,
among which 49 are men, with a mean of 46.6 and a standard deviation of 21 years. The
subjects were examined on two 3T whole-body MR systems at the Functional Imaging
Laboratory (FIL), London. Each MR system was equipped with a standard 32 channel
head coil for receive and RF body coil for transmission.

Then, the statistical parametric mapping framework SPMS8 was used to process the
data. On one hand, the unified segmentation approach was used for each participant to
segment the MT maps into gray matter and white matter probability maps. This ap-
proach (Ashburner and Friston, |2005) consists in a generative model based on a mixture
of Gaussians allowing to perform image registration, tissue classification and bias correc-
tion, and is applied to each individual separately. First, the MT-weighted, PD-weighted
and Ti-weighted images acquired from the protocol were co-registered, i.e. they were
realigned in order to correct for motion correction. Second, physical models from the
MPM protocol (Section were applied to the aligned images. The quantitative maps
were produced. Third, the quantitative MT maps were segmented into gray and white
matter tissue class images. On the other hand, inter-subject registration of the tissue
class images of all subjects was performed to transform them non-linearly to Montreal
Neurological Institute (MNI) space, a common group space, using the diffeomorphic reg-
istration algorithm Dartel from SPM (Ashburner;, [2007). It basically estimates a smooth
and continuous mapping for the voxels from native space to MNI space.

Finally, due to the small misalignments that might still arise after spatial normalisa-
tion, the data were smoothed. To do so, two possible ways are the application of either
a Gaussian smoothing or a VBQ normalisation. Better results in terms of voxels corre-
spondence were revealed using VB(Q) normalisation. Indeed, Figure shows that when
comparing images of a group, the maps of two (or more) participants have shapes that are
more similar using VB(Q rather than using a normalisation and a Gaussian smoothing.
Therefore, a VBQ analysis combining smoothing and weighting as described in |Draganski
et al. (2011)) was used. More details regarding the VBQ approach can be found in Sec-
tion where methods will be presented to evaluate whether the way of smoothing the
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data using VBQ is appropriate.

Participant 1 Participant 2

(A) R, maps in native space

Native Space

R, Value MNI Space
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Figure 3.1: Normalisation of R; maps from native space to MNI space by applying (B)
a spatial normalisation without smoothing, (C) a normalisation followed by a Gaussian
smoothing or (D) a VBQ normalisation (Cercignani, [2017)).

3.2 Univariate analysis

In this section, a parametric and a nonparametric approach are carried out in order
to study each quantitative map separately. Then, the results from both methods are
compared to assess their correspondence. This is an important preliminary step before
investigating the complex multivariate case so as to ensure that PALM is reliable in the
case of the considered study design.

3.2.1 Parametric approach

First of all, the quantitative maps were analysed in the univariate case, i.e. each modality
was tested individually with its own hypothesis. The statistical inferences were carried
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out using the GLM framework embedded in SPM12. The design matrix was composed
of four regressors: age, gender, total intracranial volume and the type of scanner. It is
essential to remark that only the age regressor will be of interest throughout this thesis.
On one hand, one-tailed t-tests were used to test the decrease with age of MT and R;.
The reason is that both are sensitive to myelin and it is know from previous research
that a demyelination in the course of life is observed in the brain. On the other hand,
two-tailed ¢-tests were used to investigate the difference with age of PD* and Rj since the
effect of these parameters could not be assumed beforehand. The results were assessed
after family-wise error (FWE) correction using random field theory (RFT) at a statistical
threshold of p < 0.05. These are mainly the same statistical tests as those in |Callaghan
et al.| (2014) regarding the discrepancies occurring with ageing. In addition, they were
executed voxel-wise across the gray matter (GM) and the white matter (WM) sub-spaces
separately using explicit masks defining GM and WM voxels (Callaghan et al., |2014).

3.2.2 Non-parametric approach

As a second step, permutation tests were applied using PALM. To do so, the images
had to be transformed from 3D images to a 4D volume in order to be processed by the
toolbox. The results are expected to be similar to those obtained from SPM. The goal
is therefore to assess whether PALM works in the univariate approach with this study
data before enlarging the analysis to multivariate statistics. Testing one single modality,
a high number of permutations was used a priori, with the hypothesis of exchangeable
errors, along with the contrasts described above. In accordance with Nichols and Holmes
(2002), 1000 permutations were chosen as it leads to a robust outcome with significant
minimum p-values. For the nonparametric approach, only the transverse relaxation rate
R3 maps were studied, assuming that if the activations are comparable with SPM for one
modality then they will be for all of them.

3.2.3 Cross-methods variability

Finally, the results were compared. One way was to observe the resemblance between
the patterns of significant voxels in the respective outputs. The analogy can be assessed
both qualitatively and quantitatively. The qualitative aspect was done by visually evalu-
ating the similarity in the significantly detected regions whereas the quantitative aspect
consisted first in assessing the similarity between the patterns using a similarity measure
called the dice coefficient. The measure is defined as:

2|AN B|

DC(A, B) A< B (3.1)
where |A| and | B| are the number of significant voxels in image A and B respectively, and
|A N B| is the number of significant voxels detected simultaneously in both images. The
coefficient is comprised between 0 and 1. In the case where both images detect exactly the
same voxels: |A| = |B| = |ANB| and DC = 1. On the contrary, the intersection is empty
whenever the images are completely dissimilar. DC' is therefore equal to 0. Obviously,
the higher the coefficient the better the results’ consistency.
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Another way of comparison was to look at the statistical values strictly speaking. One
issue is that the outcome of the softwares is different: SPM gives t-scores while PALM
generates p-values as final outputs. Comparing directly the values is therefore unfeasible.
Three ways are thus conceivable.

First, both outputs can be transformed into z-scores. To do so, p-values are converted
into z-scores via the inverse complementary error function while ¢-scores are modified into
z-scores using the SPM12 function spm_t2z. However, going from one score to the other
introduces assumptions and numerical approximations likely to induce inaccurate results.
Furthermore, due to the fact that p-values of permutation tests are discrete and at least

equal to the inverse of the total number of permutations, the order of magnitude between
the z-scores obtained for PALM and SPM will be different.

Second, the t-scores from SPM can be transformed into p-values using the SPM12
function spm_Tcdf. Yet, the issues described previously arise once again.

Third, considering the fact that PALM creates statistical maps of t-scores before per-
forming any permutations, they can be compared with those from SPM. One could argue
that generating the maps beforehand might not reflect the true results of the nonpara-
metric analysis. However, it is thought that if the ¢-scores obtained at the beginning are
similar then the p-values outputs would be of confidence.

Even though each of these methods seems to have at least one drawback, the third
method was chosen as it prevents from performing any conversion from one score to the
other. To compare both softwares, a Bland-Altman plot was used. It offers a similarity
perspective between the statistical ¢-scores obtained at each voxel between two results. It
is a way to assess the agreement between two methods. It is worth noting the difference
existing between the notions of agreement and correlation. A good correlation might cor-
respond to a bad agreement. A perfect agreement is represented by the equation: y = x.
In this case, the correlation is also perfect. However, by modifying the scale of measure-
ment, one might have an identical correlation but with a different agreement (Fevre). To
generate such a plot, the difference between the two methods was plotted with respect to
their average and the density of the points was represented.

3.3 Multivariate analysis

Once PALM and SPM showed to reasonably converge in the univariate study, it was
extended to a multivariate analysis within PALM. A multivariate analysis is the natural
extension of the univariate implementation in PALM in the nonparametric context. The
NPC algorithm is more appropriate than classical permutations in this case because it is
more powerful and relies on fewer assumptions (Winkler et al., 2016b). While generating
the first tests with all four modalities, it was noticed that the computational time was
particularly huge when the number of permutations was increasing. Therefore, accelera-
tion methods available in PALM were used. Also, some tests were carried out in order to
choose the minimal number of permutations to perform inducing reliable inference.
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3.3.1 Acceleration methods

When the data to permute become relatively cumbersome, which is the case here, the
time it takes to generate the exhaustive set of permutations is impracticable. Indeed, the
total number of possible permutations is 1.6 x 10'8. However, more permutations do
not intrinsically increase the power. Instead, it allows to decrease the resampling rate
as well as to generate smaller p-values, which may not be needed in the case of FWE
correction (Winkler et al., 2016a). So, the first obvious way to reduce the computational
time is to perform fewer permutations. But still with hundreds or thousands of rearrange-
ments, the processing time is high (2 hours for the GM tissue class with 250 permutations,
11 hours and 30 minutes for 1000 permutations). Therefore, it is possible to use a tail
approximation. It consists in modelling the tail of the distribution by fitting a generalised
Pareto distribution (GPD). The GPD has a cumulative distribution function (CDF):

/{}2’1
1—(1—"2)e,k#£0
F(z) = A=)k (3.2)
l—e_Tz,k:O

where a is the scale parameter, k is the shape parameter and where the range of the
exceedances z is 0 < z < oo for k < 0 and 0 < z < a/k for £k > 0. The permutation
p-value of the approximation is given by:

NCI’C
N
where N.,./N compensates for the fact that the CDF is estimated only on the tail (Kni-
jnenburg et al., [2009). Figure illustrates P,y for different values of the test statistic

xo as shown in [Knijnenburg et al| (2009). It can be seen that the GPD approximation is
quite close to the CDF of the F' distribution for the range of z.

Pya = (1= F(zo—1)) (3.3)

In PALM, the tail is defined by a certain threshold entered as an argument. It this case,
a threshold of p < 0.05 was chosen for the modelling. It means that the tail approximation
will only be applied on the p-values below the threshold. A representation can be seen in
Figure |3.3]

Other approximations, e.g. the gamma approximation, are also implemented. How-
ever, the tail approximation is preferred in the case of multiple modalities due to its
availability for NPC and for its generalisability. Also, in the case of a FWE correction,
the fit of a tail is quick, the resample risk is small and the effects revealed might be
stronger (Winkler et al., 2016a). Another advantage of using the tail approximation is
that if a good fit is not found, then no approximation is made to prevent from introducing
erroneous modelling.

One further modification to increase the computational time is to prevent PALM from
generating maps of uncorrected p-values. The advantages are that it not only reduces the
memory required by such memory intensive methods but also avoids the computation of
a high number of p-values.
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P-value

Figure 3.2: P-value as a function of the test statistic. Py = p-value obtained from the
CDF of the F' distribution, P..q¢ = p-value of the ECDF approximation and F,,q = p-
value of the GPD approximation. ECDF stands for Empirical Cumulative Distribution
Function. It is an other approximation of p-values including a step function (Knijnenburg

et al} 2009).

Tail approximation

Frequency

h p-value

Test statistic

Figure 3.3: The tail approximation consists in approximating the p-values below a cer-
tain threshold by fitting the tail of the distribution using a generalised Pareto distribu-
tion (Winkler et al., | 2016a)).

The combination of these two acceleration methods along with the use of faster com-
puting server available at the FIL, tremendous reduction of execution time are obtained
(from 2 hours to 1 hour and 20 minutes for the GM tissue class for 250 permutations). One
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advantage is that a greater set of permutations can be considered for the same amount of
time.

3.3.2 Number of permutations

It is known that the higher the number of permutations, the better. Nevertheless, there
is a trade-off between the number of permutations and the computational time as already
mentioned. This is the reason why it is interesting to investigate the minimum number
of permutations required to have stable and faithful results.

To do so, the NPC algorithm for the analysis of the four modalities while testing
a positive correlation with age was performed with 50, 100, 250, 500, 750, 1000 and
2000 permutations. The percentage of voxels detected under the statistical threshold of
p < 0.05 was estimated. Also, each result was compared with the one obtained with 2000
permutations, considered as the reference. In this way, the dice coefficient between the
number of voxels detected FWE p < 0.05 for one analysis and for 2000 permutations was
determined. It enables to assess whether increasing the number of permutations improves
the robustness of the results.

3.3.3 Statistical inference

One can wonder which type of statistical test is more appropriate in the case of a mul-
tivariate test. Evaluating either a positive or a negative correlation with age is unlikely
to give interesting results since it is known that some parameters are sensitive only to an
increase with age while others only to a decrease. Therefore, a F-test was applied so as
to observe any difference with age in the brain microstructures.

3.3.4 Combination and correction over modalities and over con-
trasts

Whenever a nonparametric test contains at least two modalities, the permutations are
performed independently on each modality and the empirical p-values obtained are then
combined (principle of the NPC algorithm as described in Section [2.5)). In the same way,
to perform a F-test, the contrast file entered in PALM is in the form:

0 1 000

0 -1.0 00
The second column is associated with the age regressor. The algorithm processes them
independently as two t-tests respectively evaluating the effect of an increase and a decrease

with age. The combined statistic, through the use of Fisher, is computed at each voxel
and then the extremum combined statistic across the image is stored.

Furthermore, it is necessary to correct for the multiplicity of both modalities and con-
trasts. For the contrasts, it consists in converting their statistics into a z-statistic. For the
modalities, it consists in generating a FWER-adjusted p-value, which is the proportion
of the extremum statistic across all tests greater than the unpermuted statistic (Winkler,
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2017).

Appendix [A] contains the line of command with the specific input arguments to run
PALM as described here above. In addition, a SPM batch was created to use nonpara-
metric inference in a similar way as it was done in this thesis. Appendix [B] describes how
to use the batch interface.

3.4 Comparison

The main question to be answered is to evaluate whether the use of a multivariate ap-
proach is worth it. It is particularly interesting to look at what is gained and what is
lost by the use of a joint analysis. Several methods to try answering these questions are
presented.

A useful measure consists in computing the percentage, or the number, of significant
voxels compared to a reference. For example, it can be the number of significant voxels in
an analysis with respect to the number of voxels in the mask of the corresponding tissue
class. Each percentage used will be specified.

As presented in Section [3.2.3] the dice coefficient was also computed as the similarity
measure of reference.

In addition, Bland-Altman plots were created. This time, it investigates the similarity
between the statistical p-values obtained at each voxel between two multivariate results.
In addition, the average bias and the limits of agreement can be determined. The bias is
the mean of the difference values while the limits of agreement are defined as: bias + 1.960,
o being the standard deviation of the difference values, all of which being superimposed
on the graph.

Finally, the matching between a pair of images is determined in which one image is
defined as the prediction and the other as the reference. Since, it is not known which is
the true pattern, each image was considered as the reference and as the prediction once.
The matching is evaluated in terms of the overlap between the images. The overlap is
computed in terms of voxel and cluster matching. More importantly for this study, the
false positive and true positive rates for each matching give more interpreting results. For
the voxel matching, the true positive rate (TP,), or sensitivity, is the percentage of voxels
in the prediction’s regions of interest (ROI) matching those in the reference. The false
positive rate (FP,), or 1-specificity, is the percentage of voxels in the prediction’s ROI
that do not match any voxels in the ground truth. They can be written as:

TP, = T—P
TP + FN (3.4)
FP '
FP, = ————
TN+ FP

For the cluster matching, they are defined respectively as the percentage of clusters in the
prediction matching those in the reference and the percentage of clusters in the prediction
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matching any in the reference.

Two main axes of comparison were analysed. On one hand, the multivariate results
from PALM at the p < 0.05 FWE corrected level and the mass univariate results from SPM
will be studied. To be consistent with the corrected level fixed at 0.05 in the multivariate
case, the univariate results are analysed at p < % = 0.0125 FWE corrected level. Since
a test with p < 0.05 has a 5% chance of finding at least one false positive, then generating
four tests, due to the presence of four modalities here, at the same threshold would lead
to 4x5 = 20% chance of false positive. Therefore, by reducing the threshold for each
univariate analysis, their union has also a 5% chance of false positive. The main objective
is to evaluate what can be brought by a multivariate approach. On the other hand, results
of permutation tests containing a varying number of modalities are contrasted. In this
case, one wants to understand the influence of adding or removing one modality to the
multivariate analysis. What each modality brings to the joint analysis?

3.5 VBQ analysis

To go from the raw MPM quantitative maps to the sub-space maps ready to be analysed,
a voxel-based quantification analysis was performed. The goal of this approach is to
achieve an optimal parameter (MT, Ry, R}, PD*) assignment to the particular tissue
class (Draganski et al| 2011). It is essential to transform the quantitative maps from
native space to MNI space. To do so, the data must be spatially normalised and smoothed
by a Gaussian kernel. A better way for voxels correspondence between subjects is to apply
a VBQ normalisation though. However, it is interesting to investigate whether this way
of normalisation and of smoothing is appropriate.

To do a VBQ analysis, several steps were carried out. It is worth noting that the
associated processing pipeline can be found in the hMRI toolboﬂ First, the participant-
specific tissue class images had to be transformed non-linearly to MNI space using the
diffeomorphic registration algorithm Dartel from SPM (Ashburner, 2007). In this case, the
images were modulated by the Jacobian determinants of the deformations so as to account
for local compression and expansion due to both linear and non-linear transformation
while going from native space to MNI space (Draganski et al.,|2011). Warped, modulated
and aligned tissue class images were therefore produced.

Second, another Dartel procedure was applied to the MPM images, without the need
to scale by the Jacobian determinant, to generate warped and aligned images.

Finally, a combined weighting/smoothing/masking procedure was applied:

g * (ws(¢)[eTPM > 0.05])
g*w

signal = [g % w > 0.05] (3.5)
where w = |D¢|t(¢) are the weights in standard space with |D¢| being the Jacobian de-
terminant of the deformation ¢ and ¢(¢) being the warped tissue class image, and s(¢) is
the warped parameter map. Both are the outputs of the two Dartel procedures described

"https://github.molgen.mpg.de/hMRI-group/Toolbox
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previously. The goal of the weighting is to up weight the voxels guaranteed of belonging
to a particular tissue class. Then, g % represents a convolution with a 3 mm FWHM
(full width at half maximum) Gaussian smoothing kernel. The goal of the smoothing is
not only to improve the spatial overlap by blurring over minor anatomical differences and
registration errors but also to suppress noise by averaging over several voxels (Phillips,
2018). Finally, two masking thresholds at 0.05 are applied. On one hand, the product of w
and s(¢) is masked by the non-participant specific TPM embedded in SPM, ahead of the
smoothing procedure. On the other hand, the final ratio is masked by the denominator,
a participant-specific tissue map. The latter was unpublished and its purpose is not well
understood. It might induce an undesired age effect because of its participant-specific
characteristic. However, the way SPM is implemented to estimate the model parameters
by the use of an external masking, in this case being a relatively conservative mask in-
cluding the voxels present in at least 20% of the subjects, prevent this term from having
any effect. This triple procedure aims at enhancing the specificity for the particular tissue
class. However, there is a risk of misalignment from one subject to the other, even though
the normalisation tries to prevent it. If this is the case, some spurious effects associated
to atrophy may appear in the age studies described in the previous sections. Several sub-
sequent modifications of equation (3.5)) will thus be done in order to determine whether
spurious effects are present and where they would come from.

The VBQ procedure (equation ({3.5))) can be written as:

g * (|Dg|iti(9)si())
g * |Dgliti(d)

where both maskings have been omitted and where the subscript ¢ means that each
parameter is participant-specific, i € {1, ..., 138}. When studying age-related effects on
such images, it is thought that the age effect is embedded in the parameter maps s(¢)
rather than in the weights w. Therefore, performing an age analysis where the weights are
kept participant-specific but where the parameter maps are taken from only one subject
aims at verifying that no age effect is present in the weights. The equation then becomes:

g * (|D¢liti(9)s(9))
g * |Déliti(¢)

It is interesting to capture the variations in the patterns of detected voxels in this case
while selecting the parameter maps of a young participant of 22 years old, of an old
participant of 74 years old and of the mean map of the entire cohort. The modified pro-
cedure was tested for each quantitative parameter. In addition, the evolution with age
in a ROI in the body of the corpus callosum was reported for both equations and
as well as for the parameter maps, the tissue class images and the Jacobian determi-
nants for all subjects. In this way, the correlation with ageing is assessed for each of them.

signal, =

(3.6)

signal, = (3.7)

In the same idea, the weights can be modified in several ways so as to investigate the
effect of the different elements present in the formula. Subsequently, the various analyses
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were conducted:

signal, = £ ;t;(i)(;i)@) (3.8)
sgnal, — £ (W0 (39)
signal, = 2 *;gﬂi‘i@) (3.10)
signal, = £ gf %;jfgb)) (3.11)

where in the first and the second equations, the Jacobian was removed meaning the first
Dartel procedure was conducted without scaling by the Jacobian while the third and
fourth studies use only the Jacobian as weights.

Additional analyses were to study the influence of modifying the size of the smoothing
kernel. In addition to the reference of 3 mm FWHM, 0.5 and 6 mm were applied. In
the first case, the smoothing effect is strongly reduced since the size of a voxel in MNI
space was fixed to 1 mm. Therefore, the bottom of the Gaussian will be close to the voxel
size. In the latter, the kernel is doubled to reinforce the effects of the smoothing procedure.

Futhermore, for the sake of completeness, the VBQ approach was compared with
a tissue-specific, smoothing-compensated (T-SPOON) procedure based on which VBQ
was built. The method was introduced in order to compensate for the problems of sim-
ple voxel-based analyses leading to poor tissue specificity from image registration and
smoothing (Lee et al., [2009). In this case, the weights w are replaced by masks. To do so,
the modulated, warped and aligned tissue class images are thresholded at 20%, to be in
accordance with [Lee et al. (2009)) and to get a participant-specific mask. Using the same
notations as previously, the T-SPOON formula can be written as:

g* ([|[Doliti(¢) > 0.2]5:(¢))
g *[|Dg|iti(¢) > 0.2

This procedure was also studied by taking the parameter map from only one young par-
ticipant.

signal, = (3.12)

Finally, the dice coefficients comparing some of these different analyses were then com-
puted to assess the similarity of the results from a quantitative point of view.

For all the here above described tests, a F-test was used. The results were then
assessed after FWE correction at a statistical threshold of p < 0.05. To be consistent
with (Callaghan et al. (2014)), a smoothing kernel of 3 mm FWHM and a voxel size of 1
mm were used. Any modification with respect to these default parameters will be specified
accordingly.
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Chapter 4

Results

4.1 Univariate analysis

4.1.1 Parametric approach

In this section, the univariate analyses from |Callaghan et al. (2014) were conducted again
and the results were replicated for comparison. It is an essential step in order to ensure the
analyses’ reproducibility provided that the SPM and the Matlab versions were updated.

Magnetization transfer

The MT results obtained show significant negative correlations with age (Figure
mainly in frontal and parietal regions. The thalamus, the borders of the corpus callosum,
some cortical regions and the optic radiation were identified.

Figure 4.1: Statistical parametric maps of regions with a decrease in MT with age, at
p < 0.05 FWE corrected. The results (of both the GM and WM analyses) were overlaid
on the mean MT map of the cohort in MNI space. The t-scores are represented using
the colobar and some slices of the brain are presented in the sagittal, coronal and axial
orientations.
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Effective transverse relaxation rate

Regarding Rj, mainly positive correlations were identified with age and were located
in regions including the putamen, the pallidum, the caudate nucleus and some cortical
regions (Figure |4.2)). Negative correlations within the medial part of the ventral surface
of the frontal lobe were also seen but in a much smaller amount.

Figure 4.2: Statistical parametric maps of regions with an increase in R} with age, at
p < 0.05 FWE corrected. The results (of both the GM and WM analyses) were overlaid
on the mean MT map of the cohort in MNI space. The t-scores are represented using
the colobar and some slices of the brain are presented in the sagittal, coronal and axial
orientations.

Longitudinal relaxation rate

In the Ry map (Figure [4.3)), negative correlations with age were identified in the optic
radiation and around the corpus callosum.

Figure 4.3: Statistical parametric maps of regions with a decrease in R; with age, at
p < 0.05 FWE corrected. The results (of both the GM and WM analyses) were overlaid
on the mean M'T map of the cohort in MNI space. The t-scores are represented using the
colobar and some slices of the brain are presented in the axial orientation only.
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Effective proton density

Proton density correlations with age were found in both directions in different structures
(Figure . In the case of a negative correlation, the putamen, the pallidum, the caudate
nucleus and the red nucleus were identified. In the case of a positive correlation, significant
voxels were observed in the optic radiation and in superior regions of the white matter.

Figure 4.4: Statistical parametric maps of regions with a decrease (top) and an increase
(bottom) in PD* with age, at p < 0.05 FWE corrected. The results (of both the GM
and WM analyses) were overlaid on the mean MT map of the cohort in MNI space. The
t-scores are represented using the colobar and some slices of the brain are presented in
the axial orientation only.

4.1.2 Nonparametric approach

From a qualitative point of view, the regions displaying a positive correlation with age
for R} using permutation tests (Figure are quite similar to those obtained using
parametric techniques (Figure. The main regions are detected, with the putamen, the
caudate nucleus and the pallidum being significantly correlated. However, some cortical
regions that were observed in the sagittal view are not significant anymore (see arrows,

Figure .

4.1.3 Cross-methods variability

As discussed in the previous section, the patterns of significant voxels between the para-
metric and the nonparametric methods for R} were relatively comparable except for small
discrepancies in the cortex. To quantify this correspondence, the dice coefficients were
computed in order to give more information about the overlap of the two results. For the
GM, the measure was of 0.9243 which is very high. By contrast, the WM coefficient was
of 0.0042 which is surprisingly very small. Figure [4.7] shows the statistical maps in the
WM for both softwares. Even though both found significant voxels in the brainstem, the
clusters were not located at the same location and PALM did not find any other regions
compared to SPM with the exception of a small number of isolated voxels.
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Figure 4.5: Statistical parametric maps of regions with an increase in R} with age obtained
with permutation tests, at p < 0.05 FWE corrected. The results (of both the GM and
WM analyses) were overlaid on the mean MT map of the cohort in MNI space. For
visual purposes, the negative logarithm of the p-values (—log,,(p)) are represented using
the colobar and some slices of the brain are presented in the coronal, sagittal and axial
orientations.

Figure 4.6: Statistical parametric maps of regions with an increase in R} with age obtained
(A) parametrically with SPM12 and (B) nonparametrically with PALM, at p < 0.05 FWE
corrected. The results were overlaid on the mean MT map of the cohort in MNI space.

Figure shows the results of the Bland-Altman plot of the t-scores from the two
approaches. First of all, it can be observed that the bias, i.e. the mean of the differences
in the y axis, is slightly below zero. It means that there is a small bias towards larger
t-scores to SPM. Furthermore, the histogram of the differences does not spread far way
(between -0.2 and 0.2). Also, it can be noticed that the average of the t-scores is around
2, corresponding to moderately significant voxels.
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Figure 4.7: Statistical parametric maps of regions with an increase in R3 with age in the
WM obtained with SPM12 (A) and with permutation tests using PALM (B), at p < 0.05
FWE corrected. The results were overlaid on the mean MT map of the cohort in MNI
space.
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Figure 4.8: Bland-Altman plot comparing the t-scores from SPM and PALM. The dif-
ference is computed as the statistical score obtained in PALM minus the statistical score
from SPM, and only the voxels detected in both measures were considered. The density
of points is shown via a heat map. The histograms of the points for each axis are also
represented.
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4.2 Multivariate analysis

In this section, the multivariate analysis carried out in PALM is presented. In particular,
the number of permutations varies and the results’ robustness is evaluated. Also, the
statistical maps of the joint analysis are represented.

4.2.1 Number of permutations

Results suggest that the percentage of significant voxels tends to stabilise when the number
of permutation increases. Indeed, Figure shows that for small number of rearrange-
ments, the percentage varies from one test to the other. Increasing the set of shufflings
leads to percentages converging just above 4%.

A similar trend can be observed in Figure [£.10] Small number of permutations differ
from the results obtained with 2000 permutations. However, as far as the number of per-

mutations is made bigger, a dice coefficient close to 1 is reached, showing the consistency
of the results as the permutations increase.

Multivariate analysis with PALM (increase with age)
4.6 : ‘ :

4.2 T 1

3.8 ]

3.6 ]

Percentage of voxels activated (<0.05) in the GM

0 500 1000 1500 2000
Number of permutations

Figure 4.9: Percentage of significant voxels FWE p < 0.05 in the GM for a multivariate
analysis with the four modalities as a function of the number of permutations. The
statistical test corresponds to a t-test depicting the positive correlation with age.

4.2.2 Joint analysis: correlation with age

The nonparametric procedure implemented in PALM between the set of modalities showed
extensive correlations with age in the putamen, the pallidum, around the corpus callo-
sum, the caudate and the red nuclei, the optic radiation, the thalamus and the insula
(Figure [4.11). Some cortical regions were also detected.
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Figure 4.10: Dice coefficient between a multivariate analysis with n, n = {50, 100, 250,
500, 750, 1000}, permutations and the same analysis with 2000 permutations, taken as
the reference.

Figure 4.11: Statistical parametric maps of regions showing a correlation (both positive
and negative) with age of the joint analysis of the four modalities, at p < 0.05 FWE
corrected. The results (of both the GM and WM analyses) were overlaid on the mean
MT map of the cohort in MNI space. For visual purposes, the negative logarithm of the
p-values (—log,,(p)) are represented using the colobar and some slices of the brain are
presented in the coronal, sagittal and axial orientations.
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4.3 Comparison

In this section, the comparison is made between, on one hand, the mass univariate analyses
and the joint multivariate analysis and, on the other hand, between multivariate analyses
with varying number of modalities. The focus is given on the technical comparability and
the power /sensitivity trade-off rather than on the biology. Therefore, all presented results
are only considering the gray matter class, showing a better cross-software similarity in
the univariate case.

4.3.1 Mass univariate analyses vs. joint multivariate analysis

Significant voxels and dice coefficients From Table [4.1] it can be observed that
the joint analysis is definitely different from the union of the univariate tests, which has
twice as much significant voxels. In addition, as observed in Section R, has few
significant voxels while MT has more voxels than the joint analysis and than any other
single modalities. However, despite this trend, the dice coefficient of MT with PALM is
lower than the dice coefficient between PALM and PD* or R} (Figure . Logically, Ry
shows a much lower similarity. In addition, it was discovered that 3.59% of the significant
voxels in the multivariate analysis were not present in any of the separate modalities.
These voxels were located at borders and do not introduce additional clusters.

R} R, MT PD* PALM
3.18% 0.63% 4.96% 2.20% 4.28%
Union: 8.97%

Table 4.1: Percentage of significant voxels in each univariate modality at p < 0.0125
FWE corrected, in their union, and in the multivariate analysis with four modalities at
p < 0.05 FWE corrected. The percentage is determined with respect to the number of
voxels included in the GM mask.
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Figure 4.12: Dice coefficient between each univariate analysis and the multivariate analysis
with all four modalities as well as between their union and the multivariate analysis.
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True positive and false positive rates Then, the univariate cases and the nonpara-
metric analysis including all four modalities were compared in terms of true positive and
false positive rates (Table . Given that the true pattern is not know, each analysis is
taken as the reference and as the prediction once. One general observation is that the false
positive rate at the voxel level is very low. Then, the table illustrates that the overlap
changes depending on the reference chosen. For example, the comparison between R; and
PALM shows that the true positive rates are very high when R is the reference meaning
that what is found in R; alone is very likely to be found by the multivariate case while
the inverse is very unlikely to happen.

Prediction Reference Voxels Clusters
TP, FP, TP, FP,
Union PALM 0.96 0.0070 0.92 0.72
PALM Union 0.46 0.0002 0.28 0.08
Rj PALM 0.42 0.0019 0.40 0.56
PALM Rj 0.57 0.0035 0.44 0.60
Ry PALM 0.14 0.0001 0.15 0.01
PALM R, 0.96 0.0053 0.98 0.84
MT PALM 0.49 0.0041 0.45 0.69
PALM MT 0.42 0.0031 0.31 0.55
PD* PALM 0.37 0.0008 0.30 0.43
PALM PD* 0.72 0.0039 0.57 0.70

Table 4.2: Voxel and cluster matching results between each single modality and the
multivariate analysis, as well as the union of the modalities and the multivariate case.
Each method was considered as the prediction and as the reference once. The numbers
are comprised between 0 and 1.

Significant voxels of various combinations In Tables and [4.4] respectively the
union and the intersection of the significant voxels for each univariate modality, for each
pair of modalities, for each triplet and for all of them were determined. For each of
these combinations, the intersection of the significant voxels with those found in the non-
parametric joint analysis was evaluated and various ratios were computed. As could be
expected, the more modalities are considered the more the number of significant voxels
in their unions. Consequently, the intersection with the multivariate analysis is made
slightly higher. By contrast, the more modalities the lower the number of significant vox-
els in their intersection and the lower the intersection with the joint test.
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Combination SV, SViNSVpaLu SVims\\,’. pary SVi0SVeapy SVinSVeary

i SVPALM Svunion

R3 32315 5171 16.00% 11.89% 5.68%
MT 50400 13954 27.69% 32.08% 15.32%
R4 6390 92 1.44% 0.21% 0.10%
PD* 22389 3242 14.48% 7.45% 3.56%
R5 U PD* 42670 19752 46.29% 45.41% 21.68%
R; U MT 81322 20280 24.94% 46.63% 22.26%
RS U R4 38111 5389 14.14% 12.39% 5.92%
MT U Ry 01345 19269 37.53% 44.30% 21.15%
MT U PD* 71682 17948 25.04% 41.27% 19.70%
R, U PD* 28103 3419 12.17% 7.86% 3.75%
R; U PD* U R4 48231 20468 42.44% 47.06% 22.47%
R; U PD* U MT 90770 35785 34.42% 82.28% 39.28%
R UR; UMT 81727 25747 31.50% 59.20% 28.26%
PD*U Ry UMT 72129 23498 32.58% 54.03% 25.79%
R;UPD*UR; UMT 91090 41928 46.03% 96.40% 46.03%
PALM 43492

Table 4.3: The union of the number of significant voxels in the GM detected in each
combination of modalities in the univariate case as well as in the multivariate analysis in
PALM (second column). For each case, the intersection with those found in PALM was
determined (third column) and the ratio with respect to the number of significant voxels
in each case (fourth column), in PALM (fifth column) and in the union of all voxels (sixth
column) was computed.

4.3.2 Varying the number of modalities in the multivariate anal-
ysis

Bland-Altman plot A nonparametric analysis was carried out using from one to four
modalities with R} as starting point. The goal is to look at the effect of increasing the
number of modalities. Consecutively, PD*, R; and MT were added. The effect of adding
a modality in the analysis was evaluated using Bland-Altman plots. An inclined square
appears in each case (Figure . If the difference for methods A and B is plotted as
B — A, then the top corner of the square corresponds to the lost effect or the sensitivity
loss by adding the new modality from A to B, the bottom corner corresponds to the new
information gained from adding this new modality, the left and right corners give the
consistency between A and B for finding voxels as either being significant or not. It can
be shown (Figure top left plot) that adding the proton density to the R} study will
induce some loss and some gain of information. However, R; (top right plot) leads to a
significant loss of information while MT (bottom plot) brings a comparable gain. It is
thus beneficial to include a modality with a lot of effects.
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Combination SV, SViNSVpaLum

SViNSVparm SViNSVpearm
SV;

i SVpaLMm

R3 32315 5171 16.00% 11.89%
MT 50400 13954 27.69% 32.08%
R; 6390 92 1.44% 0.21%
PD* 22 389 3242 14.48% 7.45%
R5 N PD* 12034 11339 94.22% 26.07%
R; N MT 1393 1155 82.91% 2.66%
RS N Ry 594 128 21.21% 0.29%
MT N Ry 5445 5223 95.92% 12.01%
MT n PD* 1107 752 67.93% 1.73%
R; N PD* 676 85 12.57% 0.19%
R; N PD*N Ry 441 413 93.65% 0.95%
R; N PD* N MT 200 172 86.00% 0.40%
RN R; N MT 54 26 48.15% 0.06%
PD*Nn Ry N MT 178 150 84.27% 0.34%
RN PD*N Ry N MT 28 28 100 % 0.06%
PALM 43492

Table 4.4: The intersection of the number of significant voxels in the GM detected in each
combination of modalities in the univariate case as well as in the multivariate analysis in
PALM (second column). For each case, the intersection with those found in PALM was
determined (third column) and the ratio with respect to the number of significant voxels
in each case (fourth column) and in PALM (fifth column) was computed.

Figure 4.13: Graphical representation of the Bland-Altman plots results.

Difference (B—A)
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Figure 4.14: Bland-Altman plots comparing the p-values from R} and R3, PD* (top left);

5, PD* and R%, PD*, Ry (top right); and R}, PD*, R; and R%, PD*, Ry, MT (bottom).
The statistical score from the analysis with the smallest number of modalities is subtracted
from the one with the highest number of modalities. The voxels with a p-value of 1 in
both results were removed from the plot.

4.4 VBQ analysis

Changes in the original VBQ formula (equation ([3.6))) were applied and subsequent age
studies were conducted. In addition, T-SPOON was tested to compare the statistical
maps with VBQ. Finally, the dice coefficients between some of the analyses with a fixed
parameter map were determined.

Non participant-specific parameter map

Results of the VBQ procedure considering the M'T map of a young participant to which all
participant-specific weights were applied (Figure show that a significant correlation
with age was observed around the ventricles as well as along the caudate nucleus. The
patterns look very similar when testing the three other parameter maps (Figures [4.16]
and . However, when testing the direction of the correlation with ageing, a
positive correlation was obtained for M'T, Ry and R} while PD* was negatively correlated.
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Figure 4.15: Statistical parametric maps of regions showing a correlation of MT with
age in the case of the modified VBQ analysis (equation ) for a young participant, at
p < 0.05 FWE corrected. The results (of both the GM and WM analyses) were overlaid
on the mean MT map of the cohort in MNI space. The F-scores are represented using
the colobar and some slices of the brain are presented in the coronal, sagittal and axial
orientations.

Figure 4.16: Statistical parametric maps of regions showing a correlation of PD* with
age in the case of the modified VBQ analysis (equation (3.7))) for a young participant, at
p < 0.05 FWE corrected. The results (of both the GM and WM analyses) were overlaid
on the mean MT map of the cohort in MNI space. The F-scores are represented using the
colobar and some slices of the brain are presented in the sagittal and axial orientations.

Figure 4.17: Statistical parametric maps of regions showing a correlation of R; with age
in the case of the modified VBQ analysis (equation ([3.7])) for a young participant, at
p < 0.05 FWE corrected. The results (of both the GM and WM analyses) were overlaid
on the mean MT map of the cohort in MNI space. The F-scores are represented using the
colobar and some slices of the brain are presented in the sagittal and axial orientations.
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Figure 4.18: Statistical parametric maps of regions showing a correlation of R} with age
in the case of the modified VBQ analysis (equation ) for a young participant, at
p < 0.05 FWE corrected. The results (of both the GM and WM analyses) were overlaid
on the mean MT map of the cohort in MNI space. The F-scores are represented using the
colobar and some slices of the brain are presented in the sagittal and axial orientations.

Figure indicates that considering the parameter map s(¢) of a young participant,
of an old participant or of the mean map of the entire cohort does not change the patterns
found in the analysis.

Figure 4.19: Statistical parametric maps of regions showing a correlation of M'T with age
in the case of the modified VBQ analysis (equation ) for the mean map of the cohort
(A) and for an elderly participant (B), at p < 0.05 FWE corrected. The results (of both
the GM and WM analyses) were overlaid on the mean MT map of the cohort in MNI
space. The F-scores are represented using the colobar and some slices of the brain are
presented in the sagittal and axial orientations.

The plot representing the evolution with age in a ROI in the body of the corpus
callosum (Figure demonstrated a negative correlation of MT with age (left, blue
line) for the traditional study. When considering only the parameter map MT of a young
participant (left, red line) the correlation was made positive as described above but the
variance of the points is small. In the same way, the parameter maps of all the subjects
were negatively correlated with age (right, blue line), while the tissue classes (right, red
line) and the Jacobian (right, green line) were independent of ageing.
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Figure 4.20: Evolution with age in a white matter region of interest in the body of the
corpus callosum for (left) equations (3.6) and (3.7) and for (right) the parameters maps
(si(¢)), the tissue classes (t;(¢)) as well as for the Jacobian determinants (|D¢|;).

Smooting kernel

Modifying the full width half maximum of the smoothing kernel (Figure 4.21]) shows that
the higher the kernel size the more extended the detected clusters. The same regions are
detected though.

Figure 4.21: Statistical parametric maps of regions showing a correlation of M'T with age
in the case of the modified VBQ analysis (equation ) for a young participant with
a 0.5 mm (A) and a 6 mm (B) FWHM isotropic Gaussian kernel, at p < 0.05 FWE
corrected. The results (of both the GM and WM analyses) were overlaid on the mean
MT map of the cohort in MNI space. The F-scores are represented using the colobar and
some slices of the brain are presented in the sagittal and axial orientations.
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Removing the Jacobian determinants from the weights

By removing the Jacobian determinants from the weights, significant voxels were observed
in the ventricles and in the caudate nucleus for a young participant parameter map (Fig-
ure 4.22)) and strong correlations were detected in frontal and parietal regions, in the
thalamus, in the borders of corpus callosum and in the optic radiation for participant-
specific parameter maps (Figure |4.23)).

Figure 4.22: Statistical parametric maps of regions showing a correlation of MT with
age in the case of the modified VBQ analysis without Jacobian (equation (3.9)) for a
young participant, at p < 0.05 FWE corrected. The results (of both the GM and WM
analyses) were overlaid on the mean MT map of the cohort in MNI space. The F-scores
are represented using the colobar and some slices of the brain are presented in the sagittal
and axial orientations.

Figure 4.23: Statistical parametric maps of regions showing a correlation of M'T with age
in the case of the modified VBQ analysis without Jacobian (equation (3.8))), at p < 0.05
FWE corrected. The results (of both the GM and WM analyses) were overlaid on the
mean MT map of the cohort in MNI space. The F-scores are represented using the colobar
and some slices of the brain are presented in the coronal, sagittal and axial orientations.

Removing the tissue class images from the weights

Considering only the Jacobian determinants in the weights of the VBQ approach for a
young participant parameter map (Figure [4.24)) indicated a more extended correlation
around the ventricles, in the corpus callosum, in frontal regions and in the midbrain.
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In the case of participant-specific parameter maps (Figure [4.25)), similar regions as
found in Figure were detected, i.e. in frontal and parietal regions, in the thalamus,
in the borders of corpus callosum and in the optic radiation.

Figure 4.24: Statistical parametric maps of regions showing a correlation of MT with
age in the case of the modified VBQ analysis without tissue class (equation ) for a
young participant, at p < 0.05 FWE corrected. The results (of both the GM and WM
analyses) were overlaid on the mean MT map of the cohort in MNI space. The F-scores
are represented using the colobar and some slices of the brain are presented in the coronal,
sagittal and axial orientations.

Figure 4.25: Statistical parametric maps of regions showing a correlation of MT with
age in the case of the modified VBQ analysis without tissue class (equation ), at
p < 0.05 FWE corrected. The results (of both the GM and WM analyses) were overlaid
on the mean MT map of the cohort in MNI space. The F-scores are represented using
the colobar and some slices of the brain are presented in the coronal, sagittal and axial
orientations.

T-SPOON procedure

Statistical maps generated from the T-SPOON approach (Figure suggest that corre-
lations were displayed in the thalamus, the borders of the corpus callosum, some cortical
regions and the optic radiation as it was the case using VBQ but T-SPOON found addi-
tional voxels in these structures.
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In the case where the parameter map was not participant-specific (Figure , the
regions were less widespread but the ventricles and the corpus callosum were still identi-
fied.

Figure 4.26: Statistical parametric maps of regions showing a correlation of MT with age
in the case of the T-SPOON approach (equation ), at p < 0.05 FWE corrected. The
results (of both the GM and WM analyses) were overlaid on the mean MT map of the
cohort in MNI space. The t-scores are represented using the colobar and some slices of
the brain are presented in the coronal, sagittal and axial orientations.

Figure 4.27: Statistical parametric maps of regions showing a correlation of MT with
age in the case of the T-SPOON approach (equation ) for a young participant, at
p < 0.05 FWE corrected. The results (of both the GM and WM analyses) were overlaid
on the mean MT map of the cohort in MNI space. The F-scores are represented using the
colobar and some slices of the brain are presented in the sagittal and axial orientations.

Similarity measure

The dice coefficients were calculated between different VB(Q analyses presented above in
the case of a fixed parameter map, for the GM and the WM separately. In the GM, the
measures range from 0.1588 to 0.6071 (Figure . The highest similarity is reached
between the analyses using only the tissue classes as weights and the original weights
with a smoothing kernel of 3 mm FWHM, both with the parameter map of a single young
participant. In the WM (Figure [4.29)), the range is much narrower (from 0.4321 to 0.6757)
with greater similarities but the highest number is in the same order than for the GM.
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Dice coefficients in the GM for various VBQ analyses
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Figure 4.28: Dice coefficients between some VBQ analyses in the GM in the case of the
parameter map MT of a young participant. T-SPOON: T-SPOON procedure, VBQ 3
FWHM: use of a smoothing kernel of 3 mm FWHM, VBQ 6 FWHM: use of a smoothing
kernel of 6 mm FWHM, w = TC: keep only the tissue class images in the weights and w
= Jac: keep only the Jacobian determinants in the weights.

Dice coefficients in the WM for various VBQ analyses
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Figure 4.29: Dice coefficients between some VB(Q analyses in the WM in the case of the
parameter map MT of a young participant. T-SPOON: T-SPOON procedure, VBQ 3
FWHM: use of a smoothing kernel of 3 mm FWHM, VBQ 6 FWHM: use of a smoothing
kernel of 6 mm FWHM, w = TC: keep only the tissue class images in the weights and w
= Jac: keep only the Jacobian determinants in the weights.
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Chapter 5

Discussion

5.1 Univariate analysis

The univariate analyses demonstrate the regions of significant voxels observed with SPM12
are consistent with those in |Callaghan et al.| (2014)). Yet, small discrepancies arise likely
due to the fact that statistical inferences from SPM12 were used on data processed in
SPMS8. Updates from one version to the other can lead to variations.

In addition, PALM’s results show to be in agreement with the results of SPM. The
high dice coefficient found in the GM means that the clusters and voxels found in SPM
and PALM are highly concordant. The low similarity in the WM however suggests that
both methods are not exactly comparable. Such difference may be due to the assumptions
underlying parametric inference. Indeed, if these assumptions prove to be verified, the
use of parametric statistics is better than the use of nonparametric statistics leading to a
sensitivity difference.

Furthermore, a small bias towards large t-scores to SPM was observed in the Bland-
Altman plot. It might originate from the fact that the parametric approach in SPM
provides maximally efficient estimators and hence has higher sensitivity than PALM and
therefore higher t-scores. In other words, it makes assumptions rendering it more sensi-
tive as long as these assumptions hold. In addition, numerical approximations might be
involved. The spreading of the values in the histogram was relatively narrow, suggesting
that the methods can be considered as essentially equivalent. It is important to note that
small differences are expected while comparing two packages as cross-software variabil-
ity was demonstrated in Bowring et al.| (2018). Therefore, one would not expect to get
identical results.

5.2 Multivariate analysis

Dealing with multivariate analysis, it could be inferred that the results converge starting
from 750 permutations. But as the higher the total number the better, and in accordance
with Nichols and Holmes| (2002)), it was chosen to use 1000 permutations for all analyses
conducted in this thesis as it leads to robust and accurate measures. There is a trade-off
between the computational time and the accuracy while determining the number of per-
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mutations to perform. To ensure the results’ reliability, it would be advised to increase
the number of permutations for further analyses if the use of extensive multi-threaded
computing and of GPUs is possible. One issue preventing the speed to be reduced is that
parallel computing cannot be applied to PALM. Since the permutations are performed
independently, processing samples of rearrangements in a substantial number of proces-
sors is likely to decrease the wall clock time along with the scalability of the problem.
Modifications in the codes would be required to make PALM parallelisable. However, the
complexity of the codes composing the toolbox makes the realisation of these modifica-
tions challenging.

Regarding the regions correlated with ageing, it can be deduced that the extensive
regions present in all single modalities are not present in the joint study as one could ex-
pected. The principal structures known histologically to be affected by ageing are present
though, all of which were also detected in the univariate analyses. From a qualitative
point a view, the statistical map of the multivariate analysis (Figure can be com-
pared with each single modality independently and the structures correlating with age be
depicted as it has been done. Nonetheless, answering the question whether performing
a joint analysis is worth it, does not seem to be an easy task. Indeed, the significant
voxels that are detected can be observed in each univariate or multivariate statistical
map. However, since it is not known how the four modalities are exactly linked in order
to generate the output of the joint analysis, it is challenging to determine their exact
influence and contribution. Some further analyses, more focused on a quantitative aspect
were conducted to try to find an appropriate answer to that question.

The way PALM is implemented led to additional issues. It is known a priori that some
modalities will either be positively correlated or be negatively correlated with ageing but
not both. However, when testing different contrasts in PALM, a specific hypothesis cannot
be applied to a specific modality. For example, the results of a positive correlation with
age for R} and of a negative correlation with age for MT cannot be combined. On the
contrary, both hypotheses will be tested and so the combination will correspond to any
difference with age.

5.3 Comparison

The interpretation of a switch from a univariate to a multivariate analysis is not straight-
forward. It has been shown that the joint analysis is not the union of the modalities,
with only half as many significant voxels. There are a lot of voxels found in each separate
analysis that are not recovered in the joint analysis. For example, only half the voxels
identified in a univariate analysis of MT survive in the multivariate analysis. This obser-
vation suggests a significant sensitivity loss using the multivariate statistics as applied in
this project.

Also, 3.59% of the significant voxels detected in the multivariate analysis were not
found in any univariate age-study. These might be of real interest because they are likely
to indicate what is really gained from performing a joint analysis. However, they are
only voxels located at different borders across the brain. This new discovery is of little
relevance because it corresponds to only 1500 voxels that belong to regions of interest
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previously detected. It would have been much more interesting if a new cluster appeared.
In this case, a region in the brain correlated with age that was not detected previously
would have appeared thanks to the application of the joint analysis.

The true and false positive rates between the mass univariate analyses and the multi-
variate analysis illustrate the poor overlap between the joint analysis and the modalities
MT, PD* and R} because of medium rates (between 0.4-0.7) that are similar no matter
of the reference used. However, a high percentage of voxels and clusters found in R; are
discovered in the joint analysis, meaning that even though R; detects very few significant
voxels they are likely to be present in the nonparametric output. In the same way, a high
number of voxels and clusters found in the joint analysis are in the union. This observa-
tion is concordant with the small number of voxels (3.59% from the previous paragraph)
found in the multivariate study but in any of the univariate cases.

In addition, it could be deduced from the union and intersection of various combi-
nations (Tables and that the different modalities do not share a lot of voxels in
common. It is good to note that only the significant voxels were considered. Therefore, a
same cluster might be detected but only the voxels inside would differ. A further analysis
on the voxels in the important clusters would have to be conducted to answer that ques-
tion. Table 4.4 showed that all four modalities have only 28 significant voxels in common,
which is very small. However, a voxel being significant in more than one modality is more
likely to be found in the joint analysis.

The analyses conducted to answer the question whether applying a joint analysis is
advantageous showed empirically that adding a modality without effect decreases signif-
icantly the sensitivity of the output. It is especially the case with R;. Winkler et al.
(2016b) showed theoretically that a loss of power of the NPC algorithm of 30 to 40% can
be observed if only one modality out of four has signal. In the same way, the more modal-
ities containing signal are added the higher the power. The sensitivity loss is so severe
in multivariate statistics, especially when a modality has very few effects, that the use of
PALM over SPM would not be recommended in similar studies. Furthermore, nonpara-
metric approaches are known to be less powerful than parametric approaches when the
assumptions of the latter are true. These assumptions provide the parametric analyses
with additional information that the nonparametric analyses must discover. The NPC
algorithm implemented in PALM has the processing advantage of testing each modal-
ity separately and of combining the results afterwards. While performing a multivariate
analysis, there is a goal of finding how the modalities are somehow related to produce the
final results. Therefore, such an advantage can in this way be viewed also as a caveat.

From what has been said, it is relatively challenging to know the exact contribution of
each modality to the multivariate output. Still, a ranking of the information brought by
each one of them independently on the final results can be suggested. First, it is clear that
R5 and MT are the modalities giving the most information. Yet, R} is richer in information
than MT as it contains less significant voxels but has a higher dice coefficient with the
multivariate analysis. Then, PD* has the highest dice coefficient with the multivariate case
but has fewer significant voxels than MT and Rj3. This is mainly due to the detection of
the pallidum. Finally, R; is the least informative as it contains little signal. The ranking
presented here is specific to this study and will change from one project to the other
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depending on the data. Indeed, for example R; is characterised by a lack of information
while usually it is used as a marker of reference for ageing due to its sensitivity to both
myelin and iron. R, is known to be related to MT and R}, respectively sensitive to the
concentration of iron and myelin, across the brain through a robust and stable model
using a single set of global coefficients (Callaghan et al., [2015)).

5.4 VBQ analysis

The results of the voxel-based quantification procedure for this study design suggested
that the detected spurious effects are much less widespread that the real effect of ageing.
The same effects are captured whatever the parameter map considered and whatever the
single participant under study. Indeed, using the parameter map of either a young or
an elderly participant or even of the mean map of the cohort leaded to the same regions
detected. In the same way, the spurious effects are present whether the quantitative MR
parameter is R;, PD*, R; or MT. However, despite the presence of these morphological
effects, the evolution with age of the modified VBQ analysis illustrates that the effect
size is very small compared to the real age effect. Indeed, the red dots present a tiny
variance and the slope of the increasing line is much less than the decreasing slope of the
normal VBQ analysis. Here, only linear age-related differences were considered. However,
non-linear trajectories were demonstrated (Callaghan et al., 2014} (Carey et al., 2018).

In addition, the smoothing kernel significantly influences the extent of the regions
detected. The higher the kernel the more widespread the effects. The spurious effects
are also present when modifying the weights of the VBQ procedure. It was demonstrated
that the significant clusters are generally identical even though the low dice coefficients
between the different modifications of the VBQ formula indicate some differences in terms
of the voxels in these clusters. Excluding the Jacobian determinants leaded to an increase
in the effects which might be due to an higher effect size, indicating an emphasis on
the underlying morphological effects. Finally, the T-SPOON procedure was tested and
detected more activations than the VBQ procedure, indicating that the masks are pushing
the significance higher than the weights.

In brief, these analyses showed that the age effect is mainly embedded in the parameter
maps s(¢) and that the regions grossly affected by atrophy are identified in all different
approaches that were undertaken. Indeed, the findings are not all consistent with the
atrophy analysis of |Callaghan et al. (2014)). However, the areas grossly changed such as
the ventricles and the corpus callosum are detected. Surprisingly, the cortex is robust to
these effects while it is known to be influenced by major atrophy. It would thus be mindful
to proceed to a similar analysis in all studies in order to see which regions are affected by
the atrophy phenomenon. To do so, a voxel-based morphometry (VBM) (Ashburner and
Friston) 2000) approach is recommended.
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Chapter 6

Conclusion

In this thesis, a nonparametric multivariate analysis using permutation tests from PALM
was performed on quantitative MRI data of healthy participants in order to analyse age-
related effects in the brain microstructures. Permutation tests appeared to work and
give sensible results. However, it was demonstrated that the lack of signal in some data
introduced a severe sensitivity loss in the final results. Due to the lack of relations
between the modalities provided by PALM, interesting future perspectives would be to
experiment further the use of other multivariate statistics such as the CVA (Canonical
Variate Analysis) or the RSA (Representational Similarity Analysis) approaches, both of
which compute weights related to the importance each modality brings to the output,
before hastily concluding the rejection of multivariate statistics.

Then, the validity of the voxel-based quantification (VBQ) normalisation approach
was tested. It was shown that spurious effects very likely related to atrophy and morpho-
logical changes were introduced when only the weights in the standard MNI space were
made participant-specific, i.e. with the parameter map of a single participant. However,
their effect size was small and localised in specific regions such as the ventricles and the
corpus callosum. In addition, VBQ is well understood by researchers, reported properly
in the literature and extensively used. Still, future research might look at ways of fur-
ther improving the approach to get rid of these undesired effects. In the meantime, it is
recommended to perform a priori a VBM study to investigate the morphological effects
influencing each study.
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Appendix A

PALM multivariate analysis code

The use of PALM is relatively straightforward in the sense that calling the toolbox with
the command palm followed by the desired options to be considered is the only line of
code to perform the analysis. The line of code used to carry out the multivariate analysis
including all four modalities as described earlier is the following:

palm -i R2s_4Dimg.nii -i R1.4Dimg.nii -i MT_4Dimg.nii -i PDs_4Dimg.nii
-d design matrix.mat -t contrast.con -m mask4D.nii -accel tail tail_threshold
-n 1000 -npc -npccon -nouncorrected

The various options entered are:

e -i <file>: insertion of the inputs. In this case, the 4D images for the entire cohort
of each modality were inserted either for the GM or for the WM. The order is not
important in this case.

e -d <file>: insertion of the design matrix. It corresponds to the design matrix
inserted previously in SPM including the four regressors of interest of the study.

e -t <file>: insertion of the contrast file. In this file, two lines of contrasts were
included: the first corresponds to the evaluation of a positive correlation with age
whereas the second corresponds to a negative correlation with age.

e -m <file>: insertion of the mask corresponding to the tissue class under study. As
mentioned earlier, this study analysed both tissue classes separately. A mask of the
specific tissue class is thus included.

e -accel tail tail threshold: addition of a tail approximation along with the tail
value. The threshold was fixed to 0.05 as it is the value under which the p-values
were considered as significant FWE corrected.

e -n 1000: specification of the number of permutations. As proven in this thesis,
1000 permutations showed to be of a good trade-off between time efficiency and
accuracy.
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e —npc -npccon: application of the NPC algorithm with the Fisher method, and
the correction of both modalities and contrasts. The option -npc is a shortcut for
-npcmethod Fisher -npcmod.

e -nouncorrected: do not save the uncorrected p-values. Performing various analy-
ses, it was observed that due to the huge data (138 subjects x 4 modalities), the
generation of the uncorrected results might take as long as a few hours. In addition,
the interest was on corrected p-values.
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Appendix B

Batch - Multivariate statistics

The multivariate statistics batch has been created in order to allow the user to apply
permutation tests implemented in PALM in a simple way (Figure[B.I). In this Appendix,
further information are given about how to use it. It is important to note that the
possibilities with PALM are much more extended than what can be done using this
interface. The batch was created with the aim of realising analyses comparable to those
presented in this thesis. For any other objectives or the use of any other options, please
refer to the website (https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/PALM) as well as to
Winkler’s papers (Winkler et al., 2014} 2016a,b; Winkler}, 2017)).

B.1 PALM directory

Select the directory where the PALM toolbox is located.
In order to practise on PALM, the toolbox has first to be downloaded (see: https://

fsl.fmrib.ox.ac.uk/fsl/fslwiki/PALM/UserGuide or https://github.com/andersonwinkler/
PALM).

B.2 Data

Select the data to be permuted.
The data to be selected must be 4D images in order to be processed by the toolbox.
If several 4D images are entered, they must be of the same size. The batch Util — 3D

to 4D File Conversion in SPM creates a 4D image from concatenating a number of 3D
volumes.

B.3 Mask

There is the possibility to associate a mask with the data previously selected.

62


https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/PALM
https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/PALM/UserGuide
https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/PALM/UserGuide
https://github.com/andersonwinkler/PALM
https://github.com/andersonwinkler/PALM

No mask

Select if no mask is associated with the data to be processed.

Mask file

Select to insert a mask file in the analysis.

In this configuration, two cases are conceivable. First, only one mask is associated
with the data. Second, one mask is joined to each input data. In the latter case, one has
to make sure that the order of selection of the masks is the same as the order of selection
of the data so as to respect the matching.

B.4 Design matrix

Select the design matrix related to the inputs.

Several design matrices can be selected. In this case, the data will be permuted
independently for each design matrix and the results will either be combined or be gen-
erated separately. In order to be readable by PALM, the format must either be csv or
the vest format from FSL. Refer to: https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/GLM/
CreatingDesignMatricesByHand for creating a design matrix compatible with PALM.

B.5 T-contrast file

Select the t-contrasts file to carry out the statistical inference.

The number of files to be selected must either be 1 or be equal to the number of
design matrices selected. In the same way as for the design matrices, the files must be in
the csv or the vest format from FSL. Also, more that one contrast can be inserted into
one single contrast file. Refer to: https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/GLM/
CreatingDesignMatricesByHand for creating a t-contrast file compatible with PALM.

B.6 Number of permutations

Specify the total number of rearrangements to perform on your data.

A default value of 1000 is present in accordance with what was demonstrated in this
thesis. However, depending on the type of inputs or studies it may not be sufficient or
may be reduced.
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B.7 Assumptions

Choose the assumption on the errors and therefore the type of shufflings.

An important aspect governing permutation inference is the principle of exchange-
ability: the manner under which the data are rearranged under the null hypothesis. It
is based on the assumption that the joint distribution of the data is unchanged if they
are permuted. This assumption can be stipulated in terms of exchangeable errors (EE)
and/or independent and symmetric errors (ISE).

EE

The errors are assumed to be exchangeable: the distribution of the errors does not change
after permuting the data. Only permutations will be carried out.

ISE

The errors are assumed to be independent and symmetric: the errors do not change after
changing their signs. Only sign-flippings will be done.

Both

The errors are assumed to be exchangeable, and independent and symmetric: do both
permutations and sign-flippings.

B.8 Algorithm

Choose the options constituting the algorithm to perform the permutation tests.

B.8.1 NPC

Two permutation methods can be applied for your analysis. On one hand, the modified
Non-Parametric Combination (NPC) (Section corresponds to the combination of the
joint analysis of various partial tests. This algorithm particularly finds its interests when
multiple inputs are to be permuted. On the other hand, simple rearrangements can be
executed.

B.8.2 Correction over modalities

Once the algorithm has been selected, it is possible to correct over multiple modalities. In
this case, the permutations are performed independently on each input and the empirical
p-values obtained are then combined. Performing a joint analysis means the inputs have
to be combined. Otherwise, outputs will be generated for each input separately.
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B.8.3 Correction over contrasts

In the same way, when several contrasts are present in one t-contrast file, they can be
combined. A correction over contrasts implies that each contrast is tested independently
by computing the combined statistic at each voxel and the results are combined afterwards.
Otherwise, the p-values of each contrast are produced separately.

B.9 Options

Various useful options can be added to execute the multivariate analysis. Some aims at
decreasing the computational time while others have rather a visual purpose.

B.9.1 Acceleration methods

It is possible to use a tail approximation in order to reduce the computational time. It
consists in modelling the tail of the distribution by fitting a generalised Pareto distribution

(GPD) (Section [3.3.1].
No tail

No acceleration method will be used in the process.

Tail value

Specify the value of the tail.

The tail value corresponds to the p-value below which the fit is to be used. The
default value set in PALM is 0.1 but can be modified. The higher the value the greater
the modelling.

B.9.2 Uncorrected

The p-values generated by PALM are corrected and uncorrected p-values. However, one
can decide to generate only corrected p-values. The time to compute the uncorrected
might be huge when the data is cumbersome.

B.9.3 Save as -logl0(p)

PALM offers the opportunity to produce outputs displaying not p-values but —log,,(p)
instead. Since p-values are likely to be very small, the contrast will not be seen easily on
the brain images. Therefore, taking the negative logarithm will emphasize the smallest
p-values, i.e. with the highest activation.

B.9. Options 65



B.10 Owutput prefix name

Specify the prefix name of the outputs.

All the outputs will be in the form: prefix_* depending on the image generated.

)| Batch Editor = B
File Edit View SPM BasiclO ¥
W= =
Module List Current Module: Multivariate statistics
_ on: Multivariate statistics
PALM directory <X
Data <X
Mask
- Mask file <X
Design mafrix <X
T-contrast file <X
MNumber of permutations 1000
Assumptions EE
Algorithm
.NPC Yes
. Carrection over modalities Yes
. Correction over contrasts Yes
Options
. Acceleration methods
.. Notail No
. Uncorrected No
. Save as -log10(p) No
Qutput prefix name "o

Multivariate statistics
Applying permutation tests using PALM toolbox.

This branch contains 10 items:

* PALM directory

* Data

* Mask

* Design matrix ”

Figure B.1: Permutation tests implemented in PALM using SPM user interface.

B.10. Output prefix name
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