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Resumo

Nas ultimas décadaa esperanca média de vida tem vindo a aumentar. Desta torma
cada vez mais importante perceber cos® po@ providenciar um envelhecimento
saudavel Apesar de ser comum relacionar o envelhecimento conda gercapacidades
cognitivas, estudos recentes sugergoe certas capacidades cognitivas podem ser
preservadgsou mesmo melhoradasma vez que o cérebpmde manterse flexivel ao
| ongo dos an dambridge @enper far jAgeing and Neuroscidgnce ( -Ca m
CAN) é um projecto colaborativo que tem como objectivo determinar o grau de
flexibilidade neural ao longo da vida e o potencial de reorganizacdonatyrara a
sustentacdo das capacidades cognitivas. [Esse conhecimento sera importante para
compreender como podemos preservar 0s recursos cognitivoseataua qualidade de
vida. Dest modo, pretendse analisar dados demograficos, psicolégicos, fisio
neuonaisde 700 participantes com idadesmpreendidagntre os 18 e os 98nos
Relativamente @ dados neuwmais este projectoinclui dados obtidos por
magnetoencefalograf@porressonancia magnética estrutural, funcional e por difuséo.
Desde adécada deitenta, as técnicas de ressonancia magnética por difemao t
mostrado grande utilidade em varias aplicacbes. Como o0s processos de difusdo
dependem das caracteristicas microscopicas dos tecidos, a ressonancia magnética por
difusdo pode revelaalteracdes microscopicas na resolucdo normal das imagens de
ressonancia magnética. Em 1994, Basser, Mattiello e Lebihan introduziram uma nova
perspectiva nas medidas de difusdo para tecidos anisotropicngé o caso da matéria
branca do cérebro. Cortida por imagem por tensor de difusdo diffusion tensor
imaging (DTI), esta técnica caracteriza os processos de difusdo por tensores em vez de
um Unico escalar. Contudo, a DTI bassgana hipotese que a difusdo de moléculas de
agua pode ser caractezapor uma distribuicdo Gaussiana, o que foi demonstrado néo
ser completamente adequado. Em particular, foi observado que as barreiras das
microestruturas tecidulares introduzem desvios simétricos relativamente a distribuicéo
Gaussiana. Imagem por curtade difusdo ouiffusion kurtosis imagingDKI) é uma
expansdo da DTlonde o tensor de difusdo é estimado em conjunto com o tensor de
curtose que caracteriza o grau de-gaassianidade de difusdo em meios anisotrépicos.
Esta técnica proporciona melhoresstimativas dos parametros de difusdo

comparativamented DTI, obtendese um indice de complexidade das barreiras dos
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tecidos. Por exemplo, a partir dos tensores de difusédo e curtoses podem ser obtidos: 1) os
valores da difusdo e curtoses na direccdo glarak fiborasl e mat ®r +t @ak);2r anc a
os valores médios da difusédo e curtoses nas direc¢des perpendiculares as fibras de matéria
br angea k) 3 os valores médios de difusdo e curtoses em todas as orientagdes
espacias (MD e MK); e4) um indice de anisatpia do tensor de difuséo (FA). Tal como
qualquer técnica de ressonancia magnéidal esta sujeita ruido e a artefactos, o que
pode levar a valores implausiveis de difusdo e curtoses. Desta forimgortante
desenvolver métodos mais robustos papaocessamento e analgzDKI.

O trabalho desta tese tes@mo objectivo melhorar os dados 0KI extraidos dos
dados de difusdo do CaBAN (que correspondem a 63 volumes de imagens para cada
sujeito: 30 direc¢des paravialues = 1000, 2000 s.mfe 3b-value=0s.mm?). Para tal
foram testados diferentes algoritmos para a estimativa dos tensores de difusdo e curtoses
em dados de ressonancia magnética por difusdo simulados e corrompidos por ruido
Riciano artificial. Os diferentes algoritmos incluirathuma solugéo simples obtida pela
minimizacdo do modelda DKI pelos métodos dos minimos quadrados (OLS); 2) uma
solucédo mais geral obtida pela minimizacdo dos minimos quadrados onde uma estimativa
da variancia dos pontos € inserida para coriagitdao tomocedasticidade dos dados
(WLS); 3) um método iterativo ndo linear (NLS); 4) um método iterativo ndo linear em
que o tensor de difusdo € escrito pela decomposicao de Chosleskyrgarastimativas
plausiveisde difusdo (chNLS); 5) um método iterativimdar em que restricbes sao
introduzidas para impedgue valores de difusdo e curtesejamestimados por valores
implausiveis (CLS)e 6) um novo método proposto para a estimacgéo directa dos valores
de MD e MK (DLS). Dois tipos de simulagdes foramddst: simulagdes baseadas em
tensores para um unico voxel de matéria branca e baseados em tensores correspondentes a
um cérebro inteiroPara os dois tipos de simulacéo, os métodos WLS e NLS mostram ter
uma eficiéncia semelhante ao método OLS. O métbblh$ mostra ser capaz de evitar
os valores implausiveis de FA, contudo € um método de baixa eficiéncia de computacao.
Apesar de ser uma das aproximac¢fes mdizadasnos estudos mais recenteslidl, o
método CLS resultou em dados contaminados poraattef. Por outro lado, o novo
método DLS mostroestimaros valores de MD e MK menos sensiveis aos artefactos
introduzidos pelo uido artificial Riciano, no entanteste método n&o possibilita
estimacao de outros parametros além de MD e MK.

Apos selecgo do método para a extracgdo dos tensores de difuséo e cwdoses,

estudadosnétodos de préatamento das imagens de ressonancia magnética ponderada
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em difusdo. Como nenhum dos métodos alternativos apresentou vantagens satisfatorias
em extrair os vales de tensor difusdo e curtoses, OLS vai ser utilizado para extrair os
valores de difusé@o e curtoses de imagens de ressamaagnética ponderada em difusédo
filtradas com o filtro Gaussiano com diferentes valores de FWHM, com o objectivo de
encontrar umvalor ideal de FWHM. Como os valores de MK foram os dados que
mostraram ser mais sensiveis ao ruido Riciano, a seleccdo -goopeg&samento foi
baseado em parametros de qualidade das imagens de MK. Como a sensibilidade as
diferencas relacionadas commvelhecimento dependem também dos diferentes métodos
de prétratamento, a selec¢cdo dos métodos adequados para o projee@ACB@AaMbém

tem em conta os valores de significancia de diferencas detectadas entre dois grupos de
sujeitos com diferentes idadesvens adultos (m 26.2, sd 3.9) e adultos de +daide (m

53.4, sd 2.0). Para analisar possiveis vantagens em utilizar vorelpiar resolucao,
valoresdiferentesde FWHM do filtro Gaussiano séo estudados néo s6 nos dados
resolucdo original de 2x2mnt, mas tambémem dados com resolucdo de
2.7x2.7x2.7mm obtidos por uma aquisicdo com esta resolucdo eyoralgoritmo de
downsamphg implementado em MatlabA utilizagédo do filtro Gaussiano nas imagens
ponderadas em difusdo mostram reduzir os itegaatroduzidos pelo ruido e artefactos
nasimagens, em particular sdo obsemsmdeducdesa subestimacaaoos valores de
curtoses. No estudo de optimizagipara imagens com resolucdo de 2x2x3naniltro
Gaussiano de FWHM = 2.5 mm mastrm compromiso ideal entre a qualidade das
imagens,a resolucdo ea sensibilidade em detectar diferencas entre os dois grupos de
diferentes idades. Além de possibilitar acquisicbes ndpigas, a utilizacdo de dados

com voxels de maior resolucg®.7x2.7x2.7mm) ndomostrou fornecer vantagens para
DKI, uma vez que nao foram suficientes para a eliminacdo dos valores implausiveis de
curtose.

Apoés seleccionadoos métodos adequados para o seu processamento, DKI é
aplicadoem 103 sujeitos do Ca@AN (de idades entre 081e os 8%nog para um
estudo peliminar do evelhecimento sawdd Este estudo teve como objectivostrar a
potencialidade daDKI em fornecer informagéo nica acerca das aleragbes das
microestruturas do ogébro paraestudos futurosdo CamCAN. Desta 6rmg séo
efectuads tés tipos de ahi&e aos dados extraidos pela DKI. analises baseada
valores meédios dgoxelsseleccionads por regides de interesse; lsses basea nos
histogranas devoxelsseleccionados por regides de interessema analiseestatistica

espacial baseadem tractos (owdenominada em inglésract based spatial statistics
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TBSS). Relativamente aos valores extteg pelo tensor de difusdo (i.e. MD, FA,e
_ ), as alteracdes que se observam engdonda idade estdo @eordo com estudos
anteriores d®TI e post motem Resumidamente, o aumento dos valoreslDe - e_
e decréscimo dos valores de FA na matbranca refleeem processos de degeneracao,
como exemplpa desmielinizagcdo. Uma vez qa®KI € umatécnica muito recente, 0s
valores de curtose podem requerer testes adicionais para validar a sua,regisao
indice de complexidadda barreira microestrutural, nomeadamente na intrepretacdo de
diferencas observadas entre as analises baseadas ees vaéios de MK e pice de
histogramas das intendsides de MK na matér@nzenta. A andise TBSS mostrou que
ao longo do envelhecimentiferentes tractos apresentam perfis de alteradife®ntes,
sugerindo que as mudancas na capacidade cognitivampedtarrelacionadas com
mudancas espditias na conectividade entdeterminadas regidedo cérebro humano.
Em geral, ovalores de curtose mostram ter potalidade em revelar informacamiga
das alteragbes dasrreiragnicroestruturess com a idadetendo uma aplicagdo pontencial
no estudo do envelhecimento saudavel do cémdmprojecto CarCAN.

Em trabalhos futuros, o desenvolvimento dos procedimentos para DKI poderéo ser
continuados com a introducdo de um algoritmo adequado para a corre@éefatdos
de movimento, e com a introducdo de algoritmos mais sofistiqzat@asa remocao de
ruido Ricianobaseados na probabilistibayeseanaou algoritmos baseados em dias
nao locais.A DKI poderdtambém ser aplicachos restantes dados adquirigego Cam
CAN. Outras regides de interesse poderdo ser estudadas, e o estudo TBSS pode ser
continuado testando modelos lineares mais gersalmente, poderdo ser estudada
relacéesentre as akracdes estruturais medidas pPkl com os dados de resnéncia
magnética de difusde com dados demogréaficos e comportamentais
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Abstract

Diffusion kurtosis imaging (DKI) is an extension of diffusion tensor imaging (DTI),
which provides estimates of the kurtosis tensor in addition to the diffusion tevaioes

of kurtosis in biological tissues are of interest since they are believed to provide
information of microstructural barrier complexity. The objective of this thesis is to
optimize processing and analysis procedures of DKI to obtain reliable regadibrain
microstructures age changes for a large collaborative project, the Cambridge Centre for
Ageing and Neuroscience (Ca@AN) project. Additionally, it aims to show the
potential of DKI on a preliminary ageing study.

In this project the qualiy of DKI metrics will be improved by optimising the
steps for preprocessing of diffusionveighted imagesas well as the methods ftie
estimation of diffusion and kurtosis tensors. Then DKI is applied to the @&hdata
recorded so far (103 subjedged from 18 to 89) and the ageing changes are studied
usingananalysis based on regions of interest, histograms anebtiaet! spatial statistics.

The results of this thesis show novel findings on the development of DKI
estimation framework. For example constraits on a DKI linear solutiorto impose
plausible values of diffusion and kurtosis shows also to produce resultslangin
amounts of overestimations and underestimations. On the other hand, a newly proposed
method, direct linear squarestovides the most robust values of mean diffusion and
kurtosis. In addition, a Gaussian kernel with FWHM of 2.5 mm reduces the noise effects
with an optimal compromise between accuracy of measures and resolution. Regarding the
preliminary ageing study, the inkkes of tissue complexity extracted from the kurtosis
tensor showd different informationrelative to metrics extracted from the diffusion
tensor, and thus, DKI i potential techniqueto identify unique ageing changes on

microstructures for the Ca@AN project.
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Chapter 1

Introduction

1.1. Cambridge Centre for Ageing and Neuroscience

Life expectancy has been increasing over khgt decades making increasingly
important tounderstanchow to age healthily.Ageing affect cogitive abilities such as
memory language, attention, emotion, action, and motor learning. Although ageing is
often seen as a processcofnitivedeclineand decay, new scientific discoveries suggest

a different view. The lrain seems to remain flexible and adaptable across the lifespan and
therefore many cognitive abilities can be preserved or even improved to compensate other
abilities that have been IodReuterLorenz & Park, 2010) For example, previous studies
haveshown that older adults have larger activations or activate more brain regions when
compared with younger sjgztswhile performing the same tasks.g. Cabeza, Anderson,
Locantore, & MciIntosh, 2002; Grady et al., 1994; Reutmenz & Cappell, 2008;
Vallesi, Mcintosh, & Stuss, 2011) These studies suggested that recruitment of extra
neural resources compengafer the impaired brain regi@for successfullpvercoming
proponent and inappropriate functional responses.

The Cambridge Centre for Ageing and Neuroscience (CAMN) is a large
collaborative research projefttinded by the Biotechnology and Biological Sciences
Research CounciBBSRQO and aims to determine the extent of neural flexibility across
the lifespan and the potential for neuratorganisation to sustain mental cognitive
(Dixon, 2010) This knowledge will be important to understand how one can preserve
cognitive capabilities and increase the quality of life. Moreover understanding the
process of healthy ageing wil provide background to detect and interprets

neurodegenerative diseases beyond those of normal ageing-CA&nwill have the


http://www.bbsrc.ac.uk/

contribution of over 30 research projects from groups of Cambridge, including the
Department of Experimental Psychology, Publealth and Primary Care, Psychiatry,
Clinical Neurosciences, and Engineering in the University of Cambridge and the Medical
Research Council Cognition and Brain Sciences Units (CBU).

For a clear understanding of the different stages of healthy aijesgecessary
to studya populationrepresentative cohort with a large number of subjects. Therefore
CamCAN is proposingo study a large group of 700 participants aged 18 to 90. Since
only healthy subjectsan be included in this studshe participants i be selected from
3000 members of the Cambridge City GP surgebi@sed ortheir health history and
lifestyle and some objective measurements as reaction time and hearing tests. The
selected subjects witlarry onbehavioural tests to quantify cogneicapacities related to
memory, action and motor learning, attention, emotion, and language. Brain activity and
structure will be measuredusing magnetoencephalograpiiEG) and magnetic

resonance imaging (MRI)ncluding structurafunctional and diffusin MRI.

1.2. The Impacts of Diffusion Magnetic Resonance Imaging

Since the 1980s diffusion magnetic resonance imaging (dMRI) had shown to provide
useful techniques for several studi€iincediffusion is highy dependent on the intrinsic
proprieties ofthe surrounding microstructures, dMRI is sensitive to unique structural
information that is not resolved by conventional MRI structural images.

Measures of diffusion were pioneered in nuclear magnetic resonance (NMR)
spectroscopy using NMR spetho (Carr & Purcell, 1954; Hahn, 195@nd NMR
pulsedgradient spirecho sequencg$tejskal & Tanner, 196%)owever it was onlyn
the 1980s that the NMR diffusion sequenaese applied to brain imagin@ Le Bihan
et al., 1986 and shown promising preliminary results in studylomgin abnormalities, as
i n t he cont ext of stroke, mu | {eig.pMiller, s cl er o s
Grossman, Reingold, & McFarland, 1998; Sandson, Felician, Edelman, & Warach, 1999;
Sevicket al., 1990) In the early 1990s it was also observed that the diffusion of water
molecules in biological tissues measured by conventional dMRI was dependent on the
spatial direction(Moseley et al., 1990) Since tissues are composed by well oriented

fibres, diffusionappeardo be highealong thedirection parallel to the fibres and lower in



perpendtular direction where water diffusion is more limited by barrigushas the
myelin covering the axons on neural tissue.

In 1994, Basser, Mattiello, and LeBihan introduced a approachn which the
diffusion on each image voxel is modelled as an @lgpslescribed with a tensor. This
technique was latter named diffusion tensor imaging (DTI) and allows a direct
examination of anisotropic aspects of tissue microstructure. The spatial invariant
measures provided by DThave beershown to provide importd findings in several
areas as on studies of cerebral ischemia, leukoariaosis, wallerian degeneration, diffuse
axonal i njury, epil epsy, al zhei mer 6s di se
(Sundgren et al., 2004)As example, for healthy subjects across different range of ages,
DTl is sensitive to increases of white matter anisotropy during brain maturitio
children and adolescents and sensitive to declines in agdinlyloseley, 2002) This
suggests that DTI can provide fidenformationaboutthe brain ageing process.

Although DTI shows remarkable success, this technique has some drawbacks.
Since it assumes that the distribution of water molecules as they diffuse across brain
tissue is characterised by a Gaussian digtohuit fails to fully characterize diffusion
measurements that are inherent to tissue microstrudidinde such approximation is
valid for free diffusion media that are unrestricted by barriers, this approximation was
experimentally demonstrated to loalid for biological tissuefAssaf & Cohen, 1998; T
Niendorf, Dijkhuizen, Norris, van Lookeren Campag & Nicolay, 1996) The presence
of complex underlying cellular components and microstructures confines the motion of
the water moleculesand therefore the distribution profile of water molecules
displacement shows to have less bounded and more peaiédspwhen compared to
the Gaussian distribution profile.

Several general approaches have been proposed to characterize diffusion
according to the neaussiampropertiesincluding the multicompartment modgLlark,
Hedehus, & Moseley, 2002)statistical diffusion modelYablonskiy, Bretthorst, &
Ackerman, 2003) generalized diffusion tensdOzarslan & Mareci, 2003) g-space
imaging (Tuch, 2004) and diffusion kurtosis imagin@ensen, Helpern, Ramani, Lu, &
Kaczynski, 2005) Among them, egpace imaging is the one that shows better accuracy
and aldity to fully describe the diffusioprofile however it requires long scan time which
canrot be available in projects that uses multimodality scanning as the case of the Cam
CAN. Diffusion kurtosis imaging (DKI) overcame this limitatidoy providing a more

practical approach. DKI is an expansion of DTI where the diffusion tensor is estimated
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together with the kurtosis tensor which characterizes the degree dbaussianity of
diffusion in a 3D frame of reference. This technique pravitere accurate values of
diffusion parameterselative to DTI(Lu, Jensen, Ramani, & Helpern, 20@6)d values of
kurtosis have been showto be useful to quantify the complexity of tissue bars
(Fieremans, Jensen, & Helpern, 2010KI has showrpromising results in several fod
including stroke and ischemi&). S. Cheung, Wang, Lo, & Sun, 2012; Jensen et al.,
2011) hepatocellular carcinon{&osenkrantz et al., 201, 2ttentionrdeficit hyperactivity
disorder(Helpern et al., 2011)the staging of glioblastomg&aab, Hattingen, Franz,
Zanella, & Lanfermann, 2010)odent brain maturatiofM. M. Cheung et al., 2009and
normal ageindgFalangola et al., 2008)

As any dMRI technique, an accurate interpretability of the metrics extracted from
the DKI can be challenging and subject to many pitfdiisses & Cercignani, 2010)he
diffusion and kurtosis estimatecan be influenced by noise, motion and image artefacts.
In particularly ithasbeen demonstratehat sufficiently large error can cause values that
are physically and/or biologically implausib{@abesh, Jensen, Ardekani, & Helpern,
2011) Therefore to increase the sensitivity and avoid erratic results, it is important to
indentify and study the influence of such artefacts and develop more robtigids for

data analysis.

1.3. Thesis Objectives and ProjectlBn

The objective of this thesis is to develop robmsthods for prggrocessing and analysing

DKI datafor the CamCAN project. Secondly it aim& show the potential of this
technique in imaging the brain structural changes across lifespan inth€@amé s d a't
recorded so far.

Notably, to improve the robustness of DKI, one can also increase the number of
diffusion-weight images (DWIs) required to extract the diffusion and kurtosis tensors.
However, since the Cax@AN project involves the measure of several MRI modalities,
the scanning time available for dMRI was limited to 10 minutes. Therefore this thesis is
not focus on alternative acquisition schemes. Instead, the quality of DKI metrics will be
improved by optimising methods of ppeocessing and improving the pipeline analysis of
ageing differences across lifespan based on the-C#&nN 6 s-selpcte@ acquisition
scheme of 63 DWIsagcquiredon a3T Siemens Triavith a twicerefocuseespin-echo,30
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diffusion gradient directions for eachvialues 1000 and 2000s.rifnand threeimages
acquired using 4dvalue Q TR=9100ms, TE=1@ms, voxel size=2x2x2min
FOV=192x192mn¥, 66 axial slicesnumber of averages¥1

Figure 1.1 shows the project plan which the work of this thesis is basethe
improvement of DKI methods started by studying different fitting methods to extract
diffusion and kurtosis tensor from DWIs (Octobemecember of 2011). After studying
the behaviour of this different methods on simulated data corrupted by noise, the more
optimal methods is selected to estimate the diffusion and kurtosis metrics on real data
transformed with different schemes of ym@cessing steps (January to February of
2012), which included methods to correct artefacts, as induced by head motion and eddy
currents, and methods aiming to rermoMRI noise, as steps of dosampling and
regularization. The built procedure for DKI is thapplied on diffusion MRI data
recorded so far by Cai@AN, and different analysis methods for studying ageing changes
on the diffusion and kurtosis data are studied (March to April). At last, the changes
observed on the different methods for ageing chargge analysed according to recent
brain hypothesis (May to June).

Project Plan

Cognition and
Brain Sciences Unit

MRC

Look for age related
Selection of the most reliable DKI pre-processing pipeline for changes on the DKI

the CamCAN data: maps using the
Motion and eddy currents artifacts correction CamCAN data acquired

Effects of down sampling and regularization so far

2011 i—‘—\ [—‘—\ 2012

Oct | Nov | Dec 1 Jan | Feb Mar | Apr | May | Jun Jul

!

Coding and comparison

Comparison of different analysis Writing thesis,
of different types of methods: including
modeling for DKI Analysis based on histograms preliminary
Analysis using ROTs results for
Voxel based analysis CamCAN

Figure 1.1 7 Project plan on which this thesis is based. This figure was presented on the 16" of
January C groufsAnedtisg.



1.4. Thesis Outline

After this introduction, théackground for this thesis is presented on Chapter 2. This will
start with a brief review of the Physics of diffusion (section 2.1). Based on the theory
described on the former, section 2.2 will describe how one can use MRI to measure
diffusion. The detigs of diffusion tensor imaging (DTI) is given on section 2.3 which
includes its formulation (2.3.1), metrics to extract information from the diffusion tensor
(2.3.2), and the noise effects on the accuracy of this technique (2.3.3). The very recent
dMRI technique diffusion kurtosis imaging (DKI) is discussed on section 2.4. As for
DTI, the details of DKI formulation are given (2.4.1) as well as novel measures that one
can use to extract information from the diffusion kurtosis tensor (2.4.2) and its noise
influences (2.4.3).

The study of different types of DKI fitting is reported on chapter 3. In this
chapter, advances on DKI estimation framework and novel observations of noise artefacts
on DKI are described according to the findings of previous studessxample the
published by Tabesh et al (2011) relative to a DKI constrained method that is quickly
becoming one of most used methods on recent DKI studies, and the study performed by
Jones and Basser (2004) regarding noise influences on DTI.

On chapter 4he study of reliable prprocessing steps is reported. This will
include evidences that algorithms to correct motion artefacts based on registration
methods as the ones available in many toolboxes are derisory for dMRI, and result that
shows the advanges of using downsampling and regularization algorithms to decrease
the impacts of MRI artefacts. In particularly, the optimal value of the size of a Gaussian
kernel for noise removal is investigated.

The analysis procedures selected from studying thengg#danges by DKI as
well as a description of the preliminary DKI results for the &aAN project are reported
in chapter 5. The findings on this chapter will be supported with previous studies, and the
impacts of new insights are explored.

On the last sapter (chapter 6), the thesis will be summarized, where the objective

accomplished, finding impacts, and future steps are discussed.



Chapter 2

Background

2.1. Physics oDiffusion

2.1.1. Characterization of random translation of particles
Diffusion is a mass process in liquid and gas states whicklased to a translatioof
particles due to thermal energy. This process results in particle mixing without requiring
bulk motion as convection and dispersion proc@deri & Barker, 1999) On a
molecular level, the thermal energy that each particle carries will rastdtlisions, and
particles will show random tnaslation trajectorieknown as Brownian motiotfiBerg,
1993)

In 1905, Albert Einstein introduces the concept of displacement disbribto
characterize the Brownian motion of a particle using a probabilistic frame&orgtein,
1956) The displacement dr#bution quantifies the fraction of particles that travel a
speci fi cr withinsat particalar tingeframe. As example, for a free medium
unrestricted by barriers, thegbability that one particle hawee di s p | aaterment @

timeintervaltcanbe deri ved from Einsteinds framewor
0 wrfd 1 00 TAgHE (Eq. 2.1.1)

whereD is the diffusion coefficient which depends on intrinsic propriety of the medium
as the size and mas$ the diffusing particles, the temperature, and the nature of the
medium. Media with larger values of diffusion are related to faster dispersion of

particles. For examplegas state media havéarger diffusioncoefficient thariquids.
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Figure 2.1 7 Diffusion process of a two dimensional free medium unrestricted by barriers. Panel A
corresponds to an initial state where some central particles were marked in red. After an interval
of time t, the marked particles will randomly move in all directions (panel B). The displacement of
particles during the instant of time between the positions shown in panel A and panel B can be
described with a two dimensional Gaussian distribution of probability, where x and y are the
Cartesi an c o mgpaneleDy. tAfter larder ingervals of time the particles will randomly
translate over larger areas (panel C) and the Gaussian distribution will have broader shape (panel
E). The back circles in panel B and C corresponds to diffusion circles of radius g0 0

Figure 2.1shows the graphicatepresentation of the displacement distribution for
particles diffusing in a two dimensional unrestricted mediuniThese surfaces are
concentric once points with the same probability are defined by diffusion qiBdsser,
1995) For example, setting the exponent of Eq. 2.1.1 by the constant and

assuming thax andy are the components of the two dimensional versiorisebne can

deduce the equation of the diffusion circle with ragiti® cas:



® ® oo . (Eq. 2.1.2)

Eq. 212 is of importance since it correspontts the standard deviatiop of the
displacement distribution. This corresponds to the-lwedwn Einstein formula:

., WgOo (Eq. 2.1.3)

Although Figure 2.1 described diffusion on a two dimensional space, similar
observations and derivatiortan be performed easily for three dimensional cases by
assuming three Cartesian componeqtg andz for the displacement vectdm: In this
case Eq. 2.1.1 will be described by a threeetisional Gaussian distribution, atite
points with the sane pbability will define surfaces with spherical geometriésthe
diffusion sphereqBasser, 1995) For example,defining the constant pj ¢ on the

exponent of Eq.2.1,1the equation of a 3 dimensional diffusion sphere surfaces with

radiuslc’O ¢can be written as

@ ©® & oo 8 (Eq. 2.1.4)

The dffusion sphere described by Eqg. 2.1.4jiaphically represented on Figlze.

Figure 2.2 1 Diffusion sphere showing the surface of a mean square three dimensional
displacement for an isotropic medium.



2.1.2. Classical diffusions laws and relation witldiffusion atomic view

Although it was only in 1905 that diffusion was descrildeam an atomicperspective

the concept of the diffusion coefficient haaéeadybeen introduced earlieby Fick
(Fick, 1855) Based on extensive investigations on the diffusion of salts in water, Fick
stated that under a gradient of concentrati@ddand assuming a medium with diffusion

coefficientD, the flux of diffusing particle/can be described as:

L 06 (Eq. 2.1.5)

From Eq. 21.5 one can deduca null flux of particles for a null gradient of
concentration However, such sitation does not mean that particles are not in influence
of diffusion process.According to the law of large numbers of the probability theory
(Jaynes, 2003he number of particles crossing a section of area in one direction will be
the same from the opposifaull net flux) oncethe number of particle are uniformly
distributed. In the other hand, if a gradient of concentratiopnssent, one side of the
medium delimited by a section of area will have a larger number of particles, and
therefore it will be more likely that a larger number of particles from that higher
concentrated region will cross the section of aréar instane, in the case described on
Figure 2.1, since initially the particles are high concentrated on the centre of the edium
theyare more likely taspread in a radial symmetry, and the net flaill be positive in
directionfrom thecentre tathe periphery The migration of the particles will results in a
decrease of the concentratigradient reaching a steady state where the concentration is
uniform across the mediumBy combining Eq. 2.1.5 with the conservation of mass
equation

»h

n 8l pp (Eq. 2.1.6)

one can obtain the expression that describes the variation of concentration of a medium,
i .e. the Fi(Wkigssen 20 ond | aw

o #w -0 (Eq. 2.1.7)
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As mentiored in section 2.1.1from Einsteird sramework the distribution of
particle displacement in a free diffusion medium is derived as a Gaussian distribution.
Such results also supported by theseo n d F i Ql&yides, 198HAs the probability
P of finding a particle per unit of volume is proportional to the concentration, Eq. 2.1.7

can be rewriting in function d®:

o 0 —2 (EqQ. 2.18)

Knowing the initial positionso of a particle, one can write the function of the

distribution of probability in the time instat#0 as an impulse functian
Ot 7 > » (Eq. 2.1.9)

Using this initial conditian, one can resolve Eq. 2.1a8 theGaussian distributiofor a

free mediununrestricted by barriers:

0 »erid 100 TAgpZT X2 (Eq. 2.1.10)

where» » is the particle displaceme¥p:

2.1.3 Diffusion tensor for characterizing anisotropic media
In the previous sectiondiffusion is characterized by a single scalar coefficiemhis
approach is sufficient for media where diffusion does not depend in spatial diréetion
isotropic diffusion Howeve this situation is nodlways validi for some media, pariies
can have more difficulty otranslating over some specific directioriBhis is the case of
media formed by oriented structures or microstructtmasmakes diffusion anisotropic
(Basser, Mattiello, & LeBihan, 1994a)

An example of anisotropic media is shown in Figure/&Ri8 which particles are
confined to a cylindrical shape tub& that case, particles are free to randomly translate
in x direction while along thg andz directions they ardrhited by the walls of the tube,

and thugliffusion is higher along thr direction than those alongandz.
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Figure 2.3 7 Representation of two media restricted by cylindrical tubes. In Panel A particles are
free to translate along direction x, while along x and z they are limited by the boundaries of the
tube. In opposite to panel A, panel B is not oriented with the frame of reference x-y-z, and thus
particles are free to translate only on an oblique direction.

DefiningO , O andO as the diffusion coefficient along the axisy andz, the

first Fick Lawfor the case described in Figure 2.3.A can be written as:

0 O m m 10jTw
0 m O m 816j1T w (Eg. 2.1.11)
0 m 1 O T06jTa

For more general cases where the cylindrical geometry is not dligite the
frame of reference defined by the axjsyandz( Fi gure 2. 3. B) , Fickos
described with a 3x8iffusion tensor(Basser, 1995; Basser et al., 1994a)

0 O O 0O 131w
0 O O O 811 (Eq. 2.1.12)
0 0O O O 1ojra

In a similar wayto what wasdescribedn the previous section for the isotropic
media case, the displacementdidtribution of the cylindrical anisotropic media can be

derived from Eq. 2.12 as:

~ ~

0 erhy —Agp 2> T *P¥ (Eq. 2.1.13)
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where r is the diffusion tensor:

O O ©
r o O o0 . (Eqg. 2.1.14)

O O ©

Similarly to the scalar diffusion coefficieBt for isotropic media which have to be

defined by a positive number for being physicallyugiale, the diffusion tensd have
to bedefined bya positive matriXKoay, Carew, Alexander, Basser, & Meyerand, 2006)
i.e: (1) D have to be symmetri€) =0 ), (2) all the diagonal elements &f have to be
positive, and3) all the determinants of all the leading submatrix have to be podiive

to the symmetric propriety,D can be rewritten only with six independent
elementsO HO HO HO HO RO

(Eg. 2.1.15)

(o oNe)
00O

As the isotropic diffusion can be geometrically reprged on a 3D space with a
sphere the anisotropic diffusion tensor can be represented geometrically by a 3D
ellipsoid (Basser, 1995)where the six independent elemenit® fully describedits size,
shape and orientatiofseepanel A and B of Figure 2.which represents the diffusion
ellipsoidfor the cases describedchd-igure 2.3).For exampley defining the exponent of
the displacement distributioon Eq. 2.1.130 a constant we can obtain the expression
(Basser, 1995)

OO0 ©O w OO0 OO0 ww
OO0 O w OO0 ©OOL wa

OO OO0 wg OO ©O a AAPo (Eg. 2.1.16)

which can be related with the expression of an ellipsoid:
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MO COON QM coma CQwa "Qd
W W aeeleR W (Eq. 2.1.17)

The length and direction of the three orthogonal principal axes of the diffusion
ellipsoids (see Figure 2.4) can be decoupled bydh@wving matrix decompositiof D
(Basser, Mattiello, & LeBihan, 1994b)

o © .- - - - - _ nom
0 © 8- - - - - - 8m Tt (Eq. 2.1.18)
o © T

OO0O

Tt

wherea, & andas are the three eigenvalues related to the values of diffusion along the
three principal axes of the diffusion ellipsoid, while the triplets of numbeg- K ),

- h R ), and - K R ) are the eigenvectors which gives the direction of each
principal axis. In particularly, vector- ;- h ) anda corresponds to the values of the

ellipsoidaxis with barger length.
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Figure 2.4 1 Geometrical representation of the diffusion tensor for the two isotropic media
represented in Figure 2.3. Since diffusion ellipsoid in panel A is aligned with the frame of
reference x-y-z, the eigenvalues & a,, and a; corresponds to the tensor elements D,,, Dy, and
D,, On the other hand, for panel B, the eigenvalues can be computed by matrix decomposition
shown by Eqg. 2.1.18.
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2.2. MRI and Diffusion

In MR, subjects are exposedastrong magnetic field and the mageatnoments of the

water protons (also referred as spins) staprexesgi.e. rotate) around the direction of
magnetic field(Conolly et al., 2000) The magnetic moments can then be described by
two components: a longitudinal component aligned to the magnetic field and a transversal
component perpendicular to the magnetic fididwithin a voxel the spins anereessing

in phase, the net transversal component can be measured by the MRI receiv&oils.
increase the transversal component and have a significant signal to measure, it is applied
specific radio frequency (RF) pulses to insure that spins within a \aeeln phase
(McRobbie, Moore, Graves, & Prince, 2003)\s example, in theommonly used spin

eco sequences (Figure 2.5), two RF pulse are appliea pulse of 90° is applied
simultaneously with a gradient to selectivity stimulated the spins of a slice of thed)ody;
after the phase and frequency gradient which encodes eadad with a specific
frequency and phase, a 180° pulse is applied to realign the spins within a voxel and

reproduce a measurable signal referred as the(®&btRobbie et al., 2003)
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Figure 2.57 Spin eco sequence
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2.2.1 Pulsed gradient spin echo (PGSE)

MRI can be used to quantify the diffusion of the brain using proper sequ@asser et

al., 1994a) One basic and commonly diffusion sensitizing gradient is an adaption of the
spin eco sequence called pulsed gradient spio PGSE). Relative to the spin eco
sequence, PGSE have two extra gradients, one after the 90° RF pulse and other after the
1809 Figure 2.6. The objective of the first additional diffusion gradient is to add a phase
shift'Q « that will depend on the spin positiomelative to thedirection of the additional

gradientfield (JohanseiBerg & Behrens, 2009s described by the following equation:

Qe [. OiQ06 ] Oi (Eq. 2.2.1)

where[ is the gyromagnetic ration whiahepends on thgype ofthe atomic nuclei (for
protons is 42.56 MHz ¥), "Othe intensityof the diffusion gradienand] its duration.

The second diffusion graht is appliedafter a time intervaV inducing an opposite
phase shift.Such shift has the same amplitudentliae previous one sindmth gradient
pulses have the same values of inten¥tgnd duratior) ; howeverit has an opposite
effect onceapplied after the 180° RF pulse which inverted the protons phase for spin
realignment. Therefore andassuming that the duratipnof each diffusion pulse is much

smaller than the time interv3] the total shift induced on a spin can be expressed as:

Qe | "0Qi (Eq. 2.2.2)

where'Q is the displacement of the proton spatative to the direction of the diffusion
gradienton the time intervay.

Eq. 2.2.2 suggest that voxels related to protons that have larger displac@mnents
will present spins preessing in a ampler range of phase, while voxels that are less
conditioned by the diffusion pcess will have proton with negligible phase shiRI
receive coils will therefore measure smaller intensities for voxels relatecda with
larger diffusion coefficients (spirthat areprecessing out of phase) atarger intensities
for voxels related to media with smaller diffusions coefficients (spins possessing in

phase).
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Figure 2.6 T Representation of the two additional diffusion gradients on the pulsed gradient spin
eco. This figure was adapted from (Correia, 2009).

The phase shiff2 e described in Eq. 2.2.2 canathematicallybe expressed in
order tothe diffusion coefficienD. Given that the total magnetization within a voxel

is a sum over all individual magnetic momeints
0 0 BQoRe , (Eq. 2.2.3)

and the spin population can be described with a displacement distributioxk g FY |

the amplitude of the signal attenuation can be calculated as:

Y OY, Qo 0 aiY i, (Eq. 22.4)
where Y is the signal that should be detected if no diffusion gradient is applied.
Assuming the Gaussian displacement distribution described by Eq. 2.1.1, Eq. 2.2.4 can be

rewrite as:

Y "YQoh T O V0. (Eq. 2.2.5)
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It is notable thafor Eq. 2.2.50ne can verifythat voxels with larger diffusion coefficient
are relatedo lower intensities measured by the MRI receiver coNéoreover, one can
see that larger signal attenuatiaran also be related to larger water partles
displacements if diffusiomveighted signal is measured using larger diffusion time
values. Gradients with larger amplitud®and duratioin will also highlight the diffusion

contrast, once they induce larger phase shift on diffusing water molecules.

2.2.2 The StejskalTunner equation

The more generaklationshipbetween the ditfsion coefficient and the signal measured
in diffusion MRI was established in 1965 by Stejskal and Tunefining the applied
diffusion gradienfield ¢ 6 as:

70 "TOO0ROOHOO h (Eq. 2.2.6)

and describing aarbitrary functiory 0 as:

710 . 3 Q& (Eq. 2.2.7)

the MRI measured diffusionwveightedsignal S can be expressed with the Stejskahner

eguation as:

I TY"Y [ 3 0 ¢c0Oo0 — 3 —

803 (00 — 3 — Qe (Eq. 2.2.8)

where"Y is the MRI measured signal when the diffusion gradient is not apfiled,the
Heaviside function,TE the time interval between the instathat MRI sequence was
applied {=0) to the instant when the echo is recor@eek Figure 2.5andD the scalar
diffusion coefficient. By defining the parameters that are only dependent on the diffusion

gradient by a single constam{known also as{value):
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30 (OO0 — 3 —
83 OO0 — 3 — Q& (Eq. 2.2.9)
the notation of Eq .2.2.5 can be simplified as:
Y "YQoRGEO . (Eq. 2.210)
Remarkably, Eq. 2.2.10 is of importanbecause it shows how easibye can

estimate a diffusion coefficienD can be computed on each voxel by linearization of Eq.
2.2.10:

o -1 1—. (Eq. 2.2.11)

where values o6 can be acquired with a diffusiemeighted image (DWI) while values
of "Y acquired by setting theliffusion gradient to zerdi.e. b-value equal zero)
Moreover, the fvalue can easily be computeff-tine with the known parameters of the
diffusion gradent sequence using Eq. 2.7Mattiello, Basser, & LeBihan, 1994)For
example, assuing the PGSBn Figure 2.6the expression for the\mlue can be derived
from Eq. 2.2.9 as:

o oY . (Eq. 2.2.12)

For a PGSE acquisition where gradient duratiori is much smaller that the time

intervalY, Eq. 2.2.12 cabe even simplified as:
@ [ 0o Y. (Eq. 2.2.13)

Notably,Eq. 2.2.13 corresponds to the case described in section 2.2.1, and therefore if we
applythis equation to Eq. 2.2.18g. 2.2.5s rewritten
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2.2.3 Twice Refocused Spin Echo (TRE)
Since an MRI acquisition requires timarying gradients, nedesired electric currents
(named as eddy currents) are induced on the nearby conduttosswill generate local
magnetic field gradigs that will be either added @ubtracted from thehase and
frequency encoding gradientand theefore MRI images will show spatial distortions
(Jones & Cercignani, 2010)This artefact is not problematic in mostMRI modalities
since the rising and falling of the encoding gradients are norrolalbe in time which
induces a cancelian of eddy currents. However, due to limitations of the gradient
amplitude G on the currentclinical scannes; dMRI requires diffusion gradients with
larger duratiori to achieve bvalues that providerobust estimations of diffusion
coefficient (normHy around 1000 s.mif). Thereforefor dMRI the rising and falling of
the diffusiongradient are not close in time aeddy curent distortions are significant

The Twice Refocused Spin echo (TRSE) sequence was developed with the aim of
reducing eddy distrtions at no cost in scanning efficiency or effectiver{i&eese, Heid,
Weisskof, & Wedeen, 2003) TRSE uses two 180° pulses (refocusing pulses) and the
effects of the eddy currents are cancelled with two bipolar diffusion gradients of length
1 7 and 9 , Hgure 2.7

180° pulse 1800 pulse
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Figure 2.7 T Representation of the twice refocused spin echo sequence. This figure was adapted
from (Correia, 2009).
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2.3. Diffusion Tensor Imaging

In neural tissues, the water molecules and metabolites are under the influence of diffusion
processes. They are constantly bouncing, crossing and interacting with many tissue
components asel membranes, cytoskeleton and macromolec@lehanseiBerg &
Behrens, 2009) Diffusion processlepends ormicrostructure, being sensitive to the
number, orientatin, and permeability of barriers as myelin, and toptlesence of arious

cell types of organelles agendrites, axons, neurofilaments and microtufi®snis Le

Bihan et al., 2001) Furthermore, since the microstructures are highly oriented, diffusion
depends orspatialdirection (M. E. Moseley et al., 1990) Forexample, in brain white
matterthe water molecules will have higher mobilitythe direction of the fibres tracks

than across the myelinated barriers of the neural axons, i.e. diffusion in the direction of
the fibres idarger than imperpendicular directiondBasser, 1995) In opposite, diffusion

will show isotropic proprieties in grey mattence this type of tissugoes notonsist on
orientedstructures

As mentioned in section 2.1.8nisotropy in media with cylindrical geometry can
be fully described using a diffusion tensor. Assuming that neural tisssestcohwhite
matter tractsvhich can be modelled as cylindrical tubes, such appreaalbe useful in
modelling thedependence dfiffusion on biological tissue@Vori & Barker, 1999)

Proposed by Bsser et al. 1994diffusion tensor imaging (DTI) ws the
information of diffusionweighted images (DV¥), obtained with different diffusion
gradientsto provide a nofinvasiveestimation of thaliffusion tensoffor all the voxels of
a brain volume(Basser et al.,, 1994a) Over almost two decades since it was
development, DTI had become an established technique waidhshown to provide
subtle information of neural structures for several clinical studies as cerebral ischemia,
brain maturation, traumatic brain injury,
disease (for a review of several clinical application®®f seeSundgren et al., 2004
Moreover, DTI can provide information for algorithmfsfibre tracking which carbe an

importanttechnique in studyingrain connectivityFillard et al., 2011)

2.3.1 The formulation beyond DTI
DTI was based on the adaption of the Stejdkainer equation for anisotropic mediums
(Stejskal, 1965)
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where“Yand"Y are the MRI measured signalttv and without applying an diffisn
gradient,O 0 the Heaviside functiodQ0 the function defined by Eq. 2.2.TE the time

interval between the instant that MRI sequeis@pplied {=0) to the instanthatthe echo

is recorded, and the diffusion tensor. By analogy with theatr bvalue in section

2.2.2, it is possible to define a matijxwhich only depends on the parameters of the
diffusion gradien{Basser et al., 1994a)

- o oo YO YO
1 ¢ 1 7¢
810 CO0 — =g — Q& (Eq. 2.3.2)

therefore, Eq 2.3.1 can be rewritten as:

Y oYQon | dr, (Eq. 2.3.3)

w h e r e thedgenéralizesl dot produdtlatrix B is a symmetric 3x3 matrix:

(Eq. 2.3.4)

1 1 En
S 1 Ex
1 1 En

As thescalarb-value,B can be computed ofine (Mattiello et al., 1994) For example,
for a PGSE gradienff 6 © "O 0 HO 0 HO 6 with duratiof and a time interval

between diffusion pulses the elementsy of theB matrix can expressed as:

® o Y 4 . (Eq. 2.3.5)
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Alternatively, he marix B can also be computed from the scalavabie and then
combined with an 3x3 matrix containing the gradient direction information, as shown in

the following equation:

EeE €& ¢¢
| e ee ¢e¢ (Eq. 2.3.6)
€ & € € € €

where = ¢ BB R is the unit vector that describes the direction of the diffusion
gradientG.
SinceD andB are symmetric matres Eq. 2.3.3 can be simplifieand expanded

in function ofindividual’O and® elements as:

Y YAGPOO @®O ®0O
Cw'0 cwO c¢cu o |, (Eq. 2.3.7)

or in orderof the scalar tvalue and the gradient direction as:

Ysfdo YADDO® IR O)

=YAGD G&¢0O G&¢O &0

CGEEO CcEE&EO cox¢ O} (Eq. 2.3.8)

where index 1, 2, and 3 correspond to the spatial dimensigrandz.

The six independent elements of the diffusion tensor can be extracted from at least
N=7 DWIs. This 7 images have teelrecorded for at leasix noncollinear diffusion
gradientddirections and at least 2 differenthlueswhich can include b=8.mmZ.

The estimation of diffusion parameters from DWIs can be achieved by different
methods(Koay et al., 2006Wwhich varies from linear least squares approaches te non
linear ones. Moreover depending on the robustness of each method, om€dcan
constrainswvhich can force the diffusion metrics thysically and biologically plausible
rangesor weights to correct neuaniformity of diffusionweighted signal variance.

Examples of some of these approaches are described below.
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Linear least squares
Eq. 2.3.3 can be converted to a linear framework by taking the logarithm on each side of
the equatiorn(Basser etl., 1994b) For examplefrom the expansion described on Eg.

2.3.8 we can write;

Py 1Yy @¢0O0 @G¢&O @¢&¢O
CGEEO CcE&EO0 ¢at&O . (Eq. 2.3.9)

By defining a column vectod with all the logarithms of thé\ measures ofY= ho,
writing the0 X matrix = with the information of the values and gradients directions

used in eacH measurements as

SN & & & & o & ¢ cw & & cw & & p
wB é é é é é é é
© & ¢ © & ¢ 0 & ¢ co & ¢ Co & ¢ cw & ¢ P
(Eq. 2.3.10)

and defining the vector= which dementsare the diffusion tensorelementsand the

logarithm of"Y:
L O O O O O O ity |, (Eq. 2.3.1)
EqQ. 2.3.9 can be rewritten as:
1 L (Eq. 2.3.2)

From Eq. 2.3.2 the unknown parameters gncan be estimated from the standard linear

least squares solution:

L —= =4 =4 (Eq. 2.3.B)
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where= is the estimation of vectot and = the pseudoinverse of matrix. This
approach was followedn several studies due to its implementasanplicity and for

providing algorithmawith high computation speed efficien¢jones & Cercignani, 2010)

Weighted Linear least squares

The linear least squares solution described by Eq. 2&4umes tit the elements of
vectord have errors with independent and identically distributed meeialn fact, when
signal to noise ratio is sufficiently higmeasures ohe diffusionrweighted signal can be
assumed to have uniform variance.However, it is important to note that using a linear
framework we are not using the diffustareighted sigals but their logtransformed
versions. For gdandard error propagation technigiésnes & Cercignani, 201@ne can
deduce that assumindiffusion-weighted sigals with uniform variance of, , the

variance of the logransformedrersion,, can be describelly:

, —, (Eq. 2.3.1)

whereO @ is the noise free version & Approximating the exact value @ w by the
measuredralue”Y= fto andmeasuring,  from noise poweestimation algorithmge.g.
Aja-Fernandez, Alberothopez, & Westin, 2008)one can compute an covariance matrix
where diagonal elements are the valueg of . The information of matrix can be
incorporatedon the estimation ot usingthe more generdinear least squares solution

(Jones & Cercignani, 201@)ven by the following equation:

This approach should provide a more accurate estimation oncelagatrtnsformed

diffusion-weighted signal is weighted by its variance.

Non-Linear least squares
For thenonlinear least sgaressolution the tensor is estimated directly from Eqg. 2.3.3
using well established methods as the Levenb&agjuardt norinear regressioiiJones

& Basser, 2004) Such noHdinear approaches involve iterative algorithms where the
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elements of diffusion tensor are adjusted till th@mrpbetween the predicted sigaand
the measured ones ameinimized. The objective function to be minimized can be

described as:

Ve O YA@D O O (Eq. 2.3.16)

Since this noHinearfit deals directly with the diffusiomveighed signals, the variance of
the measured insets should be unifdifrsignal to noise ratigs sufficiently high)even
without applying any kind of approximation as assurbgdhe weighted linear solution
describd in Eq. 2.3.5. Therefore, it is expected that ntinear least squares approaches
will have a better accuracy than the ones mentioned abdNevertheless, iterative
algorithm can be disadvantageous for being very computationally demamdstgategy

to reduce such disadvantagedsnitialize the iterative process withsults obtained from

Eq. 2.3.Bor 2.3.5. This also have the advantages of avoiding convergence to a global

minimum (Jones & Cercignani, 2010)

Constrained linear and nonlinear least squares

Constrains can be aligd in the minimization approach to avoid that data influenced by
noise motion and artefacts result on physical or biological implausible \vaflaé$usion
(Koay et al., 2006) This can be applied on the néinear approach describethove(Eq.
2.3.16)or onthelinear framework by minimization thellowing function:

. oY G .
oL - = 0 @ (Eg. 2.3.17)

However, when applying constranboth linear and nofinear techniques will be
computationally demanding ondbey both requirdterative approaches anonlinear
formulations. For example, constrains canirmorporated on each step of an iterative
algorithm sathat= is forced toconverges to a soluticarcording to imposed restrictions.
Alternatively thediffusion tensorcan be directly constraineon the DTI formulation

matrix usingfor examplethe Cholesky parameterizatigoay et al., 2006) Assuming
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that all andonly positive matrices cabe decomposed into the product of a lower

triangular matrix, theositivediffusion tensocanbe decomposeals

(@] (@] O Y m m Y Y Y
O © (@] Y Y m8m Y Y
(o] (o] (@] Y Y Y m 1Y
Y Y'Y Y'Y
Y'Y Y Y YY Y'Y . (Eg.2.3.18

YY YY YY Y Y Y

Consequently the optimization problem on Eq. Z&4Eq. 2.3.% can be rewritten in a
way that elements are iteratively estimated, instead of the eleménts Diffusion
tensor willthen be estimatedsing Eq. 2.3.18 and sine®mputed by the product of a
lower triangular matrixit will mandatory bedefinedwith a positive matrix, reflecting

physically plausible values.

2.3.2. DTl invariant Measures
From the estimated diffusion teor, several rotationally invariant scalar measures can be
calculated. These parameters can be as important as identifying fibre dir¢Pirnpaoli
& Basser, 1996) Examples of invariant parameters are the mean diffusiMiy)( the
fractional anisotropyHA), axial diffusivity (- ), andradial diffusivity (_ ).

Mean diffusivity can be calculated as Eq. 28and gives an overall of the mean
squared displacement of molecules. averageof diffusion ellipsoid size(Denis Le
Bihan et al., 2001)

(Eq. 2.3.9)

where 6Trdé6 is the matrix trace.
The axial diffusivity gives the magnitude of the diffusion along the principal

ellipsoid compoment, so it is equal to @&

(Eq. 2.3.20

For example in white matter, since the first principal &xisf the diffusion ellipsoid is

align with the fibre direction,- is of interest because correspsrid the diffusion value
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alongthe direction of fibres, rad thusit is believed to be an index of axonal integrity
(Helpern et al., 2011)

In the other hand radial diffusivity is the mean diffusion along the orthogonal
components relative to the princiglipsoid axiswhich can be estimated as the average

bet weaemd: aa

— (Eqg. 2.321)

In opposite to the axial diffusivity, in white matter is related tothe average of the
diffusion valuesin the directions across the fibre barriefsich consiston structures as
the axonal myéh, and thus it is believed to be an index of myelin intedktglpern et
al., 2011)
Fractional anisotropyPierpaoli & Basse 1996)measures the anisotropy in a range
bet ween 0 (case ¢gf,aiz)sotta olp(i fcu ldb W Fagm®)i sont,r ep i C

"0d 00 60 09 (Eq.2.322)

therefore structures that give fdi§ion high anisotropy proprietiess single oriented
populations 6 white matter fibres, are related A valuesclose to one, while brain
regionswhich are not oriented on specific direction, asygmatter rgions are related to

low or even null values of FA.

2.3.3. Effects of noise on DTI

MRI as any other imaging technique is influenced by ndBSgbers, den Dekker,
Scheunders, & Van Dyck, 1998)The complex valued data acquireg MRI coils are
corrupted by noise that is typically well described by a Gausssrbutionon both real
and imaginary spaceWhen the complex data in-8pace is converted to an image in
spatial domain using Fourier reconstruction, the Gaussian noise in real "'§paoel
imaginaryspaceQis convertedo Rician noisewhich corrupted intensityy of each voxel

imageis given by:

Yo = — Q (Eq. 2.3.23
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being“Ythe noise free intensity.

The DWIs as MRI images are also contaminated by Rician noise, and therefore,
for a corect interpretation of the data extracted from DTI, it is important to know the
influences andmpacts of noise on the estimates of thH#usion tensorand on the
invariant metrics extractedIn particularly, noise cabe responsible tbiased or even
physically implausibleestimates Physically implausible values of diffusion occur when
corrupted diffusiorweighted intensitys for a given bvalue is larger than the diffusion
weighted intensity acquired using a smallerdtue. In such case, the meexponential
deay of S with the increase of the-vmlue is not satisfied; insteatie noisy outlier
suggest an increase which corresponds to a negative directional diffusion coeffigient.
exemplify this artefact, four siatations were preformed which asBown in Figure 2.8.
Panel A and B corresponds to the expected directional diffusion coefficient value of
0.1x10° mn?.s*, while panel C and Rorrespondso the expected directional diffusion
coefficient value ofL.0x10°> mn’.s®. Diffusion-weighted sjnalswere simulatedbased
on bvaluesof 0 and 1000 s.mihfor panels A and C, and 0 and 3000 s:frfor panels B
and D. After corrupted with Ri@n noise using Eq. 2.3.23, the diffusmeighted signals
for ead pair of bvalues weremarkedwith blue, f a positive value restimate of
diffusion is obtained, or markedith red if the diffusion estimate hadn implausible
negative value (diffusion coefficient restimates are computes using Eq. 2.2.1The
histograms of theestimates ofdiffusion coeffcient are plotted on the bottom of each
panel.

From the results, one can note that implausible estimates are present on panels A
and B, i.e. for lower diffusions, and are more frequent for lowealbes panel A.
Interesting, despite not showing negatinglausible values, diffusion on panel C and D
seems to have large proportions of underestimated values. This underessimaion
previouslyreported in 2004 by Jones and Bagdenes & Basser, 2004 the study of
the rectified noise effects on DTI. Rectified noise corresponds to the noise on voxel
wherenoise freantensity should be zero. On DWIs, this case corresponds to background
voxels or voxels where the diffusiemeighted signal had completely decay. As the MRI
intensity is always a positive number, the Rician error in such voxels will raise to a
minimum signal measurable. Consequently, while high diffugieilghted signals

(which are related to low{values or low diffusions) are unaffected, diffusirighted
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signals that are close to the noise floor will be overestimated, and a directional diffusion

coefficient extracted for such data will be underestimated.
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Figure 2.8 1 Plots of diffusion-weigthed intensity as a function of b-values, for two different values
of directional diffusivity: 0.1x10° mm%s™ (panels A and B) and 1.0x107® mmz.s'l(panels C and D).
Blue points are Rician noise corrupted diffusion-weighted intensities (SNR 15). The histograms on
each panel correspond to diffusion estimated from two pairs of b-values points. The pairs of
intensities that resulted in negative values of diffusion are plotted in red. Panels A shown relative
large amounts of implausible values, while panel D diffusion estimated that are bias by rectified
noise. The values of this stimulation were based on the values used by (Jones & Basser, 2004).

Assuming a white matter voxel with a single oriented population of fibres, one can
note that rectified noise will have a larger effect on the doegiarallel to the fibres once
this direction corresponds to larger diffusion. Thus,bkemalues significantly high, the

first principal eigenvalue. will be underestimated while and_ unaffected. In such
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way, anisotropy will be apparently reduced and valued=Afwill be underestimated
(Jones & Basser, 2004)

Another well document artefact is the eigenvalue repul@earpaoli & Basser,
1996) Since the decomposition of the diffusion tensor to eigenvalues and eigenvectors
(Eq. 2.1.18) involves a sortirajgorithm (i.e larger eigenvalues are classified as the value
of _ , while the smallervalueto _ ), a systematic sampling bias introducedwhich
makes isotropic structures appearore anisotropic (Pierpaoli & Basser, 1996)
Consequetly, isotropic media as the grenatter will show an erratic anisotropy (Figure
2.9). In the anisotropic case of single oriented population of fibres on white matter, since

is much larger than. and_ , the likelihood of misclassification of is lower.
However thereis still a bias betweerthe classification of . and_ , and therefore

anisotropy isstill overestimated.
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Figure 2.9 7 Histograms of the estimates of _ , _ , and _ for an isotropic diffusion voxel. Although

all noise free eigenvalues were equal (2.5x10™ mmz.s’ij, estimates of _ shown the overestimated
values while the underestimated ones. Estimates were extracted from data corrupted with

Rician noise (SNR=15) using the ordinary linear less squares (Eqg. 2.3.13) and based on pairs of
b-values 0 and 1000 s.mm™ over 30 directions.

From the last two paragraphs, one can note B#atis underestimated by the
effects of rectified noise and overestimated by the repulsion effects. Since these artefacts
depend on {value, directional diffusion and anisotrogyA will be overestimation or
underestimationdependingon such factors. As example, Figure 2.10 showseth
dependence of estimated oA with the bvalue for a fixed diffusionensor and signal to
noise ratio, where overestimations are predominant from lowealues while

underestimations are present for higheahues.
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Figure 2.10 7 Plots of FA estimates as function of b-values. The values of the diffusion tensor
was adapted from (Qi, Wang, & Wu, 2008) which noise FA value is 0.54. Each re-estimate of FA
was extracted for a diffusion tensor extracted from Rician corrupted diffusion-weighted signals
(SNR=15) sampled using the b-value zero and the non-zero b-value marked in the plot over 30
directions. Diffusion tensor was extracted with an ordinary linear less squares Eq. 2.3.13. Similar
plots can be seem in (Jones & Basser, 2004).

2.4. Diffusion Kurtosis Imaging

As mentioned previous]yDTI is based on the assumptidinat displacement of water
molecular is described by a 3D Gaussian distributigasser, 1995) However water in
biological structures have shown to present-Gamssian diffusion behavidiThoralf
Niendorf, Dijkhuizen, Norris, van Lookeren Campagne, & Nicolay, 1996 example
for time intervals on the order of tens of millisecond8usgion displacement probability
distribution seems to deviate substantially from the Gaussian distribution which is
believed to be a consequence of the restrictions imposed on water translation by the
microstructures barriefdensen et al., 2005)

Once higher kvalues correspahto higher displacementimeframes, the non
Gaussian behaviour wile more evident using diffusiemeighted sequences with larger

b-values. As a consequence of this, if one plots thetlagpsformation othe diffusion
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weighted signal in order of theuvalue, a gradual increaseleviation from the linear
relatiorship is observedwhen increasing thé-value. This profile of deviation was
experimentally dmonstrated in both white and grenatter(Lu et al., 2006) see Figure
2.11.
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Figure 1.11 - Natural logarithm of DW signals vs-\alue for a selected ROI corresponding to
voxels from corpus callosuniNonlinear decaywereabserved for all four directions presented in
the figure. This figure was adapted fr¢hu et al., 2006)

Several approaches tcharacterize the ne@Baussian proprieties have been
developed in the last yea(€lark et al., 2002; Ozarslan & Meci, 2003; Tuch, 2004;
Yablonskiy et al., 2003)One of the techniques that shown promising results is diffusion
Kurtosis Imaging (DKI) (Jensen et al., 2005; Lu et al., 200®)KI is an expansion of
DTI, wherethe diffusion tensor is estimated together witH"sodder 3D kurtosis tensor.
KurtosisK is a measure that quantifies the deviation of the water diffusion profile from
Gaussian distribution for whidki=0. For positive Kurtosis the displacement disttibn
will have a more sharply peakgdofile, such as a squared Gaussian, while for negative
Kurtosis the distribution will be least sharpllthough mathematically kurtosis can be
ranged tanegative values, biological tissudsos/n only to present posie kurtosis(\Wu
& Cheung, 201Q)

2.4.1 The formulation beyond DKI

Mathematicdly, distributions can be characterized byu mu | a(Jenssn eteal., 2005)
The cumulant an be related by the central moments of the distribution, as snaad
variancee,. In particularly the first three cumulants are equal to the first three central
moments which corresponds to the mean, variance and skewmedatier momentum

quantifiesdeviatiors from the central localization of the peak distribajio Kurtosis K
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can be calculated from the second and fourth cumdlamndll , or from the second and

fourth central momentum, and* by

vo — — oG (Eqg. 2.4.1)

and is the dimensionless metridhat gives the deviation of a Gaussian function.
Assuming a PGSE sequence whicis assumed to be much smaller thgran general
expression of the relatiship between the diffusion signal decay and the diffusion

coefficient can be derived as a summiatbf the cumulantt :

(Eq. 2.4.2)

Since the asymmetry of displacement of probability can be negl@atad& Cheung,
2010) all odd order cumulants can be approximated to zero and Eq 2.4.2 can be re

expressed as:

| T— I Ih—— I — E (Eq. 2.4.3)
Given that diffusion D is defined by
o . (Eq. 2.4.4)
EQ. 2.4.1 can be rewritten as
I ooy . (Eq. 2.4.5)

Applying Eq. 2.4.4 and EqQ. 2.4.5 into Eq. 2.4.3, anohcatingall right handle
terms above the secondg the relatioship between the signal of a DWI and thealue

for a gradient direction can be appirnated by
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Y "YQon 680 -0 0 , (Eq. 2.4.6)

whereO and0  are called the apparent diffusion and kurtosis once diepgndent
on the direction of the applied diffusion gradierftor 3D anisotropic medium, kurtosis
has to be defined by a 3x3x3x3 matrix to fully characterize@aunssian behaviour of
the diffusion tensoD. The element®; of the diffusion tensor and the elementg\Vif

the kurtosis tensdf can be related th'O  and0 by the following equations:

0 Re)
(Eq. 2.4.7)

EEE kG
0 @ (Eq. 2.4.8)

Combining Eq2.4.7 and Eq. 2.8 onEg. 2.4.6 0ne can be write an equation relating

the individual elements of diffusion and kurtosis tensor with the signal decay:
Yl YAGDG  £:0 (—‘;&) 60 EEEEa
(Eq. 2.4.9)

In analogy with the diffusion tensor, the kurtosis tensor is symmetric, therefore it
can be fully described with only 15dapendent elements and Eg. 2.4.8 can be simplified
as Eq. 2.4.1QLu et al., 2006)

0 —t o A A W W
e e e 0 W ® &0 ® &0
® & PEEE D PEEE PEEE O
(Eq. 2.4.10)

Since DKI can be parameterized by 22 unknown elements (six independent

elements for the diffusion tensor, 15 for the kurtosis tensor and one relative to the non
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diffusion weighted valugY), it requires at least 22 DWIs on which 15 different gradient
direction and three-aalues have to be acquired to fully characterize tiveokis tensor.

Similar to DTI, the parameters of DKI can be estimated using different
approaches. EQ. 2.4.9 can also be converted to a linear framework where ordinary or
weighted linear less squares can be applied. On the hand, one can fit the DKirunkno
parameters directly to Eq. 2.4.9 using iterative-hio@ar methods. Constrains can be
also introduced to the linear and Aamear frameworks to ensure that diffusion and
kurtosis tensors are defined as plausible values. The formulations of sucachggrare
discussed below.

Linear least squares

After linearization by applying log transformations, Eq. 2.4.9 can be rewritten using
matrixes:

4 =4 (Eq. 2.4.11)
whered (similar to Eq. 2.3.14) is a column vector containingth# logtransformed

values of measured diffusiomeighed intensities for all diffusion gradient directions and

b-values, while= consiston the parameters depending on the acquisition sequence

parameters,
=
~ Q¢ E O & ¢ E - o & E — O ¢ & ¢ Oy
8 é é 8 8 8 8
[ 3 5 3 5 = 5
u W € E W €& & E - w € E —w € € € &

(Eq. 2.4.12)

and=< contains all DKI 22 unknown parameters
J—-H O O © 0O O O w 8 w 8w 8w 11y

(Eq. 2.4.13)
wherew is given by
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@ 00 o . (Eq. 2.4.13

Assumingthat the elements of the vectbhave errors with independent and identically

distributed variancethe linear least square soluticen be obtained from Eq. 2.4.11 as:
g == =4 =14 (Eq. 24.15)

whereZ is the estimation of vecte , and= the pseudoinverse of mateix .

Weighted Linear leastsquares

For a more general linear solution, Eq 2.4.11 can be solved as

L - e~ - pl (Eq. 24.16)

Similarly to the DTI weighted linear least squares version mentioned in section
2.3.1, the covaance matrix allows the introduction of weights to correct the nhon
uniform variance nature of the ldgansformed versions of diffusiemeighted measures.
For example assuming a uniform variance on thelagarithm transformed signals,

can be compted as a diagonal matrix where diagonal elements are given by Eq. 2.3.16.

Non-linear least squares

In analogy to the formulation described on Eq. 2.3.16, Eqg. 2.4.11 can be solved directly
by fitting values on the unknown parameters using iterativeriigts as applying
LevenbergMarquardt nonlinear fitting, as proposed on first studies on diffusion kurtosis
imaging (Jensen et al., 2005; Lu et al., 2006)s starting point one can udeetlinear

least squares solutions mentioned above.

Constrained linear least squares
An example of constrained linear least squares was suggested by Tabesh et al. (2011)

which not only ensures that all directional diffusivities are positive but alslireditional
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kurtosis is in an acceptable range. This constrains can be described with the following

equations:

o= T, (Eq. 2.4.17)
0 = T, (Eq. 2.4.18)
o = —8 (Eq. 2.4.19)

As mentioned on previous sections, diffusion should to be positively defined for all
spatial direction to be physically plausible (constrains descrip&thb2.4.17). Although
mathematicallyfeasible minimumkurtods of a probability distribution is2, multr
compartment diffusion models and empirical evidence suggest that biological values of
kurtosis are always positive, and therefore the minimum tdred Kkurtosis is
constrained to zero by Eq. 2.4.(Babesh et al., 2011) Moreover, to ensure that all
directions he diffusionweighted signal is always a strictly decrease functionedlbe,

the maximum kurtosis should satisfy Eq. 2.4.19.

Defining Eq. 2.4.17, 2.4.18, and 2.4.19, the constrained can be imposed when
solving the linear least squares problem usiogvex quadratic algorithms, where the
DKI unknown parameters are fitted until the ridffidle of Eq. 2.4.11 closely matches the
left-hand side and simultaneously satisfying Eq. 2.4.17, Eq. 2.4.18 and 2.4.19. This
problem can be formulated as:

0 Q: et &
i d@wPo= W (Eq. 2.4.20)

where® is aol column vector of zeros and{ ¢ ¢matrix frepresents the linear

constrains which is given by:
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(Eq. 2.4.21)

To constrain the lower boundary of plausible values of kurtosis as arg

than zerpthe lastN elements of vectad have to be defined as

= E Lyogpe? (Eq. 2.4.22)

whereQis the diffusion tensor which have to be approximated a priori. Fopttiois

approximation théinear least squares solution canused(Tabesh et al., 2011)

2.4.2 DKI invarant Mesuares
For DKI invariant parameters can be defined from both tenddfgsion and kurtosis
tensors The same invariant metrics described in section 2.3.2beaextracted for the
diffusion tensor. In this secticiour more invariant parameters relative to the kurtosis
tensor is described below) the mean kurtosisMK); 2) the axial kurtosis k), 3) the
radial kurtosisKy), and 4)the kurtosis fractionanisotropy FAy) (Wu & Cheung, 2010)
It is notable that these latter invariantargmeters are very important to
extract information from the kurtosis tensor, since the interpretation of individual
elements of the kurtos@reyet to be explore@Hui, Cheung, Qi, & Wu, 2008)

Analogous to MD, MK gives a measure of the overall kurtosis which can be

estimated as the average of directional kurtosis:
bv -B 0 (Eq. 2.4.3)
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Thus, from the @mentsd , MK can be estimated by first calculating all
directional kurtosis 0 using Eq. 2.4.7 and Eq. 2.4.8, and then using ER2.4

Similar to the djiandeycdne aam eoinputd thé Values iofv i t y o
kurtosis #ong the directions perpendicular and parallel to the first principal axis of the
diffusion ellipsoid, which is of interest for white matter regions since it gives additional
information of the axonal and myelin integriffelpern et al., 2011)The first step on
estimatiry the directional kurtosis,kand k; is finding the values of kurtosis along each
direction of diffusion ellipsoid principal axts, £ , andt . This is achieved byotatingthe
kurtosis tensoK from the standard Cartesian coordinate system to the coordinate system

formed ly the three orthogonal eigenvectordDofHui et al., 2008)

@ QGO Y wyyyy

—
—
—
—

(Eq. 2.424)

whereQ are the elements of the 3D rotation matrix defined by the diffusion eigenvectors
£ &£ ,andk :

. - - - (Eq. 2.425)

and w , the elements of the rotated kurtosis tensdaving thevalues ofw , the

values of kurtosis over the diffusi ellipsoid three principal axes=(, 2 and 3) can be

computed with the following equation

I —sah (Eq. 2.426)

and finally, axial kurtosis (R can be estimated by the values of kurtosis alongttste f

principal diffusion ellipsoid axis:

- (Eq. 2.427)
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while radial kurtosis (k) can becomputeddy the average between the values of the two

axis related to the smaller diffusion values

[ — (Eq. 2.428)

In analogy with diffusiorFA, theanisotropy of directional kurtosean be conveniently

defined as:

"00 00 90 9 (Eq. 2.429)

where

ao -B I . (Eq. 2.430)

FA« is close to one if one value bf is much larger than the other two, and close to zero

if all values ofll are similar to each other.

2.4.3. Effects of noise on DKI

Since DKI follows a different fting modelrelative toDTI, the Rcian noise on the DWIs

will have different consequences than the ones described on A8.®KI metrics of
nontGaussianity are not based on a biological model, its interpretation must be explored
to interpret the biolagal meaning of the resul{&ieremans et al., 2011)In the same

way, subtle effects of noise, motion and at¢$ are yet be explored to distinguish the
differences induced by biological changes from the differences induced by artefacts.
Though, it is already well known that noise can result on large amount of negative values
of kurtosis as well as implausiblarge valuegTabesh et al., 2011)In addition, despite
being more sensitive to errors due to the largember ofunknown parametergo be
estimated(Kay, 1993) previous studies shown that DKI provide more robust and
unbiased datavhen compared to DTMeraart et al., 201d). For instance, in opposite to

DTI that shown to be dependent on the selectedlle due to Bctified noise (see
section 2.3.3 for more details), the more general model proposed on DKI shown to

provide diffusion measures less sensitive to differevalbes(Veraart et al., 2011)Such
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is demonstrated on Figure 2.12, where diffusimghedintensities are simulated from
values of diffusion (0.74xItmn?.s%) and kurtosis coefficient (0.86) for isotropic media
(grey matter). After corrupting the diffusiameighted intensities by adding Rician noise
(SNR=50), the values of diffusion coefficient wereesgimated using ordinary linear

least solutions for DTI and DKI (panel A and B) based on threalies (0, b2 and b1l).

With the increase of-alue, diffusion from DTI seems to be erratic overestimated, while
DKI show unbiased values i.e. the mean of the estimates matches the expected value
(0.74x10°*mn?.s) marked withthe back line. This pattern is simil&o empirical

observations in previous studi@geraart et al., 2014).

, HoM, , HoM,
5 0¥ A 5 0% B
x10* x 10"
10 -_— 10 N —
DT I DKI

3 1 1 1 1 1 1 L 1 3 L 1 1 1 1 1 1 1
0 500 1000 1500 2000 2500 3000 3500 4000 4500 0 500 1000 71500 2000 2500 3000 3500 4000 4500
oM om

Figure 2.12 7 Comparison of noise affects between DTI (panel A) and DKI (panel B). Each plots

correspond to the mean of 10000 diffusion values which were extracted from linear least square

versions of DTl and DKI on simulated diffusion-weighted signal from three b-values (0, b1, and

b1/2) and corrupted with Rician noise (SNR=50). Simulates were based on known values of

diffusion (0.74x10°mm?.s™) and kurtosis (0.86) from an isotropic media which corresponds to

gray matter values adapted from (Jensen et al., 2005). The expected value of diffusion is

marked in both plot by the vback line. Despite DKI being more sensitive to noise (larger error

bars), it doesn6t produce bi as-eallieadthe data exracteddby ues deper
DTI.

In section 2.3.3 deviation of the linear relationship betweentriogsformed
diffusion-weighted sigal and bvalues was mentioned being an effect of rectified noise.
Although DKI assumed that microstructural barriers are responsible feGaossian
behaviour which reflects nonlinearities, it is not denied that rectified noise can influence
in increaseon the degrees of neBaussianity. Therefore, as mentioned on previous

studies, it is possible that kurtosis can be positive [Jiases & Basser, 2004 However
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such overestimation of kurtosis with the influence of Rician noise never was
experimentally demonstrated. This will be novelty addressed in chapter 3 (Effects of
rectified noise in kurtosis). In additiom chapter 5 the consequence of the eigenvalues
repulsion on DKI will experimental shown for the analysis of the CamCAN data.
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Chapter3

Extraction of the Tensor and Tensiarived

Measures in DKI

3.1. Introduction

As mentiored in the previous chager, after acquisition of diffusieweighted images,

DTI and DKI can be applied by using different fitting approaches. The accuracy of the
diffusion and kurtosis metrics will depend on the robustness of the fitting approach
selected. Some are more sensi to the noise effect than otheasd by increasing its
complexity one can even developed procedures to avoid implausible est{iKa#gs
Carew, Alexander, Basser, & Meyerand, 2006; Tabesh, Jensen, Ardekani, & Helpern,
2011)

For instance, in the context of DTI, ntinear approaches seems to provide
diffusion estimates less biased from the rectifieds@oeffecs than the ordinary and
weighted linear solutionglones & Basser, 20Q4)Latterin 2006, constrains were added
to DTI linear and nodinear frameworks using Cholesky decompositigioay et al.,
2006) where the constrained nelinear approach showed a bettperformance in
estimating the diffusion tensor without generating negative implausible values of
diffusion or implausible values of FA (values larger than one€jhe Cholesky
decomposition of the diffusion tensor can be appte®KI techniques to ensarthat
estimates of diffusion are positively defthéVerrart, Van Hecke, & Sijbers, 2011b);
however thigloesnot guarantee that kurtosis estimates failllin a plausible range.

For the first studies on DKI, nelinear methods were used to extrde diffusion

and kurtosis tenser(Jensen, Helpern, Ramani, Lu, & Kaczynski, 2005; Lu, Jensen,
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Ramani, & Helpern, 2006) Although such approaches can be more robust in dealing
with noise since they can account for the noise Rician nature dir€¢tyaart et al.,
2011b), they do not ensure that diffusion and kurtosis values are in an acceptable range.
In particular, following these approachean result in negative diffusion estimates,
implausible negativef kurtosis or kurtosisvalues that are implausible higlfTabesh et

al., 2011; Veraart et al. 2011b)o deal with this problem, a constrained algorithm on a
linear framework was proposéy Tabesh et al. (2011) which resultsdisa wth lower
errors andsimilar to data extracted fra unconstrained linear methodssing larger
amouns of DWIs, i.e. the larger accuracy of this methsgotential to allowthe use of
less data to produce similar resuitspreviousy proposed unconstrained methods, and
consequently allowthe reduction bscanning time.

In this chapter, different fitting procedures to estimate the quantitative parameters
for DKI will be studied using simulated data corrupted by Rician noise. These
procedures will include the ordinary (OLS) and weighted linear least exj#vLS)
solutions, a notinear least squares algorithm (NLS) using tlevenbergMarquardt
fitting, a DKI adaption ofa nontlinear algorithm were diffusion tensor is rewritten by its
Cholesky decomposition (chNLS) to ensure positive diffusion estimates] the
constrained linear method (CLS) proposed by Tabesh et al. (28hladditional linear
least squares method is studied for direct extraction of MD and MK, which was named as
the direct linear least squares fit (DLI)espite not allowing estimatef other invariant
pamameters, this simple method can potentiallgrcomesome noise artefacts on MD and
MK values, since they are extracted from DWIs @ingle step.

In this chapter, novel results on the development of DKI estimation framework to
increase the robustness the presence ofioise are presented. First of all, previous
studies never compared such diversity of fitting methods for DKI. Moreover, some noise
influences for these fitting methods will be clarified. At the end of the chaptdt be
decided which DKI processy algorithm should be used on the DKI procedures for the
CamCAN project
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3.2. Methods

3.2.1. $ngle voxel simulates

In this chapter thaccuracy of thelifferent fiting methods are tested firstiy imulated

daa based on values for a single voxel of white matter. The typical values of the
diffusion and kurtosis tensofsr this white mattervoxel are adapted fronfQi, Wang, &

Wu, 2008)which are adjusted to ensure that all the giveadtional values ofliffusion

and kurtosisare positive defined with the absence of noiSmulations of diffusion
weighted signal are thefore obtained using the DKI model (Eq. 2.4.9) by defining the
following elements:"Y v 1,10 ™MXYXyPYepmn, O m™toueTmn, O

M ngyp m, O mMinpen, O mMmtp gy, O Mmoo ,

W ™ @ QPw ™ ¢ T YW CH TT Www m™l42,w  =-
1.1521w & W T 6 ™ T T () ™ CGT
W 0.777,w 0.2865, W 0.4700, W ™ mTeL W

T8 T T ™® ¢ Y andw @ p U Yhe gradient directions andvalues

used on these simulations are basedln@amCANOGSs acqui sition scl
gradient directions forbalues 1000 and 2000 s.rifrand 3 images acquired with a b
value 0 s.mnf. At last, each simulated diffusiomeighted signal is corrupted with

different levels of Rician noise using Eq321.

3.2.2.All Brain simulation

As mentioned in sections 2.3.3 and 2.4.3, the noise artefacts can be dependent on the
noise free values of diffusion and kurtosis tensors. Therefore, for an analysis that is more
comparable to real brain data, it is resagy to test the methods on a range of values
similar to the range found in real data. To achieve this goal, plausible ranges of diffusion
and kurtosis tensors of an entire human brain are simulated, using the procedure
represented by the diagram on FgB.1. Data for a single Ca@AN subject was
selected (panel A of Figure 3.1) and to largely decrease the noise effects, motion and
distortion artefacts, DWIs are smoothed using the SPM8 funspan smoottijpanel C

of Figure 3.1). The fullvidth-at-hdf-maximum (FWHM) of the Gaussian kernel used on

thespm_smootfunction was set to 5 mm, which corresponds to a value two times higher

! CamCAN data isacquired on 8T Siemens Triavith a twicerefocuseespinecho, 30 diffusion gradient
directions for each-walues 1000 and 2000s.rifrand three images acquired usingaiue 0, TR=9100ms,
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than the used in the most recent DKI studieg. Falangola et al2008; Jensen et al.,
2011) This excess of smoothing is applied to ensure that implausible values are
significantly reduced and, despite corrupting the resolution of data, this should provide a
range of brain values of diffusion and kurtosis that &hbe similar to an ideal noise free
data set.

A)Volumes of DWIs from a selected Cam-CAN subject
v=2 v=3 v=03

B) Brain mask || C) — Volumes of DWIs smoothed (FWHM=5 mm)

D) Estimation of l OLS

Tensors and
‘noise free’
invariant
metrics

Volume of
Diffusion
and Kurtosis
Tensors

E) Simulation of
DWIs from the
diffusion and
kurtosis tensor

v
F) Corruption of
DWIs with
Racian noise

v=63

v
v=3

Figure 3.1 7 Procedure used to simulate entire brain volumes of DWIs.
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After smoothing the DWIs, the range of diffusion and kurtosis tensor values are extracted
only from the brain voxels using the OLS imad, and the values of MK, MD, and FA are
extractedusing Eq. 2.3.19, Eq. 2.3.22, and Eq. 2.4.23 (panel D of Figure BhE) brain
voxels are selected based on a brain mask computed from the first volume of DWI (which
was acquired with value=0 s.mnf) using FSL brain extraction toqSmith, 2002)

panel B of Figure 3.1. Despite being a simplistic approach, OLS should be enough to
provide accurate results due to the high reduction of artefact and noise effects. For
instance, Figure 3.2 shows the hiswgs of MK, MD, and FA extracted from the
diffusion and kurtosis tensors estimated from the 5 mm smoothing diffugmied data

using OLS. One can observe that with the exception of ten implausible values of MK
(which is negligible since it corresponds 5x10°% of the number of simulated voxels)

all remaining values ranged within plausible intervals.

X104 x10% x104
35 2.0 : K
3.0
1.6
25
A A A
@ [ @
x x 12 x
2.0
S S S
= = =
1.5 0.8
1.0
0.4
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-1 05 0 05 1 15 2 -1 0 1 2 3 4 5 6 o] 0.5 1 1.5
MK MD x103 FA

Figure 3.2 1 Histograms of noise free values of MK, MD and FA obtained from the estimates of

diffusion and kurtosis tensors distributed in a similar range of an entire brain data set.

Rician corrupted DWIs are then simulated from all the brain simulated diffusion and
kurtosis tensors using Eq. 2.4.9 (based on the -CanN 6 svaluds and gradient
directions panel E of Figure 3)land Eq. 2.3.23 (basash Rician noise with uniform
standard deviation of 5, which corresponds approximately to a signal to noise ratio of 100
for typical values of white matter on a DWI acquired usingvalbe of 0 s.mr, panelF

of Figure 3.).

3.2.3.Tensor fitting methods

For the simulated DWIs for both single white matter voxels and all brain ranged voxels,
the values of diffusion and kurtosis tersaere reestimated using the OLS, WLS, NLS,
chNLS and CLS. With the exception of chNLShe details of the formulationf @ach
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method are described in chapter 2 section 2.Bdk.chNLS the elements of the diffusion
tensor were decomposed as discussed in section 2.3.1 and incorporated imanDKI
linear formulation. Instead of thevalue of zerosuggested by Tabesh et @011), the
lower boundary of directional kurtosis for CLS was set3{@ which correspondto the
theoretical kurtosis limit for regions that consist of water confined to spherical pores
(Barmpoutis & Zhuo, 2011) Although recent papers argue that only positive \salie
kurtosis are plausiblée.g. Tabesh et al., 2011)his lower directional kurtosis boundary
was selected to give more flexibilitp the CLS fit. After having the estimates of the
diffusion and kurtosis tens®forthe five tested methods, the values of MD, BAd MK

were computed using Eq. 2.3.17, Eq. 2.3&@ Eq. 2.4.23.

3.2.4. MK and MD direct fitting method
For the proposednethodDLS, the MD and MKare directly estimated by fitting the
diffusion weidhted signa for all directiors and bvalues of the selected acquisition

scheme irthe following equation

TIcT I a0 -wD 0D VU. (Eqg. 3.2.1)

As Eq. 3.2.1 is written in a linear framework, the unknown parameters MK aiWtiD

I T™Ccan be solved by linear least squares which solution can be vatten

£ = 4 (Eg. 3.2.2)

whered is a column vector containing all the kmgnsformed values of measured
diffusion-weighed intensitiess=  is the pseudo inverse matrix &f which consist on

the know acquisition sequence parameters:

00 -® Ul

= :: 8 8 e, (Eq. 3.2.3)
. - 1
u w - Py

and< an column vector with the estimates of the unknown parameters:

L 000 00O i, (Eq. 3.2.4)
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3.2.5.Evaluation of results and selection of the optimal fitting method

In this chapterthe accuracy of the fitting methodsdsterminedbased on the analysis of
three invariant parameters: MK, M2nd FA. For quantifyingthe differences between
the noise free paramete — and the reestimated ones— the root mean square error

(RMSBH is computed using the following equatiQirabestet al., 2011)

YO Yo Z— (Eq. 3.2.5)

where¢ is the number of estimated valu@ghich corresponds to 202315 voxels for the
real brainbased simulation and t@Q@00 voxelfor each level of Rician noise tested
the single vorl analysis.

Notably, RMSEprovides a metric of accuracgnly based on the global differences
between expected values and estimated, @restherefore catiepend on the erromean
andor standard deviatian For exampleRMSEcan have smaller valuesesvfor biased
data if theestimated standard deviation ifow; or larger values for unbiased data if
standard deviatioms high. Thereforefor a better description of thaccuracyof each
method, the mean erroMj anderror standard deviatior5Q) arealsocomputed. When
computingM, SD, andRMSE the vdues of MK are concatenated wighlower threshold
of -2 to avoid excessively larg@MSEvalues(Tabesh et al., 2011)

Since CamCAN will involve the processing of data for 700 subjects, the
computational processing time is a relevant issue on the selection of the optimal fitting
method Therefore the required timea process DWH volumesfor each method ialso

analysedn addition to the accuracy metrics.

3.3. Results

3.3.1 Single voxel simulation

For the single simulated voxel analysis, OLS, WLS, NBS8d chNL show similar
performances.For example, the histogms presenteth Figure 3.3 which correspond to
10000 samples corruptasiith Rician noisestandard deation of 5 (SNR=100), show

similar profiles across these fomethods for all invariant metrics.

51



OLS OoLS OoLS

8 (] 40
% MK [ % MD | % FA
7 g 35 1
50 1
53 30
s ] 40 1 25
30 k 20
15
20
10
10 5
4] n
3 -2 0 2 5] 1.5 0 0.5 1.0 1.5
%104
WLS WLS
(] 40
% MD | % FA
35
50 1
& 1 30
5 ] 40 1 25
4 1 30 1 20
3 1 15
20 1
2 1 10
1 10 l 5
4] 0 i . 4]
2 o] 2 4 5] -1.5 (4] 0.5 1.0 1.5
1 0 1 2 3 100
NLS “ NLS w NLS
8
% MK | % MD | % FA
7 1 3as 4
50 1
53 4 30
s | 40 1 25
4 1 30 1 20
3 1 15
20 1
2 1 10
1 10 5
° 0 2 v] 4 3 ° " 0.5 .0 5
- 2 -1.5 0 . 1. 1.
1 0 1 2 3 <10+
chNLS chNLS chNLS
60 40
% MD | % FA
35
50 1
30
40
25
30 1 20
15
20
10

-] .
x10*

Figure 3.3 - Histogram of 10000 samples of MK, MD, and FA values estimated from OLS, WLS,
NLS and chNLS. The values were extracted from simulated data corrupted by Rician noise with
standard deviation of 5 (SNR=100). Histogram are plotted in the interval [-a, 3a], where a is the
expected values of MK, MD, or FA which are marked with the back lines on each panel.
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The histogramen Figure 3.3re all plotted in the intervald, 3a], where a is the
expected values of MK, MPor FA marked wth the back lines on each panel. Thus,
from Figure 33 it can be obervedthat values of kurtosis are more sensitive to noise than
values of diffusion (in particularly MK is the invariant metric that presentifssgnt

amounts of implausiblealues).
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Figure 3.4 - Histogram of 10000 samples of MK, MD, and FA values estimated from OLS, CLS,
and DLS. The values were extracted from simulated data corrupted by Rician noise with standard
deviation of 5 (SNR=100). Histogram are plotted in the interval [-a, 3a], where a is the expected
values of MK, MD, or FA which are marked with the back lines on each panel.
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The histograms of CLS and DLS, which shodifferent profilesrelative to OIS,
are represented in Figure 3.Both CLS and DLS$nethods resulted amaller dispersion
of MK errors relative to the methedon Figure 3.4 While DLS still outcomes with
negative values of MK, CLS seem to be successful on avoiding thdéowever CLS
show to produce biased results of MK. Ndyal-A is not presented fdDLS oncethis
methoddoesnot provide estimates of metrics rather than &id MK.

Figure 3.5shows the values oRMSE M and SD for the MK values with
increasingRician noise leval The curves of WLS, NLS and chNL are noesented
since they overlawith the curve of the OLS. The valuesMfshow that OLS and DLS
seem taunderestimate the values of Mikhereas CLS seestio overestimate them. For
all the methodsSD increases with the increase of Rician noise level. CLS is the method
that shows the smallesSD, followed bythe DLS method and OLS. For the values
RMSE OLS shows larger values than DLS and CL&hile the values for CLS are the

smallest.
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Figure 3.5 - MK values of error mean M, error standard deviation SD, and root mean square
errors RMSE computed from 10000 samples for each level of Rician noise.

Figure 3.6 shows the behaviour of MD and FA with the increase of Rician noise
level. The scalg of the plots in Figure 3.6 can be companatth Figure 35 (for theall
mean erroplotsit is used an scale based on the differences0®t relative tothe noise
freeMK, MD, and FA, while for the erroof standard deviatio®D andRMSEthe scales
are based on differences of 100% an2Pd.respectively Therefore, once morg is
showthat MK values are more sensitive to the influence of Rician noise. For the value

of MD, DLS seems to produce a value that overlaps the values of{@ip@r panels of
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Figure 3.6) Comparative tohe other methods, CLS seem to produce values of MD that
are more biased (i.e nowll values ofM); howeverwith inferior valuesof SD and
comparable values ®RMSE The values oRMSEand errorSD for FA are slightly
smallerfor the values extracted by CLS (lower panels of Figure; BiéyveverCLS is

related to underestimated values of FA (negative values of FA errorijean
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Figure 3.6 1 MD and FA values of error mean M, error standard deviation SD, and root mean
square errors RMSE computed from 10000 samples for each level of Rician noise.

3.3.2.All brain simulation

Similarly to the single voxel analysis, OLS, WL&hd NLS showsimilar behavious on

all brain simulated data. herefore figures for WLS and NLS estimates are not shown
below?. Fgure 37 shows the scatter plots between the noise free and Rician corrupted
values of MK, MO and FA extracted usinQLS and chNLS. For both methods, MK
values seem to havargererror dispersion than MBalues which scatter plotgecloser

to the identity line. Notably, FA values showlsolarge dispersion on scatter plots, in

particularly noise free valgewith low anisotropy seem to bearbely influenced by

>However scatter plots between noise free and Rician corrupted values for WLS and NLS can be seen in
Appendix A
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overestimatioa Although MK metricsobtained fromchNLS arealso identical when
compared to the extracted values from QMD and FA from chNLS shows slight
differences For the OLS method lower anisotropyverestimation can eveeach values
larger thanthe plausible limit of one Although theseoverestimatios of anisotropy are

still present on the values extracted from chNLS, values of FA for this method do not
range out of the plausible value intervidbise corrupted MD estinbas for chNLS never

seem to reach values inferior to 0.4 fign
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Figure 3.71 All brain MK, MD, and FA scatter plots between noise free values and estimates
extracted from DWIs corrupted by Rician noise with standard deviation of 5 (SNR=100) using both
OLS and chNLS fitting approaches.

Figure 3.8shows that boththe CLS and DLS produceMK scatters plots with
lower dispersions than the methods shown in Figufe @/hile values of MK from DLS
are more uniformly distributed along the identity line, valoé MK from the CLS seem
to present regions of overestimation, in particédamigh noise free values of MK. DLS
produce similar MD profilesto the one presented on Figurg.3The scatter plots show
that CLS produced the MD values that are not omgatively biased but also have the

56



largest error dispersiomelative to theall six analwed methods. Despita worst
behaviourwhen estimating MD, CLS is the method that shows lower overestimation of

FA values.
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Figure 3.8 1 All brain MK, MD, and FA scatter plots between noise free estimates and values
extracted from DWIs corrupted by Rician noise with standard deviation of 5 (SNR=100) for both
CLS and DLS fitting approach. Notably that scatter plot of FA is not presented for the DLS fitting
method once this does not produce estimates of metrics rather than MK and MD.

Table 3.1 shows the mean eridr error standard deviatioBD and root mean
square erroRMSEof the values of MK, FAand MD extracted using the six fitting
method tested on this chaptdn addition, the time that each method required to process
all 202315 brairvoxels are in the last column.llAhe values oM, SD, andRMSEacross
the four methods OLS, WLS, NL.%nd chNLS are identical. Notablfor the CLS
method MK mean error shoed a negative value (which isontrary to the
overestimation®bserved previouslgn the simulations based on the single voxét).
addition C lai3dute values oD and RMSE for MK are lower than the ones
produced by albther tensor fit methodse. OLS, WLS, NLS, and chNLS On the other
hand values of MD are higher for CLS. Comparing the MD and MK valuigh the
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ones extracted from the tenditing methods, DLSproduced the absolute lowealues
of M, SD, andRMSE

Table 3.1 Values of mean error M, error standard deviation SD and RMSE of the invariant maps
MK, MD, and FA extracted from the six fitting methods (OLS, WLS, NLS, chNLS, CLS, and DLS).
This values correspond to the all brain simulated data corrupted by Rician noise with sd=5
(SNR=100). The computational time required for processing the 202315 all brain voxels are
presented on the last column of the table. Each value has an estimation error of 5 units in the last
decimal algorism presented on each cell of the table.

MK MD (x10*mm?.s?) FA Time
methods| M SD |RMSE/M SD RMSE |M SD |RMSH(s)
OLS -0.014] 0.071| 0.072| 0.002 | 0.388 | 0.388 | 0.029| 0.048|0.056(170
WLS -0.001| 0.069| 0.070|-0.078 | 0.438 | 0.438 | 0.028| 0.046|0.053|170
NLS -0.010| 0.069| 0.070|-0.020 | 0.386 | 0.386 | 0.028| 0.046|0.053|4970
chNLS |-0.010| 0.070| 0.070(-0.020 | 0.384 | 0.384 | 0.028| 0.046 | 0.054|5010
CLS -0.004| 0.058| 0.059|-0.624 | 2.144 | 2.234|0.024| 0.040|0.054| 1470
DLS -0.005| 0.048| 0.049| 0.001| 0.389 | 0.389 - - - |35

At last, Figure 3@ shows the stter plots between values of free noise MD and
values of MK reestimatedrom theDWIs corruptedwith the Rician noise level of SD=5
(green points on each panelftach plot corresponds todifferent fitting method OLS
(panel A) DLS (panel B),and CLS(panel C) Over each panel, scatter plots of the noise
free values oMK vs MD are plotted on black tprovide a reference to the noise effects
DLS is the method that shown a smaller deviation frobenrioise free profile (panel B).
While OLS shows to @duce underestimates of MK for lower values of MD (panel A),

CLS shown to generate Méverestimates for larger values of MD (panel C).

A OLS MK B DLS MK c T T Taaswmk
o Noise o Noise o Noise
Free MK 3 Free MK 3 Free MK |1

MK
M
MK
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Figure 3.9 i Scatter plots between values of free noise MDaldes of MK (back points
correspond to noise free luas of MK which are plotted ovetthe greenpoints
corresponding to the MK resuliiom data corrupted with Rician noise with SD=9he

three different panels are related to three different fitting methods: OLS (panel A), DLS
(panel B), and CLS (panel C)
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Relative to the processing times, the newly proposed DLS is the method less
computationally demanded, followed by the tensor linear least squares solutions OLS and
WLS. Adding constrains on the linear approach, CLS shown to be nine times more
computaibnal demand than the unconstrained linear frameworks. The most
computational demanding methods are the ones that followed thénaanframework
i.e. the NLS and chNLS methodghich required respectively 4978 and 5010s to

process all brain voxels.

3.4. Discussion

Similar performances between OLS, WLSand NLS

The ordinary linear least squares (OLS) solutielmoneously assumes that leg
transformed samples have a uniform variance . However, as previously mentioned
on section 2.3.1a more accurate approximation is to assume uniform varianceof
diffusion-weighted signals on the naransformed framework. Following this, the log

transformed variance is described by Eq. 2.3.14, which isweitten below:

" —. (Eq. 2.3.1)

Analysis Eq. 2.3.14, one can note that samples with smaller diffusayhted signals in

the logtransformed framework should have larger variapce . Ignoring this by

using the OLSolution, smaller log diffusiomveighted samples armecorrectlyassociated

to smaller variance values that it should be theoretically assumed. Consequently, samples
with larger signal attenuaticare strongly weighted when the OLS approach is used. As
demonstrated experimentally on section 2.3.3, larger signal attenuations are the samples
more influenced by the rectified noise. Therefore, OLS is logically more influenced by
artefacts than other fitting methods as the WLS and NLS. WLS uses Eq. 2.@digho

the logtransformed diffusion signals. However, it is expected that WLS is still more
sensitive to Rician noise than nbnear approaches as the NLS since it uses the
measured diffusiomveighted signal as the value ©fw on Eq. 2.3.14, which isorrupted

by Rician noise. This limitation is well avoided with NLS by handling the diffusion
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weighted samples directly on the amansformed space and thus without requiring any
approximation from weighing them.

Despite previous DTI studies had expegittally demonstrated that NLS provides
better estimates than the ones provided by WLS and(@dt&s & Basser, 2004; Jones &
Cercignani, 201Q)in this chaptethe results for the single voxels simulations and for the
all brain simulated data clearly shows that OLS, WLS, and NLS on DKI have similar
behaviours, e.g. Figure 3.3 and Table 3.1. These can be explained by the different
formulation followedby DTI and DKI. Once assumed that water displacements are well
described by Gaussian probability distributions, DTI is not formulated to handle any
degree of notlinearity, and nodinearity induced by rectified noise will be a significant
source of DTlartefacts. Therefore using methods than handle differently the Rician noise
variance will naturally show different performances. On the other hand, assuming the
existence of deviation of water Gaussian distribution, all degree oflimearity
introducedby the existence of microstructures barrier as well as the introduced by Rician
noise will be modelled in DKI by values of kurtosis. Consequently, the bias induced by
rectified noise is less significant on diffusion tensors extracted from DKI and theysev
differences shown on OLS, WLS, and NLS in DTI studies are neglected.

Effects of Choleskytensordecomposition on DKI

On the single voxel simulations, incorporating the diffusion tensor Cholesky
decomposition on DKI formulation did not shown eviddifterences on the estimates of
MK, MD, or FA metrics relative to the ones computed from NLS, WLS, or OLS methods
(Figure 3.3). However slight changes are observed on the all brain simulation on MD and
FA scatter plots (Figure 3.4). In particular, notsgrupted MD estimates never seem to
reach values inferior to 0.4 nfra® which is an effect of the corrections of implausible
negative values of diffusion by chNLS. More interesting is the reduction of
overestimations of FA. For the FA scatter plots@ifS, WLS, and NLS, values of
anisotropy are largely overestimated for lower free noise values of FA, and therefore,
lower values of anisotropy on real data can be mistakenly classified as a voxel from high
anisotropy tissue. This artefact can be assatibtethe repulsion effects reviewed on
section 2.3.3 as well as negative estimates of diffusion which on Eq. 2.3.20 it will not
only reflect on large values of FA but also values larger than the plausible maximum
limit of one (Koay et al., 2006) Consequently, avoiding implausible negative values of

diffusion by describing the diffusion tensor on its Cholesky framework&hiN able to

60



reduce overestimates of FA. Notably, the simulations based on the values of diffusion
and kurtosis for a single voxel is not significant to detect such differences since they are
based on relative high values of FA.

Despite the advantagesoprded by chNLS, values of FA are still corrupted by
overestimations due to repulsion effects, and constrains imposed on the diffusion tensor
do not seem to affect differently the estimates of MK (Figure 3.7). Moreover, chNLS is
the tested fitting methothat shown to require more computational processing time (see
Table 3.1). Therefore, chNLS is not considered a perfect alternative to the OLS, WLS,

and NLS on DKIb6s framewor k.

Noise effects on CLS
In 2011, Tabesh et al. showed that the CLS formulatiaméd as the CLL®P
algorithm on their paper) ensures that the diffusion and kurtosis estimates remain within a
physically plausible range and MK estimates provides inferior valuB84&Erelative to
the estimates from the OLS solution. Despite theserghgons having been supported
by the results presented in this chapter (Figure 3.5 and Table 3.1), some problems while
using CLS were also observed. In particular, this method produces MK values that are
positively biased for larger values of noise flegtosis and negatively biased MD for
larger values of noise free diffusions (Figure 3.8). Moreover, the underestimates of MD
seem also to be associated with larger error variance, while MK overestimates are also
related to large noise free values of Miafel C of Figure 3.9)Interestingly in opposite
to the values present on Figure 3.5, CLS mean édor the all brain simulation
presented a negative value (Table 3.1). This suggests that unlike large values of noise
free MD and MK, MK estimates fdower noise free values of MD and MK are in fact
underestimated. Such will have a larger impact on quality metrics computed for all brain
voxels once they corresponds to the type of voxels with larger population (see Figure
3.2).

The diversity of artiacts on CLS can be related to the imposed constrains on the
CLS formulation. Despite MK values for CLS do not show any negative implausible
value (Figure 3.4 and Figure 3.8), the underestimation suggested on Table 3.1 can be
related to imperfection on e¢hcorrection provided by the lower kurtosis constrain (Eq.
2.4.18) on two cases of <corrupted voxel o
inferior to its noise free version but did not range out of the plausible interval values of

kurtosis; and 2yalues that on the initial state of CLS algorithm show negative estimates
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and after convergence were wrongly corrected to an inferior value relative to its noise free
version. Al t hough | ess | ikely, thecasame eff
produce some of the MK overestimations observed for smaller values of noise free MD
presented on Figure 3.9. Regarding the limitations of the upper kurtosis constrain (Eq.
2.4.19); these can explain the artefacts for the higher free noise valuiésigibnl and
kurtosis. For data extracted for OLS (panels A of Figure 3.9), it can be observed that
larger values of kurtosis overestimates are associated to higher values of free noise MD
(>1.5x10°mn?.sY). Once OLS correspond to the initial state beeb CL S® conver ge
algorithm, the higher values of free noise MD values are the ones that will be constrained
by the upper kurtosis constrain. Observing panel C of Figure 3.9, one can see that
overestimations are not reduced after applying CLS, instbag are even more
overestimated. This suggests that the imposed upper kurtosis limit is unable to avoid
implausible values of kurtosis; alternatively it decreases diffusion values in order to
satisfy Eq. 2.4.19, and causing MD to be largely underestinigigare 3.8).

Due to the excess of artefacts, CLS should not be used orCB&manalysis
without further improvements on its formulation. For instance, CLS could show better
performances by testing different values on the variables of constrainsturia dutrade
off between CLS accuracy and the reduction of the artefact introduced by constrains

could be studied.

Effects of the Rician nature of noise on DKI

As shown in section 2.4.3, DKI is more sensitive to noise than DTI however it produces
more &curate diffusion parameters. In this chapter, the results also suggests than kurtosis
tensor is more sensitive to noise thandtiusion tensor. For example, despite diffusion

and kurtosis tensorbeing estimated on the sani@Kl model, result from Figire 3.5

shows thastandard devitoon of MK reach values which correspond to differences near

to 50% of the MK expected value, whitee standard eliation for MD reach only
amplitudes around 5% (Figure 3.6)

The larger noise sensitivity for MK parameteran be intuitively explained by its
geometrically meaning. Similar to diffusion which is related to the slope of log diffusion
weighted curve decay (see section 2.3.3), the kurtosis is related to its concavity.
Consequently, kurtosis is more sensitigeRician noise than diffusion as a concavity is
more easily corrupted by noise than the slops on general quadratic models. To illustrate

this, Figure 3.10 shows 10000 curves simulated for values of scalar kurtosis and diffusion
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from diffusionweighted smples corrupted with Rician noise. This simulations are
performed based on two values of free noise diffusion, 0:%xi@.s* (panel A and C)

and 1.5x10mn7.s® (panel B and D), while kurtosis was always set to a value of 1. All
curves associated to getives reestimations of kurtosis are plotted on red which shows
to correspond to negative concavities. Despite none of tbstireated curves seem to be
related to implausible values of diffusion (i.e. positive slops), Figure 3.10 presents
estimates ofimplausible kurtosis on the panels associated with the lower directional
diffusion value Interestingly, results from Figure 3.10 can also explain why MK is likely
underestimated for thétting methods OLS, WLS, NLS, chNLS, and CLS. As the

average ofhe negative bias directional kurtosis, MK computed by Eq. 2.4.23 will be

likely biased.
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Figure 3.10 i Re-estimation of diffusion-weighted signal decay in order to b-value. Panel A and C
shows curves for directional diffusions of 0.5x10°mm?®.s™ and 1.5x10°mm?.s™, while on panels B
and D shows respectively the histograms of the re-estimated values of kurtosis which noise free
values is 1. The curves are based on estimates of three DWIs sampled corrupted with Rician
noise (SNR=100) for three b-values samples: b-value 0, 1000, and 2000 s.mm™

Figure 3.10 also reveals that smaller values of diffusion are related to larger

concavity errors, which can explain the larger value dispersions shown in Figure 3.9 for
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lower values of free noise diffusion, aslivas the large standard deviations shown on
Figure 3.3 and Figure 3.4 relative to the single voxels simulations, noting that the free
noise MD valueof 0.1x10°mn?.s' is related to the lower MD values represent of the all
brain simulated voxels (FigureZ. Notably this show the importance of performing
more general DKI evaluation analysis as the one based on the simulation on an entire
brain. Despite obvious pitfalls on the all brain simulation performed in this chapter, as
not ensuring that its noideee conditions is completely free from implausible values of
diffusion and kurtosis over all voxels, the all brain simulations provide a way to evaluate
simultaneously the effects of noise on a significant range of diffusion and kurtosis values.
Regarding the effects of Rician noise, the only question which was not clearly
answered is if the rectified noise induces overestimation oflinearity asassumedy
Jones and Basser (2004) , and consequently resulting on overestimation of kurtosis (for
more dedils see section 2.4.3). If this was a significant effect on brain data,
overestimations of MK were visible on large free noise values of diffusion. However
such is not largely observed on Figure 3.9 for panel A and B, instead such MK range of

values sems to associated to values that data is less corrupted by bias (the

overestimations for the CLS on Nwoigenetieets C wer e

onCL® ) . Therefore, one can conclude farhat
the bvalues sed by CarCAN.

Better performance of DLS

Extracting MD and MK values directly from DWI images using a single step provides
estimates with larger accuracy. DLS is the approach that shows smaller impacts of bias
introduced by noise (Figures 3.4, 3.8, &h#), it shows smaller error variances when
compared to OLS, WLS, NLS and chNLS (Figure 3.4 and Table 3.1), and it was less
sensitive to the increase of Rician noise levels (first panel of Figure 3.5). Moreover this
algorithm is computationally very effent (Table 3.1).

The improved accuracy of DLS can be related to several reasons. First DLS fit is
less sensitive to noise since it involves an inferior number of unknown parameters to be
estimated(Kay, 1993) Secondly, for not being associates to tensor estimates, fitting
directly MK and MD will not have any influence of artefacts as the eigenvalues repulsion
effects mentioned by Pierpgaand Basser (1996)More importantly, as they not involve
any average of directional metrics that can be highly corrupted by Rician noise bias, the

MK and MD estimates will be more robust against under or overestimation effects.
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Although related to be&tr performances, DLS cannot extract other invariant
metrics rather than MD and MK. Once for G&AN metrics as FA.directional
di f f u gandey, dng directional kurtosisy anday can provide important features to
detect ageing changes on anisotropy or axonal and myelin integrity, DLS cannot be seen
as a perfect alternative to tensor fit methods for not proth#e same amount of
information. Therefore, on later chapter OLS will be used to extract all promising
invariant maps (as the alternatives of tensor fitting method did not show satisfactory
advantages), while DLS will besed as a more accurate method d@bdate the finding
given by MK and MD metrics. It is also important to note that OLS will not be used to
study ageing changes without the evaluation of the propgurpoessing steps to reduce

the impacts of noise (that will be performed on the nexptena

3.5. ChapterSummary

In this chapter, novel findings on the behaviour of DKI by using different fitting methods
are reported. First of all, it was demonstrated that WLS and NLS produce similar
corrections than the OLS solution on DKI, which ipposite to results previously
reported on DTI studies(e.g. Jones & Basser, 2004; Jones & Cercignani, 2010)
Secondly, it was shown that constrains on the diffusion tensor using Cholesky
decomposition did not have any impact on the estimates of MK. Despite being one of the
approachesnore followed in recent pape(s.g. Fieremans, Jensen, & Helpern, 2011,
Gao et al., 2012)the CLS method based on the approach sugdidst Tabesh et al.
(2011) introduces artefacts on the estimates of the diffusion and kurtosis tensors, for
example large values of kurtosis seems to be overestimated while correspondent diffusion
values are largely underestimated. The simple proposdtbth&LS to extract directly

MK and MD in a single step shown to provide estimates less biased and less sensitive to
the increase of noise levels. Relative to the other fitting methods analysed, OLS shows be
most adequate to extract the diffusion and laisteensor for the Cai@AN project. DLS

will be used as a more accurate method to support the finding given by MK and MD
metrics. However due to the high kurtosis sensitivity to Rician noise on DWIs, OLS will
not be used to study ageing changes withoeiforoper prgrocessing steps to reduce the

impacts of noise.
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In addition, new DKI artefacts were reported on this sections which include the
larger kurtosis sensitivity to noise relative to diffusion metrics and the high degree of
underestimation of kiosis for low values of diffusion. It was also shown that Rician
noise does not introduce significant overestimation on kurtosis for-tlaédubs used by

CamCAN i.e. bvalues inferior or equal to 2000 s./m
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Chapter 4
Opti mi zatireepmeoxcsSi DY P
4.1. Introduction

As shown in the last chapter, the accuracy of DKI is highly influenced by the Rician MRI
noise, making it inappropriate to use methods for extracting the diffusion and kurtosis
tensors without first applying algorithms to inceast he DWI 6s si gnal
(SNR) and algorithms to remove artefacts as the ones produced by subject motion or eddy
currents.

SNR can be improved by averaging neighbouring voxels using image
regularization. For instance, smoothing DWIs with a 3&ussian kernel is considered
an essential prprocessing stepJones & Cercignani, 2010)In addition to increasing
SNR, a Gaussian kernel filter is also shown to reduce the impacts of motion and distortion
artefactgJones & Cercignani, 2010)Another simple way to improve SNR is to decrease
the image resolution. B CamCAN datasets have a voxel size of 2x2x2inmut
resolution can be decreased using downsampling algorithms. Previous studies have
suggested more complex algorithms for noise removal, including approaches that directly
account for the diffusion Ricmnoise bias, such as techniques based on a Bayesian
framework(Basu, Fletcher, & Whitaker, 2006) on nonrlocal means algorithm@Viest
Daesslé, Prima, Coupé, Morrissey, & Barillot, 2008)Jthough the latter approaches had
shown potential in providing more accurate correction of data corrupted by Rician noise
than simpler regularization techniques, the Rician nature of the disis#ution can be
compromised by the influence of motion or eddy currents artefacts.

While eddy current distortion can be significantly cancelled by using specific

diffusion MRI sequences, such as the Twice Refocused Spin Echo (TRSE) mentioned in
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section 2.2.3, head motion artefacts are experimentally inevitable. The most common
algorithms for head motion and eddy current correction are based on image registration
methods(Rohde, Barnett, Basser, Marenco, & Pierpa004)where a reference image
is used for correcting all DWIs. For example, a frequently adopted approach is to register
all DWIs relative to the intensity of a DWI acquired wittlvélue of 0 s.mmi using affine
transformations with twelve degrees fofedom (to correct simultaneously motion and
residual eddy correct artefacts) or rigid body transformation with six degrees of freedom
(to correct only motion artefacts). Despite these algorithms still being conimmon
diffusion MRI studies(e.g.Gao et al., 2012)studies indicate that such approaches are
inaccurate(e.g. Bastin, 1999)The contrast of each DWI image issalue and direction
dependent antherefore correction algorithms based on image intensity are not able to
distinguish the inherent image differences from artefact distortions.

The aim of this chapter is to investigate adequatepreessing steps to reduce
the impact of noise, motionnd image artefacts on the Ca&bAN diffusionweighted
data. Firstly the frequently used registration based method for artefact removal is tested.
Since the CanRCANOs DWI s were acquired using a TRSE
are reduced, and thus thegrstration method is based on a six degree of freedom rigid
transformation for only correcting motion artefacts. Secondly, the effects of applying a
3D Gaussian kernel filter are studied. The extent of noise removal as well as the expected
ageing effed will depend on the filter size which is characterized by thewfgth-at-
half-maximun (FWHM) of the Gaussian kerr(@bnes & Cercignani, 2010)Therefore,
the optimal value of FWHM is defined as the one which is more sensitive to the age
differences and provides a better tradiebetween image resolution and quality. The
Gaussian kernel filter for noise removal is selected on this study instead of more robust
approaches as the ones proposed by Basu et al. (2006) orD&e=stié et al. (2008)
since the assumption of Rician noise manbe ensured due to the corruption effects of
motion artefacts. In order to study possible advantages on DWIs with larger voxel sizes,
the effects of the Gaussian kernel filter with different values of FWHM are also tested on
data acquired and downsamglto a voxel resolution of 2.7x2.7x2.7rhmFinally the
most promising pr@rocessing steps will be combined with the direct linear least squares
fitting method described in the previous. Based on the results of this chapter, the most
adequate DKI procedte to detect age differences will be selected and applied to the
CamCAN datasets acquired so far. The preliminary ageing results are reported in
Chapter 5.
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4.2. Methods

4.2.1. Intensity registration-based algorithms to correct head motion

For head motin correction, DWIs for each Ca@®AN subject are registered to the first
brain volume of DWIs acquired, which corresponds tevalbe of 0 s.mm. This was
done using the SPM8 (Statistical Parametric Mapping, University College London, UK)
functionspm_ealign In order to analyse the influences of the contrast differences that
are only dependent on thevhlue, the registration algorithm is applied to the brain DWIs
simulated on chapter 3 without being corrupted with Rician noise. Then the algorithm is
tested on real data from 28 C&wAN subjects that visually did not show large amount of
motion during image acquisition. As mentioned in the previous chaptersCBahdata

for each subject was based on 63 volumes of DWIs which correspon8@dgradiei
directions for bvalues 1000 and 2000 s.rfnand 3 images acquired with avhlue O

s.mm?. Each acquired image has a voxel size of 2x2x2.mm

4.2.2. Comparison of different FWHMs for smoothing CamCAN data
After analysing if the registration algorithfor head motion correction is adequate on
diffusion weighted data, DWIs for 28 Ca@AN subjects are segmented into brain and
nontbrain voxels using FSL brain extraction t¢S8mith, 2002) Then a Gaussian filter is
applied on the brain extracted data gsthe SPM functiorspm_smooth To find the
optimal value of kernel size, data is filtered using eight different values of FWHM (values
equally spaced between 0.5 mm and 4 mm). From thesmmothed and smoothed
versions of the data, the kurtosis tendorseach voxel image is estimated using ordinary
linear least squares (see section 2.4.1) and the MK values are computed using Eq. 2.4.23.
In this chapter we will focus only on the MK values since they have been shown to be the
more sensitive to noise effts than diffusion parameters (chapter 3). The quality of the
extracted MK images for all different FWHM values are quantified by the percentage of
negative values of kurtosis, signal to standard deviation ratio, and contrast to standard
deviation ratigKingsley & Monahan, 2005)

Contrast to standard deviation ratio (CSR) is similar to the well know cotdrast

noi se ratio (CNR) which quanti fi eéssue,he dat
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and thus larger values of CNR will correspond to a better quality. CNR is used to
distinguish populations that have uniform characteristics. However, when analysing
tissues on real data using regions of interest, the ability to distinguislype® of tissue
will depend on biological heterogeneity. For this reason, the concept of CSR ratio noise
is formulated to deal with experimental dgtangsley & Monahan, 2005)and for values

of MK it can be computed using the following expression:

o
Q~
o
Q

8 Y'Y 0 O ¢ (Eq. 4.1)

where® 0O, @ V0,0 GD U ,andy GD U are the means and variances of MK of
the two regions of interest (ROI) corresponding to two diffiertissues. Similarly the
concept of signal to standard deviation ration (SSR) replaces the (SNR) and is computed

for a tissue typeas:

O
Q\

Y'Y 0 (Eg. 4.2)

In this study, the two types of tissues anatiysre white and grey matter. In order
to define these two tissue types brain mask
structural images with voxel resolution of 1 mm using the SPM funcspns preproc
and spm_pre2n (CamCAN structural images werecquired using magnetization
prepared rapid acquisition with gradient eechdPRAGE), panel A of Figure 4.1. The
images are then registered to DWI space using the funapmnscoregandspm_reslice
(the reference image for the DWI space is selectedeaméan of the volumes acquired
with b=0s.mnf), panel B of Figure 4.1. Notably, ttepm_coregfunction is based on
morphological similarity rather than maximization of the correlation between image
intensities, therefore the intrinsic contrasts differenbetween b=0 s.mmMDWIs and
structural MPRAGE have a reduced effect on corrupting the performance of this

registration technique.
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Panel A — Segmentation of MPRAGE on its original resolution

spm_preproc

spm_pre2n
; —_—
MPRAGE (resolution =1mm) GM and WM maps (resolution=1mm)
Panel B - spm_coreg Reference
Co-registration | SPm_reslice
images
. v

Mean of DWI
with b=0s.mm™=

MPRAGE, GM and WM in DWI space (resolution = 2mm)

Figure 4.1 7 Example of the two steps to compute grey and white matter maps for one Cam-CAN
subject: first the grey and white matter maps are obtained by segmentation of MPRAGE images
with resolution of 1mm (panel A); secondly images are moved to DWI space by co-registration
using as reference volume the mean of DWIs acquired with b-value of 0 s.mm (panel B).

To decease the biological heterogeneity within tissue types, white and grey matter
voxels will only be analysed on the neocortex by defining an ROI in stereotactic

coordinate spacéevans et al., 1992)sing thetemplate fromthe Monteal Neurological

Institute (MNI), Figure 4.2 panel A. This ROI is registeted e a c h

subjfect 6s

DWI space using a transformation matrix computed by FSLklinear registratiorfnirt,

and then, combined with the white and grey matter maps. Since the FSL registration
technique is based on image intensity, the transformatetnx to convert the neocortex

ROI to the DWI space should be computed between images with the same type of
contracts for a better performance. Therefore instead of using the MNI template and a
volume of DWI, the transformation matrix is computed basedegistration between the
MNI and the MPRAGE previously converted
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Panel A Panel B

Panel C

Reference

MPRAGE in DWI
space \

Figure 4.2 7 Sagittal view of the neocortex ROI defined in a MNI stereotactic coordinate space
(panel A). To analyse age differences, neocortex ROI is subdivided on 7 sub-regions (panel B).
The neocotex ROI are converted to each individual subject DWI space using the transformation
matrix resulted on the registration of the MNI template to the MRAGE subject images previously
convertedtothe DWI 6 s space (panel C) .

As shown in previous studies, the sensitivity of diffusion MRI images depends on
the filter size(Jones & Cercignani, 2010jhus, in addition to the metrics of image
guality, the optimal Gaussian Kernel FWHM is selected according to its sensitivity to
detecting agehanges. For this purpose, the 28 CamCAN subjects are divided in two age
groups, i.e. 14 young adults and 14 midaliged adults, with age distributions as shown in
Figure 4.3. The mean MK intgroup differences are quantified byvplues computed
usinga 2sample ttest on both white and grey matter maps. As suggested by previous
DTI studies(Sullivan & Pfefferbaum2006) brain ageing seems to occur spatially on
different ranges, thus the neocortex ROI is divided in severeglibns which are
separately analysed for ages differences. Theregibns are enumerated in anterior

posterior order (Figure 4.2, panel B).
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Figure 4.3 - Age distributions of the two age groups: young adults (mean 26.2, sd 3.9) on panel A,
and middle-age adults (mean 53.4, sd 2.0) on panel B.

4.2.3. Reproducibility of DKI and effects of image resolution

Since MK is a new diffusion metrigts reproducibility should be verified. Therefore
seven scan repetitions of the diffusion acquisition scheme selected WC&Enare
performed on a single male subject of 25 years old. The reproducibility is analysed by
computing the withirsubject co#ficient, which is the standard deviation expressed as the
percentage of the medhRalangola et al., 2008)To account for the effects of the size of

the Gaussian kernel used to reduce the impact of image artefacts and noise, the different
val ues of FWHM tested on the | ast section
diffusion weighted dataset. Then the metrics of image quality (percentage of negative
voxel of MK, CSR between white and grey matter, and white and grey matter SSR) are
computed and analysed. Since for this subject no MPRAGE was recorded, white and
grey matter maps are extracted directly from the mean of the DWIs acquired with a b
value of 0 s.mm.

To study the potential benefit of data acquired with a larger voxel resgliur
independent datasets with voxel size of 2.7 mm were also acquired on the same subject
using the CanrCANs bvalues and {vectors. The reproducibility and image quality of
this dataset are analysed using the same procedures and metrics mentioagulavious
paragraph.

With the objective to reduce the acquisition time, all the independent datasets are
acquired using a partial brain field of view (FOV). Consequently the neocortex ROI
presented on Figure 4.1 could not be used. Therefore mmadfbrain ROI is selected
directly on the DWIO&s space, as shown in
similar to the ones used in previous DKI ageing stu@éeg. Falangola et al., 2008;

Helpern et al., 2011)and similar to the one used in Chapter 5.
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Dataset 1

Figure 4.4 7 Sagittal (S) and axial (A) views of the prefrontal ROl used to analyse eleven
independent datasets acquired on the same male subject of 25 years old. Seven datasets are
acquired with a resolution of 2mm (dataset 1), while the other four with a resolution of 2.7mm
(dataset 2). Region of interest are defined directly on 5 b-value=0 s.mm™ axial slices by the
regions extended from the most anterior point containing brain tissue to the dorsal border of the
genu of the corpus callosum.

4.2.4. The effects of downsampling

The image quality as a function of the Gaussian kernel FWHMIsis studied on

downsampled data. This analysis will be performed on the 2B@CAMN subj ect s 6 dae
after it has been downsampled to a resolution of 2.7x2.7x2 %usimg a cubic spline in

Matlab. A prefrontal ROI is used so that the analysis describ#sisection could be

compared to the one described in the last section. This prefrontal ROI is defined in
stereotactic coordinate space (Figure 4. 5)
downsampled DWI space using the same procedures described on seéti2. The

image quality metrics andyalues related to the ageing differences are also computed for

the nondownsampled data using the prefrontal ROl to provide a reference for the

downsampled data.
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Figure 4.5 1 Sagittal view of the prefrontal ROI defined in a MNI stereotactic coordinate space.
ROI is defined on 10 selected axial slices by the regions extended from the most anterior point
containing brain tissue to the dorsal border of the genu of the corpus callosum.

4.2.5. Benefits of using MK gtracted from direct linear least squares

For all the preprocessing analysis described so far, MK values were extracted for the
OLS fitting method. Therefore, to validate the results of different FWHMSs for smoothing
CamCAN data, the methodology describen section 4.2.2 is repeated for the MK

values extracted using the direct linear least squares (DLS) described to the last chapter.

4.3. Results

4.3.1. Registration based algorithm to correct head motion

Figure 4.6 shows the six estimated parametetheosix degrees of freedom required to
align the volumes of DWIs to the first volume acquired withahue=0 s.mnf. The

series of points on each panel are sorted in the same order that volumes were acquired
(see on top of Figure 4.6). Despite the dated volumes of DWI were not corrupted for
motion artefacts, the six parameters required to align the volumes presenieeraon
values, showing that additional translation and rotation are introduced to DWIs which
does not correspond to subject motionshe parameters estimated foivalue 2000

s.mm? show a larger variance than the ones estimated-f@iu®e 1000 s.mifi The

same profile was observed on real data, of which 6 examples (3 for each age group) are
plotted in Figure 4.7. One can observattfor both simulated and real data, translated
parameters are in the order of 5 mm, while the rotation ones are in the order of 0.1°. The
registration based methods for head motion correction are not applied in the analysis of
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the following sections simcthey show to corrupt DWIs with additional motion and

rotations rather than correcting for head motion artefacts.
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Figure 4.6 1 Estimation of the six parameters of the rigid transformation to align 63 simulated
volumes relative to the first volume which corresponds to DWIs with contrast of b-value 0
s.mm™. The b-values for the 63 volumes are marked on the top of the figure.
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Figure 4.7 7 Estimation of the six parameters of the transformation to align the 63 volumes
relative to the first b-value 0 smm?v ol ume for si x CamC-haNiéssortheutBj ects. Th
volumes are marked on the top of the figure.
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4.3.2. Optimal value of Gaussian kernel FWHM

For all 28 CarrCAN subjects, Figure 4.8 represents the values of different quality
metricsfor MK images as a function of the Gaussian kernel size. On panel A and B, both
white and grey matter showsSSR that increases with the increase of Gaussian FWHM. In
particular, norssmoothed DWIs which correspond to the values of FWHM = 0 mm show
low SSRvalues; however when the higher degree of smoothing is applied (i.e. FWHM =
4mm), the SSR values are on average 9 and 25 times larger than {fileerexhones for

white and grey matter respectively. CSR between white and grey matter also seems to be
improved by smoothing the diffusieneighted data (panel C). As seen for SSR, the
profiles of CSR do not shown a linear dependence with FWHM. Larger improvements
are more noticeable for values of FWHM between 0.5 and 2.5 mm. For higher FWHM,
values of SSRseem to increase with a lower rate, while CSR seems to stabilize. MK
values extracted directly from n@moothed DWIs shown a high percentage of negative
values which ranged between 2% and 4% of the total number of neocortex voxels (panel
D). These implasible values are practically eliminated by using Gaussian kernels with
FWHM larger than 2 mm.

thy$St | t b y$§t
J{ bw g KJ ] J{ bw I NI

05 1 15 2 256 3 35 4
C21 a

Figure 4.8 1 MK image quality metrics in order to the values of FWHM. The black line and bars on
panel A and B correspond to the SSR mean values and standard deviation across the 28 blue
curves related to the 28 CamCAN subjects. The mean and standard deviation of CSR is
presented in red on panel C, while each individual curve is plotted in black. Each individual
percentage curve of negative MK is plotted in red on panel D.
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Figure 4.9 shows the MK mean and standard deviation values for the two age
groupsi panel A and B show the results for white and grey matter for the subdivision 1
of the neocortex ROI, while C and D show the results for subdivision 2 (ilésris the
other subdivisions are shown Appendix B. For all subdivisions of the neocortex and
for both white and gray matter, mean MK seems to increase as a function of FWHM.
Such increases are more pronounced for the lower FWHM values, andjfeBsasit for
FWHM larger than 2.5mm. Thevalues for the differences between the two age groups,
which are plotted in grey on each panel, show significance age differences on the two
most anterior and two most posterior neocortex subdivisions wheni@aussnels with

FWHM values between-2mm are applied.
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Figure 4.9 71 Age differences of white and grey matter between the two ageing groups. Group 1
corresponds to 14 young adults (mean 26.2, sd 3.9) while group 2 corresponds to 14 middle age
adults (mean 53.4, sd 2.0). The Panels corresponds to values of two prefrontal ROIs (subdivision
1 and 2 of the neocortex ROI shown on Figure 4.2 panel B).
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4.3.3. Different Resolution and testing DKI reproducibility

Figure 4.10 shows the mean white and grey ma#ti€ values for the 11 independent

DWI datasets acquired on a single male subject of 25 year old (MK values for both white
and grey matter are extracted from the ROIs shown in Figure 4.4). Panel A presents the
results obtained for the DWIs acquired widsolution of 2 mm, while panel B shown the
ones obtained for the DWIs acquired with resolution of 2.7 mm. Note that the SPM
function spm_smoothdid not to apply FWHM values that were inferior to 20% of the
voxel resolution, and therefore on panel B valoeMK are not shown for data acquired

with resolution of 2.7mm for a kernel size of 0.5 mm (panel B).

Figure 4.8 T Mean value of MK extracted for the 11 independent DWIs acquisitions for the male
subject of 25 years old using a prefrontal ROIl. Panel A shown the 7 repetitions of data acquired
with resolution of 2.0mm, while panel B shown the 4 repetitions for the resolution of 2.7mm.

For the lower values of FWHM, Figure 4.10 shows that MK values are higher for
data with resolution of 2.7 mm. Howevéor higher FWHM values the two resolutions
seem to be similar. For example, Table 4.1 shows that values of MK mean and standard
deviation are already similar for Gaussian kernels of 2.5mm. For this Gaussian kernel the
within-subject coefficient of varteon is presented in Table 4.2 which shows values

inferior to 3% for both acquisition resolutions and for the two tissue types analysed.
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Table 4.1 7 MK mean % standard deviation values computed for the white and grey prefrontal
ROIls of DWIs acquired with resolution of 2.0 and 2.7 mm and filtered with a Gaussian kernel with

FWHM of 2.5mm.

Tissue type Dataset 1 (2.0 mm) | Dataset 2 (2.7 mm)
White matter 0.950 £ 0.010 0.969 + 0.020
Gray matter 0.694 £ 0.006 0.700 £ 0.012

Table 4.2 7 within-subject coefficient of variation values computed for the white and grey
prefrontal ROIs of DWIs acquired with resolution of 2.0 and 2.7 mm and filtered with a Gaussian

kernel with FWHM of 2.5mm.

Tissue type Dataset 1 (2.0 mm) | Dataset 2 (2.7 mm)
White matter 1.1% 2.1%
Gray matter 0.9% 1.7%

The image quality metrics SSR, CSR and percentage of negative values of MK for

the two acquired resolution are shown in Figure 4.11. With the exception of the MK

negative percentage values for lower FWHM, the profiles for all enggality metrics

with the increase of the Gaussian kernel seem to be similar between data acquired with

resolution of 2.0 and 2.7 mm.
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Figure 4.11 7 SSR and CSR values of white and grey matter and percentage of negative MK for
data acquired with two different resolutions. Superior panels correspond to the 7 repetitions
acquired with a resolution of 2.0mm, while the inferior ones corresponds to the 4 repetitions
acquired to a resolution of 2.7mm. Values are computed using the prefrontal ROl shown on

Figure 4.4.
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4.3.4. Downsampling effects

Figure 4.12 presents the image quality par

of the Gaussian kernel size for ndownsampled and downsample data. With the
exception of slightly increase of CSR and SSR 1biF&/HM values and decreases of
percentage of negative values of MK for the lower FWHM values, Figure 4.12 shows that
image quality metrics of MK images extracted from downsampled data are similar to the

ones extracted from data on its original resolugb2 mm.
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Figure 4.12 1 SSR and CSR values of white and grey matter and percentage of negative MK
extracted from two versions of the data of 28 CamCAN subjects: data with original resolution of
2.0mm and downsampled to a resolution of 2.7mm. Values are computed using the prefrontal
ROI shown in Figure 4.5.

The prefrontal MK mean and standard deviation values for the two age groups are
show in Figure 4.13. Panel A and C correspond to the white and grey matter values for
data in its original resolutionyhile panel B and D show the white and grey matter values
for the downsampled data. Thesalues of the unpairedfample {test between the two
age groups are plotted in grey in each panel. Both downsampled awdldwonsampled
data are more sensitive &ge differences in white matter when smoothed with FWHMs

larger than 2.0 mm.
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Figure 4.13 1 Age differences of white and grey matter between the two ageing groups. Group 1
corresponds to 14 young adults (mean 26.2, sd 3.9) while group 2 corresponds to 14 middle age
adults (mean 53.4, sd 2.0). Both downsampled and non-dowsample data are here analysed using
the prefrontal ROI presented on Figure 4,5.

4.3.5. Applying direct linear fit on smoothed data

The age differences of mean MK between the two agepgr of the neocortex ROI
subdivisions 1 and 2 are shown in Figure 4.14, (thenggdifferences analysis for the
remainingROI subdivisionsare on Appendix Qvhile the image quality metrics are on
AppendixD). All image quality metrics show similar vakiéo the ones presented in the
previous sections; however, the direct linear fit shows to be more sensitive to age

differences in particularly on white matter.
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Figure 4.14 1 Age differences of white and grey matter between the two ageing groups. Group 1
corresponds to 14 young adults (mean 26.2, sd 3.9) while group 2 corresponds to 14 middle age
adults (mean 53.4, sd 2.0). Panel A and B corresponds to two prefrontal ROIs (subdivision 1 and
2 of the neocortex ROI plotted on Figure 4.2 panel B). MK data is extracted using DLS.

The improvements o&pplying different procedures for DKI can be assessed
visually in Figure 4.15 For the image in panel A, kurtosis measures were extracted
directly from the diffusion weighted images using the ordinary linesr $guares (OLS)
solution. Using this simplistic procedure, images will present a large number of voxels
with implausible values, i.e. the dark regions on the image. By applying the direct linear
least squares (DLS), the quality of the data is improwvegarticular on white matter
regions as shown in panel B, and by introducing a Gaussian kernel in qanopessing
steps, the ncbiological values along the cortex are removed (panel C). Finally,
combining the Gaussian filter with an optimised parameséimation procedure, results

in images no longer show implausible values of kurtosis (panel D).
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Figure 4.15 - MK maps of the same sagittal slice using different pre-processing and parameter
extraction procedures.

4.4. Discussion

Exclusion of motioncorrection algorithm on DKI

The results presented in this chapter support the claim that a method for head motion
correction based on registration algorithms is not adequate to correct DWI data since such
algorithms cannot distinguish the inherent DWI cast differences from head motion.

For instance, despite brain volumes being simulated without any kind of artificial motion
artefacts or even noise, the results in Figure 4.6 show that the registadeh method
erroneously determines alignment partarethat reach values of the order of 5mm for

the translation parameters. Interestingly, one can observe that the larger amplitudes of
parameter estimates are related to the highealles of 2000 s.mt which is a
consequence of larger diffusioveighied contrast differences relative to the volume
acquired with a tvalue of 0 s.mm. In addition, the variability seen across the 30
volumes acquired with different directions and the samallbe reflects the significant

contrast differences observed fhifferent gradient directions. Moreover, similar profiles
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of parameter estimates were obtained on real data (Figure 4.7). This suggests that
parameter estimates obtained by the rigid body transformation are essentially due to
intrinsic contrast differeres. Consequently, if these transformations were applied to the
DWI volumes, one will be corrupting the images with additional translations and

rotations instead of reducing the head motion effects.

Optimal value of Gaussian kernel FWHM

The results of tis chapter show that improvements of image quality as function of the
Gaussian kernel size do not have linear profiles (Figure 4.8). Larger improvement rate is
observed on relatively small values of kernel FWHM-g~thm). For example, by using

a kernel vith similar size than the image voxel resolution of 2 mm (which is assumed to
have relative small consequences on image resolution), SSR on white and grey matter
increases to values that are 6.82 and 17.03 times larger than tHatemed data,
however,when using a kernel of 3 mm which corresponds to a size 50% larger than the
initial image resolution, SSR values for white and grey matter increases only to values
1.08 and 1.11 times larger comparatively to the data filtered with the Gaussian filter of
FWHM = 2.5 mm. Consequently, the kernel size of 3mm can be considered to not
provide a perfect tradeff between the increase of resolution and improvements in image
guality. Based on the results of this chapter, a FWHM of 2.5 mm is suggested to be an
optimal value to smoothing DWIs for DKI model fitting. In addition, this FWHM value
shows the most significant age differences between the two age groups for all
subdivisions of the neocort&Ol (Figure 4.9.

For the results in Figure 4.9, one can also ofesénat the mean values of both
groups seem initially to increase which is a clear consequence of a gradual correction of
implausible negative or underestimated values of MHnterestingly, significant age
changes (p<0.05) are visible when the MK valoéshe middle aged group are larger
than the younger groups which was not the case of thesmoothed data. For non
smoothed data, the middle aged group show values of MK that are inferior to the ones
from the younger group, which can be a consequence lafger tendency for older
subjects to move during the acquisition of DWIs, which would result in a larger

percentage of underestimated values of MK.
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Data acquired with resolution of 2.7 mm and DKI reproducibility

For data not smoothed with a Gausditiar, MK values acquired with a resolution of 2.7

mm seem to be larger than the ones obtained with a resolution of 2.0 mm (Figure 4.10)
which reflects the inferior percentage of MK negative values when data is acquired with
larger resolution (Figure 41). However, values of SSR for white and grey matter and
CSR between these two types of tissue are not considerably larger for data recorded with
resolution of 2.7 mm (Figure 4.11), suggesting that a large amount ehayative
underestimates of MK ar#ill present. Moreover, after applying a Gaussian kernel with
FWHM larger than 2 mm, MK characteristics seem to be similar from both resolutions
(Table 4.1). This suggests that DWIs acquired with larger resolution do not present
significant advantages f@KI apart from a faster acquisition time.

In contrast to what was assumed in previous stufeg. Tabesh, Jensen,
Ardekani, & Helpern, 2011)these results suggest that data acquired with larger
resolution do not necessary require the use of kernel size larger than 2.5 mm. In
particular, the results shown in this chapter suggest that FWHM of 2.5 mm can be also
considered an optimal value for smoothing data acquired with resolution of 2.7mm.

For the optimal value of FWHM = 2.5 mm, withsubject coefficient of variation
shows tlat mean MK have errors inferior than 3% for both acquisition resolutions and
both tissue types analysed which can be considered as being a sufficient low error (Table
4.2).

Downsampling Effects

By analysing SSR, CSR and percentage of negative MK véloiesdownsampled data
(Figure 4.12), similar profiles on the dependency of the Gaussian smoothing kernel size
can be observed relative to the hdownsampled data mentioned above, and thus the
optimal value of 2.5mm can be similarly considered. Despitendampled data
providing MK maps with slight improvements on the image quality metrics, these did not
result in improved ability to detect age differences (Figure 4.13). This can be a
consequence of the reduction of image resolution and the incretfse drtial volume
effects on downsampled data. Moreover, downsampling data without applying any
smoothing seems to be insufficient to reduce the impacts of noise and artefacts, thus
concluding that downsampling does not add advantages to thprqmessig of
CamCAN diffusion MRI data.
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The direct linear least squares fit on smoothed data

MK data extracted for the DLS did not show significant differences on the image quality
metrics when compared to OLS; however DLS resulted in data that is more sdnsitive
age differences (Figure 4.14). Despite not avoiding all implausible estimates without
smoothing of DWIs (see panel B of Figure 4.15), this fitting method provides smaller
amounts of underestimated MK values as suggested by the global increase dfiknean

on nonsmoothed data (Figure 4.14). In addition, improvements of punctual voxels are
visible in particular in white matter voxels which are related to larger amounts of OLS
underestimates and negative values of MK since these voxels correspond tedinesr

of diffusion (Figure 3.7 of chapter 3). While the use of DLS provides greater
improvements in white matter, the Gaussian smoothing visually shows a larger
improvement for grey matter (Figure 4.15, panel C), and therefore the use of DLS on data
smodhed with a Gaussian kernel of 2.5 mm can be seen as an optimal combination to

extract MK images with better accuracy (Figure 4.15, panel D).

Suggested DKI procedure for the CarrCAN study

As the registration based method for correcting head motion @gethe acquisition of
images with larger voxels, and the downsampling algorithms did not shown to add
accuracy to DKI, the only prprocessing steps that will be added on the preliminary DKI
procedure for CanCAN is the Gaussian kernel with optimized FWHof 2.5 mm.
Therefore, as results of the analysis performed in this chapter and chapter 3, the suggested

procedure to extract the diffusion and kurtosis tensors will consist on three steps:

1. Diffusion-weighted brain voxels are extracted from DWIs volumesig FSL
brain extraction too{Smith, 2002)

2. Brain DWIs volumes are smoothing using a 3D Gaussian kernel with FWHM of
2.5m;

3. Diffusion and kurtosis tensors are extracted using an ordinary linear least squares

approach. In addition direct linear squaneill be used to validate MK and MD

estimates.
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4.5. Chapter Summary

In this chapter some important aspects ongooeessing DWIs for DKI were discussed.
Firstly it was experimentally demonstrated that head motion correction methods based on
image corelation are not adequate to correct DWIs. Instead, this method corrupts DWIs
with translation and rotation parameters that are uncorrelated with subject motion.
Secondly, the FWHM Gaussian kernel optimization study shows that a kernel size of 2.5
mm provdes an acceptable tradé between image quality, resolution and it was shown

to result in more significant age differences in the mean MK values. Despite this kernel
size already being used in previous studies of [BKg.Falangola et al., 2008; Jensen et

al., 2011) in this chapter this kernel size is experimentally justified for the first time.
Moreover, some studies used larger kernel sizes for data acquired with axgkesizes
(e.g.Tabesh, Jesen, Ardekani, & Helpern, 201,1yhile the results of this chapter have
shown that this might not be the optimal procedure. Despite downsampled data provides
higher values of SSR and CSR, this step did not prove itself valuable in detecting age
difference when compared to non downsampled data, and thus, it is considered to not add
advantages on DKI for the Ca@®AN study. Finally it was shown that combining more
accurate parameter estimations with a properppseessing method (i.e. DLS with a
Gaussiarsmoothing with kernel size of 2.5mm) can provide the most robust procedure
for DKI analysis. From the results of this chapter a three step procedure for DKI was

suggested.
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Chaptelb
| magAgreg ng using DKI
5.1.Introduction

Across the human stageof development and ageing, brain shows structural and
morphological changegBrody, 1992) For example,ealy MRI studies using
conventionaktructuralcontrast havehown that cortical ggematter volume increaseon
early childhood and decreases with affer puberty(Giedd et al., 1999) White matter
densityhas also been showo increaseduring brain maturationhoweverit was only
shown to decrease froearly forties(Bartzokis et al., 2001) Brain changes caalso
differ in different anatomical regions For example, grey matter densiof parietal
cortices seemto increase during childhoogharlierthanin the frontal cortices(Sowell,
Thompson, Holmes, Jernigan, & Toga, 1999 addition, visual, auditory and limbic
cortices showed different age changing profiles than the frontal and parietal neocortices
(Sowell et al., 2003)

Such volumetric changes are believed to be aemprence of a diversity of
cellular maturation and degenerative events. Although conventional MRI contrasts are
only sensitive to changes of macrostructures within the millirsted voxel of T1, T2,
or proton densityveighted imagegMoseley, 2002)post mortem studies have shown that
brain changes can be related to microscopic events as myelination or demyelination of
axonal fibres, synaptic pruning, axonastioor cellshrinkagge.g.Benes, Turtle, Khan, &
Farol, 1994) Preliminarily studies using DTl have identified changes in diffusion
parameters that can be directsaciated with changed microstructure. For instance,

FA shows rapid increases of white matter anisotropy in neonatal and young childhood

during brain development, which can be associated to myelination, and decreases from
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early twenties onwards, whicban be associated directly to demyelination processes
(Moseley, 2002; Sullivan & Pfefferbaum, 2006Mean diffusion (MD) is also sensitive

to age changes. In white matter, diffusion seems to decrease until puberty and then it
increases with agéMoseley, 2002)Such changes can be related to the same maturation
and degenerations suggested by FA measures, i.e., the increase of myelin on axonal
barriers duringbrain maturation results in larger anisotropy and a more restricted
diffusion environment, while demyelination result in decreases of anisotropy and the
medium less restricted to water diffusion. MD also shows ageing changes across lifespan
on grey matte however these cannot be related to microstructural changes measured by
FA. As grey matter does not show anisotropy, FA is not sensitive to any maturation or
ageing process in this type of tissue. In addition, the tissue anisotropy index given by FA
is corrupted by tissue inhomogeneity from crossing fibres, to partial volume effects
(Sullivan & Pfefferbaum, 2006)andto noise effects that bias FA as shown in chapter 3

of this thesis.

It has long been appreciated that diffusweighted images contain more
information than the extracted by D{Halangola et al., 2008)In particular, the kurtosis
tensor neasured by DKI has been shown to provide estimates that can be regarded as an
index of barrier complexityHelpern et al., 2011) This index can beonsidered to be a
more general index than FA since it does not depend on the degree of anisotropy of
different brain regiongFalangola et al., 2008) DKI has already been used in a
preliminary ageing study, where MK showed significant ageetations for both grey
and white matter in the developing and ageing bfaalangola et al., 2008)However,
this previous study had noticeable limitations: reduced number of participants (24
subjects from 13 to 85), it analysed only eefontal region of interest, and the
relationship between the differences foundtlme brainand thes u b j eognitides
abilities was not considered.

The aim of this chapter is to report preliminary ageing results from DKI on 103
subjects recruited by@nCAN. Despite being a preliminarily study for C&DAN, this
chapter will already present novel results on ageing since it provides results based on a
larger sample of subjects than the previous ageing study using DKI, which will allow for
a more detadd description of the different stages of healthy ageing. This chapter also
describes results from directional kurtosis, which were never shown in previous ageing
studies. In addition to the analysis of mean values and histogram peak of a prefrontal

region of interest, this chapter will also show a preliminary analysis of the FA, MK, and
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MD ageing changes across different brain regions using the novel tract based spatial
statistics (TBSS) technique suggested®mith et al., 2006)

5.2. Methods

Subjects

The CamCAN subjects analysed in this preliminary study were selected from the 176
subjects recruited before Mdr 2012. The age distribution for these subjects is shown in
Figure 5.1 panel A. Since there is a large proportion of subjects with age above 48, some
of the older subjects are randomly excluded on this preliminary study to ensure a more
uniform age distbution. This random exclusion is performed on subjects aged over 48
so that each age is only represented by a maximum of two subjects. Additionally, eight
subjects (ages 18, 22, 22, 23, 26, 42, 71, and 85) were excluded for visually presenting
DWis largely corrupted by motion artefacts. The age distribution of the 103 selected

subjects is shown in Figure 5.1 panel B.

Panel A

0 10 20 30 40 50 i1} 70 a0 a0 100

Age

Figure 5.1 1 Age distributions for two groups: panel A corresponds to the ages of all Cam-CA NG s
subjects acquired before March 2012; while panel B shows the ages of the 103 subjects selected
for the preliminary Cam-CAN study described in this chapter.
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Diffusion Kurtosis Imaging

Diffusion kurtosis analysis was performed on the 63 volumes of Bfttiseach subject

of the selected groupf 103 CamCAN subjectsusing the DKI procedures selected
accordingly to the results of chapter 3 and 4, i.e.: (1) the brain diffusaghted voxels

are selected using FSL brain extraction tool; (2) the diffugieighted brain intensities

are smoothed aing a 3D Gaussian kernel with FWHM of 2.5mm (SPM function
spm_smoth); (3) diffusion and kurtosis tensors are extracted using an ordinary linear
least squares approach (as described on section 2.4.ior(¥}he estimated diffusion

and kurtosigensorsthe mean diffusion(MD), the fractional anisotropy (FA)the axial
diffusivity (3-), theradial diffusivity ¢ ), the mean kurtosis (MK), the axial kurtosig)k

the radial kurtosis () andkurtosis fractional anisotropyFAs) are extracted using the
procedures described on section 2.3.2 and 2(8)dinally the direct linar least squares

is used to validate the results from MK and MD once it shown to provide better

performances by extracting this metrics.

Diffusion Tensor Imaging

To provide benchmark information relative to the diffusion kurtosis analysis, ageing
changesover the 103 subjects are also analysed using a diffusion tensor model. In
particular, since it is less sensitive to noise than DKI, DTI can be used to extract values of
MD, FA, 1-, and]l without requiring the Gaussian smoothing of DWIs to decrease the
impacts of Rician noise. Therefore, the invariant maps extracted from DTI can be useful
to validate the changes detected by MD, FAand} after the blurring effes induced

by the Gaussian filter on the DKI analysis. Since @2AN is based on larger\alues

than normally used for DTI, the diffusion tensor is estimated on the brain extracted DWIs
using a nodinear fitting approach(see section 2.3.1 or sectiomBto reduce the bias
introduced by Rectified noise as suggesteddnes & BassgP004)

® DWIs wereacquired on a 3T Siemens Trio with a twiedocuseespin-echo, 30 diffusion gradient
directions for each fvalues 1000 and 2000s.rrand three images acquired usingdbue 0, TR=9100ms,
TE=104ms, voxel size=2x2x2mm3, FOV=192x192mm2, 66 axial slices, number of averages=1.

4 The results for the DTI linear fitill be presented on Appendixtd highlight the importance of ugin
nonlinear approaches on DTI to reduce the artefact impacts when ignoring t@&anesianity of the
displacement of water molecules on neural tissue
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Region of interest analysis

As ageing changes our spatially with different profile¢e.g Sowell et al., 2003)it is
important to study separately the ageing changes on different brain regions. In the
preliminary study reported on this chapter, a prefrontal brain region of interest (ROI) is
selected since this region had shown significageg changes previous DTI studies,
(e.g.Sullivan & Pfefferbaum, 2006) In addition, this prdrontal brain regionwas also

used in the DKI ageing study published by Falangola et al. (2008), and therefore by
studying the prefrontal brain, the results obtained by DKI on this chapter can be
gualitativelycompared to this previous study.

The prefrontal ROIs first defned in theMontreal Neurological Institute (MNI)
template by selecting the regiextended from the most anterior point containing brain
tissue to the dorsal border of tgenu of thecorpus callosunon 10 selected axial slices,
adding up to a total thicless of 1 cm (this ROl was already used for Chapter 4, and
therefore it is represented in Figure 4.5). Then the prefrontal ROI is transformed to each
subjectds D Wi space wusing the procedures
separately white and grenatter, the maps for these two types of tissue are estimated by
segmenting each subject bs structur al MP R /
spm_preprocand spm_pre2n and then registered to DWI space using the functions
spm_core@ndspm_reslicédfor moredetail see section 4.2.2).

To study the volume age changes of white matter (WM), grey mater (GM), and
cerebrospinal fluid (CSF), the percentage of these types of tissue on the prefrontal brain
will be longitudinally analysed. The classification betwddferent tissue types is based
on the maps obtained by the SPM segmentation function (selecting a classification
probability threshold of 70%). For each G&AN subject, the WM and GM maps were
then used to select the white and grey matter voxels tpuerihe frontal brain mean

values of the metrics extracted by DKI and DTI.

Analysis based on MK histograms

Similarly to Falangola et al. (2008), the MK histogram profiles of the prefrontal ROI are
analysed. The values of MK in the histograms ranged fibrto 3 with bin sizes of

0.031. The values of peak position of the given histograms are also analysed. In this way,
based on the assumption than MK histograms have peaks corresponding to grey matter
(in the range 0A) and white matter (range?2), thepeak positions are estimated by first

detecting the | ocal hi stogram maxi mum on
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computing the weighted average position of the voxels contained within the upper 40% of
the detected maximum value on the near nmghhood (i.e. three bins for both left and
right side of each peak). In addition to the analysis of the histograms from the entire
prefrontal ROI, the histograms for the prefrontal segmented WM, GM, and CSF maps
were also analysed. The peaks from thividual WM and GM histograms were then
extracted by the weighted average position of the voxels contained in the upper 40% of

the global maximum value found in each individual histogram over all histograms bins.

Models to classify longitudinal age change

To classify the age longitudinal age changes of metrics based on mean values of ROIs
and histogram peaks, stdpwn model selection is preformed to test cubic, quadratic, and
linear age effects , i.e. if the cubic age effect is not significant reladiviee quadratic
model, the cubic term is removed and the quadratic term is tested against the linear one,
and so or{Shaw et al., 2008) To avoid type 1 errors (rejection of a true null hypothesis)

the rejection of a term on the multiple regression model is only coedidérthe
statistical pvalue is inferior to 0.00Bowell, Thompson, & Toga, 2004)

Analysis based orilract Based Spatial Statistics
In alternative to analysis based on the mean values and histograms aftbetar ROI,
metrics extracted from DKI and DTI can be analysed using voxsd analysiglones &
Cercignani, 2010) This technique allows the simultaneous analysis of all brain voxels
with the objective to spatially localise diffusivalated changeSmith et al., 2006) For
example, following similar approaches to vekalsed morphometry (VBM) techniques,
maps of any invariant metric extractedrfr DTI or DKI can be registered to a standard
space and then statistics are performed voxelwise to find the regions that correlate with a
covariate of interest such as age. However, VBM based techniques have some pitfalls
when applied to diffusion paranees. For instance, residual misalignments can decrease
the analysis sensitivity or even suggest erratic re¢Bitaon et al., 2005 Aiming to
overcome the VBM limitations, tract based spatial statistics (TBSS) was proposed by
Smith et al. (2006). According to Smith et al. (2006), the procedures for TBSS consist of
four steps which are described on the following paragraphs.

Thef i rst step of TBSS is to align al/|l Subj
target using noilinear registration. To remove likely FA outliers, the FA maps are

slightly eroded and the end slices are set to zero using the FSLtbsepii_ preproc
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(http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/TBSE The common target for the ndmear
registration is selected as the subject 1id
i.e. the single individual tget that minimises the amount of warping required for all
other subjects to be aligned to (Bmith et al., 2006) This target is identified by
registering all individual FA maps to all other FA volumes, and then the individual target
is chosen as the individual FA with the minimum mean transformation required to realign
al |l ot her subjectsbo F A fying athe sregistration Htaeget isr o c e s
performed using the FSL scritiiss_2_regFor the analysis performed on this chapter, it
is used the FA maps extracted from #imear DTI once this approach provides the FA
metrics without being corrupted by the blurrieifects of a 3D smoothing.

TBSS second steps consist on creating a map containing all white matter tracts
that were common to all subjects which is named the mean FA skeleton. For convenience
of the interpretation and display of the results, all datamwverted to the MNI space. For
this, the target selected on the previously steps is coregisted to the MNI space and the
resulted transformation is combined to all transformation matrix related to each registed
individual FA volume. This is performed ugirthe FSL scripttbss_3 postregvhich
gives as outputs alll subjectsé FA vol umes
volume, and the mean FA skeleton. Regarding the mean FA skeleton, such is computed
from the mean FA volume, by first estimate the lamaiface perpendicular to the tract
directions and then by computing the centre of the tract usingnasmmunisuppression
(for more details on this s&mith et al., 2006 Having an estimate of the FA skeleton,
this is thresholded in order to restribetfurther analysis to voxels corresponding only to
white matter voxels that were successfully aligned across subjects. The threshold can be
set as an input on the FSL scripss_4 prestats For the mean FA skeleton generated
from the 103 CanrC A N 6 s cts, thb fhreshold is adjusted to a value of 0.35 once it
shown to be an adequate value to select typical white matter tracks as shown in Figure
5.2.

Automatically, the scriptbss 4 prestata | so performs the thir
procedure which consssin creating an FA skeleton for each individual subject. These
are based on the voxel positions of the thresholded mean FA skeleton, however now the
intensity of each voxel of the skeleton is
to the tract. Tis procedure aims to account for the misalignments between subjects after
the initial nonlinear registration. TBSS allows also the projection of other invariant

metrics to the skeleton. For this, one can use the gbsgpt non_FAgiven as input a
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folder containing all subject volumes for a specific metribss_non_FAwill apply the
nonlinear registration (determi neddatan TBSS6
which will be followed by the projection of the maximum on the-fénvalues on each

individual skeleton (for more detail on this, see TBSS user guide at
http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/TBSS September 2012). On this chapter
tbss_non_FAs applied to the preliminary study of age changes on MD and MK. The

directly linear least sques fit is selected to extract this invariant metrics once this

method shown to provide the more accurate DKI estimates of MD and MK on Chapter 3
and 4).

Figure 52T FA Oskel etondé esti m@Addsiubpmctbhé 208 €aAmeshol de
of 0.3 5. The FA O0skeletond is presented on an axial (A)

Having the individual skeletons, TBSS can finally be followed with the voxelwise
statistics across subj e c tasdomisetoBldor sty the s |, it
significance of partial regression coefficients of linear models using a permutation test
(Anderson & Robinson, 2001)In this chapter, using thandomisesoftware with 10000
permutations, it will be tested the brain regions that shown significance linear increases
and decreases with age on FA extract from-limeear DTI, and on MD and MK maps
extracts from DKI direct linear fit (significances were computed basékhoesholdFree
Cluster Enhancemeptvalues(Smith & Nichols, 2009)
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5.3. Results

5.3 1. Analysis based on the prebntal region of interest

Percentage of WM, GM, and CSF voxels

Figure 5.3 shows the percentage of WM, GM, and CSF voxels of the analysed prefrontal
ROI. While the percentage of WM voxels seems to increasethatihiddle of the fifth
decade GM seemsd decrease from the early twenties. The GM decreasing rate seems to
accentuate for the last lifespan decades9®0 Although CSF initially seems to remain

stable, its volume significantly increades decades from the forties.

A—WM B — Gray Matter C—CSF

45 45 45

40 b - o : - 40 8 40
a5 b
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SF ¥ =0.206 1 stF o e26 1 5[ =0 439
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oLp=laman ., . o Lp=1e;16 . plp=111:10 .
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Figure 5.3 7 Longitudinal changes on the percentages of voxels for WM, GM, and CSF on the

prefrontal region of interest.

DKI Ordinary linear least squares

The longitudinal changes on MK, MD, and FA are shown in Figure 5.4 for white matter
(panel A) and grey matter (panel®B)FA shows a decrease of prefrontal brain white
matter anisotropy since the early twenties. White matter MD remains stable during the
first analysed decades, however it significantly increases after the fifties. MK shows a
different profile when comparetb white matter FA and MD. It increases until early
forties and then decreases until the oldest ages. For grey matter, FA shows a constant low
anisotropy while MD linearly increases. As for WM, MK shows a different profile from

FA and MD on prefrontal tain GM. It shows a quadratic profile, increasing to the

middle of the sixth decade and then it starts to decrease.

® 12 statistic and pralues shown on the panels corresponds to the isignife of the given stegown

regression models against the null hypotheses that age does not have any influence the specific DKI or DTI
analyses (values and?statistic values are not shown for constant models once they already correspond to
an age indpendent model).
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Figure 5.4 1 Longitudinal changes on MK (green), MD (blue) and FA (red) for white matter (panel
A) and grey matter (panel B).

Figure 55 shows the FAk changes for white (panel A) and grey (panel B) matter,
which are similar in profile to the FA extracted from the diffusion tensor; however on
panel A, FAk shows smaller values d§tatistic and larger-palue.

The diffusion and kurtosiaxial and radial metrics are presented in Figure 5.6.
Panel A and B represents the axial and radial metrics for white matter, Whentews
larger values than valués, andEQE shows lower values thdn . Increases of diffusion
and decreses of kurtosis seem to ocqurimarily on the axial directions (panel A) and
not for radial directions (panel B). For grey matter (panel C and D), profiles are similar
betweenl- andl and similar betweef: andE . Despite these profilersilarities, 1-
seems to have slightly larger values tAan while E values are slightly smaller
than E . In addition, comparing the profiles on panels C and D with panel B on Figure
5.4, one can see that axial and radial profiles for diftision and kurtosis are similar to

the grey matter profiles of MD and MK.
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Figure 5.6 1 Diffusion (blue) and kurtosis (green) axial and radial changes with age. Panel A and
B corresponds to the values of axial and radial diffusivity/kurtosis for white matter, while Panel C
and D the axial and radial values from grey matter.
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DKI direct linear least squares

The longitudinal changes on the MK and MD extrackemn DKI direct linear least
squares method is shown in Figure 5.7. For both white and grey matter (panel A and B),
MK and MD profiles are identical to the profiles of MK and MD extracted using the
ordinary linear least squares (Figure 5.4). HoweVestatics values are larger and p

values are smaller comparatively to the ones presented in Figure 5.4.
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Figure 5.7 1 Longitudinal changes on MK (green) and MD (blue) for white matter (panel A) and
grey matter (panel B). Metrics were extracted using DKI direct linear least squares solution.

DTI non-linear least squares

The results for the FA and MD values extracted from-simoothed DWIs using nen
linear DTI are shown in Figure 5.8. In general FA values are larger than the ones
extracted from ordinarilyimear DKI (and shown on Figure 5.4), while MD values are
lower. However, identical profiles for both MD and FA can be observed between these
different techniques. Similar observations can be taken for the white and grey matter
longitudinal profiles oflgand 1 extracted from notinear DTI (Figure 5.9) when

compared to the directional diffusion results of DKI presented on Figure 5.6.
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Figure 5.8 i Longitudinal changes on MD (blue) and FA (red) for white matter (panel A) and grey

matter (panel B). Metrics were extracted using DTI non-linear least squares solution.
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Figure 5.9 T Axial and radial diffusivities changes with age. Panel A and B corresponds to the
values of }gand 1 for white matter, while panel C and D the }gand 1} values from grey matter.
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5.32. Analysis of the MK prefrontal histogram

Histograms of all MK prefrontal voxels for all 103 C&DAN subjects are presented in
Figure 5.10. The individual histograms were grouped into seven histograms
corresponding to severga groups. Each histogram bar is subdivided by three areas
corresponding to the fraction of WM (red), GM (green), and CSF (blue) voxels. Younger
decades show two peaks that seem to be related to larger amounts of WM (right peak) and
GM (left peak). For nadle aged groups, the GM peak seems to be less evident and a
peak corresponding to CSF starts to emerge. Histograms from older decades show also
two peaks; however one reflects the increased volume of CSF while the other a mixture
between WM and GM voxsl
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Figure 5.10 7 Prefrontal MK voxels histograms for seven different age groups.

The relationship between individual histogram peak positions and age are presented in

Figure 5.11. In contrast to the MK mean values of GM presented on Figure 5.4, grey
matterds peak position seem to increase O0Veé
Relative to WM, its related MK peak position shows a linear decrease over all lifespan

(panel B of Figure 5.11).
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Figure 5.11 i Values of the GM (panel A) and WM (panel B) peak position in order to subjectd s
age. Peak positions were extracted from the MK histograms of the prefrontal region of interest.
The assumed typical values of WM and GM for the peak detection algorithm are presented by the
grey areas. Green point on panel B correspond to values were WM peak were not evident on the
prefrontal voxels histogram.

Figure 5.12 shows the individual MK histograms of WM (red), GM (green), and CSF
(blue) prefrontal maps for the seven age groups. The peak positions fromiviguaid

WM and GM histograms for all individual Ca@®AN subjects are shown in Figure 5.13.
Despite showing an initial increase (until early thirties), the MK peak for GM seems to
reach a plateau. On the other hand, the WM peak shows longitudinal chatiges

similar profiles when compared to the MK mean values of WM presented on Figure 5.4.
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Figure 5.12 17 CSF (blue), GM (green), and WM (red) histograms of voxels from seven Cam-CAN
age groups.
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Figure 5.13 i Longitudinal changes of the peak position extracted from GM (panel A) and WM
(panel B).

5.32. TBSS analysis

Figure 5.14 shows the results for track based spatial statistics for FA, MK, and MD

volumes. Red regions on the FA skeleton correspond to regions where linear ageing
increases were sidigant, while significant linear ageing decreases are shown in blue.
Therefore, it can be observed that global linear increases are not significant on FA and

MK skel etonso, whil e gl obal l' i near decr eas:
Although, MDi near age related changes can be obse
tracts, linear decreases are not significant on the left and right corticospinal tracts and on

the splemium of the corpus callosum. The spatial profile of the significant MK decreases

is different from the spatial profile of FA decrease. In particular, MK is shown to
significantly decrease on left and right corticospinal tract and on the splemium of the

corpus callosum however such decreases were not visible in regions related to the

external capsule.
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Figure 5.14 - Tract Based Spatial Statistics of age correlated linear increases (blue) and
decreases (red) on brain FA, MK, and MD. MD increases are present on all white matter tracts.
FA changes are not evident for the corticospinal tract (1) and the corpus callosum splemium (2),
while for MK such are not visible for tracts related to the external capsule (3).

5.4. Discussion

5.4.1. Analysis based on the prefrontal region of interest

Prefrontal age changes on tissue types percegfes

The results shown in Figure 5.3 are consistent with previous reports. For example,
increase of WM until early forties can be related to late myelination processes suggested
by post mortenstudies,(e.g.Benes et al., 1994)Increase of CSF can be explained by a
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global atrophy of the prefrontal brain which is more accentuated for older subjects. The
decline of GM since younger ages can be only an apparent effect, i.e., even if GM volume
is stableon the first decades, its percentage will apparently decrease due to the increases
of WM and CSF volume&Sowell et al, 2004) Therefore, it is possible that degeneration

of GM is only significant after middle of the fifth decade when its decrease rate
accentuates and when WM also starts to decrease. In addition to the apparent changes,
percentage values of tissue égpare also limited for not providing information of ageing

microstructural changes.

Prefrontal age changes detected by MK, MD, FA, and FAk from DKI

Figure 5.4 show that metrics from DKI have potential to measure microstructural changes
with age. For istancedecrease of FA on WM can be a consequence of degeneration of
oriented microstructuresthat results on tissue anisotropy decrease, as suggested by
previous DTI studiege.g. Sullivan & Pfefferbaum, 2006) The processes related to such
degeneration may includgemyelination of axonal fibres andxonal loss. FA is not
sensitive to changes in gray matter due tagbeopic nature of this type of tissue.

MD increases occur first on GM than &M which is consistentvith previous
studiessuggeshg that CSHilled space increases primarily in GMe.g. Raz et al.,
2005) For WM regions MD seems to remaigonstant inthe first analysed decades
which can be a cause of the late myelination ¢laatoccuwuntil the fourthdecade of life,
(e.g.Sowell et al., 2003)

MK data suggests that WM tissue barrier complexity increasgisthe fourth
decade. This development of WM is consiste with the increases of WMiensity
previously reported(e.g. Sowell et al., 2003) Since during these earlier decadesiEA
shown to decreaséncreases on MK can reflect maturation of microstructures of the
prefrontal brain that do not have anisotropic propredtsich in turn can be also a factor
of anisotropy decrease)The later decrease in MiKan be associated to the global
degenerationf the prefrontal white matter. In contrast?a, MK is sensitive to changes
in GM. Increase of GM kurtosis can be expkd by increasesf the cortical cell
packingdensity(Falangola et al., 2008)vhile decreases can reflect axonal of cellular lost
and increase dESKfilled space(or even artefacts introduced by the DKI processing and
analysis proceduseas mention later).

FAk was shown to be only a noisier version of the FA extracted from the diffusion

tensor (Figure 5.5). Therefore, and in contrast to MK, FAK does not show potential to
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add more information for ageing studies relative to conventiaffabobn tensor metrics.
Such observations are consistent with a preliminary DKI study on healthy human for

single group and oformalin-fixed rat braingHui, Cheung, Qi, & Wu, 2008)

Age differences detected by axial and radial diffusivity/kurtosis for WM

As expected, diffusion is largeraalg the axial direction when compared to the radial
direction on WM, since the axial direction corresponds to the direction parallel to the
fibres where the random translation of molecules of water is not restricted by barriers
(Figure 5.6 panel A and padnB). Since kurtosis is related to barrier complexity, its
values are larger for the direction perpendicular to the myelin barriers of the axonal
fiores, and thusk values are larger than values Eg Interestingly, the ageing
degeneration processeasured by increases of diffusion and decreases of kurtosis are
more significant along radial direction, i.e., forandE . This indicates that degeneration
during ageing is largely responsible for loss on myelin integrity. Moreover, later
increases ofl g and decreases (ﬁ@ relative to the increases df and decreases &

cannot be only a consequence of more stable axonal integrity than myelin integrity but

also an indirect consequence of the maturation of isotropic microstsigtitheage.

Axial and Radial diffusivity/kurtosis for GM and eigenvalue repulsion artefacts
As GM does not consist on anisotropic structures, the diffusion and kurtosis values should
be similar for all directions. Therefore, directional diffusiviteasd MD show similar
profiles as well as directional kurtosis relative to the MK profiles (Figure 5.7, panel C and
D, and Figure 5.4, panel B). In fact, one can argue that radial and axial metrics for
diffusion and kurtosis do not have a biological angigital meaning in GM since axial
and radial directions cannot be defined on tissues that do not consist of directional
oriented structures as axonal fibres; however directional metrics can be used to confirm
the profiles shown by MD and MK and to analyke tmpacts of Rician noise artefacts
(as discussed in the next paragraph).

As mentioned in section 2.3.3, eigenvector repulsion effects induce
overestimations of diffusion eigenvalde and underestimations of eigenvaluks

and} . Consequently, from Eq. 2.3.20 and Eq. 2.312]js overestimated whilé is
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underestimated. Therefolg, shows values that are slightly larger than the valués%f
%for GM is also negatively biased since the equations involved on its estimation include
the numerical division of the overestimated valué ofEq. 2.4.26 and 2.4.27), white

is positively biased since its estimation includes the numerical divisionhef t
underestimated values bf and} (Eq. 2.4.26 and 2.4.28).

Pitfalls of the analysis based on mean values of ROI

There are some limitations of extracting parameters based on mean values of ROIs.
Mainly, the process of converting each ROI to eiaclividual space can result in miss
registration errors that wil!/ depend on =eac
groups can be more prone to this effect than other groups due to typical anatomical age
changes, for example the enlargement afirbventricles and the global brain atrophy.
Consequently, the profiles for the different metrics shown here can also be influenced by
ROI alignments that are dependent on age. Similarly, the SPM segmentation procedure
can be more influenced by miskssification errors for some specific age groups.
Moreover, WM, GM, and CSF brain tissue maps can be corrupted by difiwsighted
intensities of another tissue type due to the blurring effects introduced by the Gaussian

smoothing.

The validation performed by direct linear DKI and non-linear DTI
As expected, the MK and MD curves obtained by DLS (Figure 5.7), show ldrger r
statistics and smalleryalues compared to the DKI ordinary linear least squares. Despite
the ordinary least squares showing irdferaccuracy, it produces similar age profiles for
MK and MD. Therefore, it has been shown that the ordinary fit is a viable method to
replace the direct linear fit for the estimation of the diffusion and kurtosis tensors (bearing
in mind the appropriatadequate prerocessing algorithms on DWIS).

Relative to the nofinear DTI, lower f statistics and higher-palues for the
model fitting on MD, FA, and directional diffusivities suggest poorer ability to detect age
changes when compared to the resekacted from DKI. However, such metrics were

obtained from data which resolution was not corrupted by the Gaussian smoothing.

® Notably, he eigenvalues repulsiamalsoresponsible fothe residual amount of anisotropy measured by
FA on grey matter, panel B, Figure 5.4
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Relative to the metrics extracted from Horear DTI, one can observe that the values
extracted from the ordinary DKI showswver FA values and higher MD values, which is

a direct consequence of the blurring effect of the Gaussian kernel, however it shows
identical profiles. Therefore, despite the bias introduced, it has been shown that
smoothing DWIs with a Gaussian kernelesizof 2. 5 mm does not i mp

detect ageing changes on diffusion and kurtosis metrics.

5.4.2. Analysis of the MK prefrontal histogram

Advantages and disadvantages of using analysis using histograms
Analysing MK ageing changes on histogsaman provide more details than the analysis
based on single mean values of metrics over RMereover, MK histograms provide a
way to extract information for both WM and GM without requiring segmentation
techniques, avoiding errors from possible nulsssifications of the different types of
tissues(Falangola et al., 2008) However, for the results shown in Figure 5.10 some
pitfalls on the use of histograms can be identified. Despite Falangola et al. (2008)
assuming that different histagn peaks correspond to different tissue types, the results of
Figure 5.10 show that peaks are contaminated with voxels from different types of tissues.
For example, during the lifespan the WM peak shows a shift from the typical assumed
WM range and for th older age groups the WM peak seems to not be distinguishable
from the GM values. Differences between the histogram peak analysis presented on this
chapter and presented on Falangola et al. (2008) can be related to methodological
differences, in particar on the definition of the prefrontal ROIs, on the followed DKI
procedures and on the population sample used.

The peak detection algorithm could be improved by adjusting the GM and WM
range priors; however such will not resolve the problem in sepataegng/M peak from
GM on the older subjects. Therefore, it was opted to perform the peak detection based on
the MK histograms of the segmented prefrontal WM and GM maps (Figure 5.12).
Although this procedure does not avoid possible {Tigssifications inthe segmented
process, it can still provide a different characterization of brain changes with age when

compared to the metrics extracted by ROI means.

" Interestingly, linear DTI shown a significant reduction of metrics sensitivity which cagldted to the
large diffusion underestimation introduced by f@aussianity.
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Peak ageing changes
Comparing with the study reported by Falangola et al. (2008), similar ageiniggfofi
the GM peak position detected from the histograms of all prefrontal ROI voxels are

presented (Figure 5.11), i.e., a monotonic increase. As mentioned in Falangola et al.

(2008) such ageing profile can be related to the systematic increase -paokétig
density also observed gmost mortenstudies. However, as described in the previous
paragraphs, the GM peak profile can also be influenced by the contamination of WM and
CSF voxels. On the other hand, the profile of the WM peak is only sensitevdirtear
decrease with age, due to the problem of detecting the WM peak.

For the peaks obtained on the histograms from the segmented WM and GM maps,
the systematic GM peak shift to higher values of MK are not so evident. In particular,
after the earlythirties the GM peak position seems to be stable (and that should be the
reason why the step down model suggests no ageing correlation with GM peak position).
For WM, the profiles of the peak position changes is identical to the ones described by
the MK mean on prefrontal WM (panel A of Figure 5.4), and therefore it can be also
related to the later maturation process and subsequent demyelination.

Since kurtosis is a very recent modality and the ageing differences between the
different features of the GMvere never reported before, it is important to note that
further analysis is required twalidate theprofiles observed and to assess which
biological mechanisms are responsible for the different age profiles on different diffusion
features for a specifiissue type. For example, future G&"AN6 s anal ysi s
700 subjects can provide a large significance on distinguishing true biological changes
from artefacts introduced by the MRI Rician noise or other possible artefacts introduced

by DKI processig and analysis procedures.

5.4.3. Analysis based on TBSS

Preliminary TBSS results show patial differences in diffusion metrics

Despite being based only on linear correlation with age, the TBSS analysis reported in
this thesis shows significant age nbgas which depended on different spatial tracts but
also on different diffusion and kurtosis metrics. Although significant increase of MD

occurs on all the analysed tracts, FA and MK show specific patterns which seem to be
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related to specific tracts oféathuman brain. Such patterns are also different between FA
and MK metrics, and therefore it is once more shown that kurtosis values have the

potentiality of showing additional information to conventional diffusion metrics.

Next steps on TBSS analysis

It is important to note that tracts which did not show linear correlations with age cannot
be interpreted as not suffering changes over human lifespan. In particular, such regions
can be sensitive to other correlation profiles such as quadratic or evenpoofiies.
Therefore, for the next steps of C&AN ageing analysis it will be useful to test the
significance of ageing differences using general linear models with terms with higher
degree, such as quadratic or cubic terms. After this, one can algseawaich tracts
stops maturing earlier, which starts to degenerate later, or which remain mostly
unaffected by age. Finally, such profiles can be related to changes in functional
anatomy, (e.g. Zarei et al., 2006) by correlating the tract changes and data from
functional MRI, and related to cognitive changes by correlating observed changes on
tracts to the scores that each subject presented on behaviour tests.

5.5. Chapter Summary

In this chaptethree approaches to investigate the ageing changes on metrics extracted by
DTl and DKI were compared: analysis based on the means across regions of interest,
based on histograms, and vokelsed. First the analysis based on the mean across
regions of inérest showed results that were consistent with previous studies, in particular
for the percentage of WM, GM, and CSF, and the metrics extracted from the diffusion
tensor. Since DKI is a very recent modality, some of the results shown here were never
repoted before and, therefore, they should require fudhatysisto validate thaletected

ageing changes. However it was already shown that kurtosis metrics have potential to
reveal different microstructural changes when compared to conventional metrics
extracted from the diffusion tensor. In this chapter,-tin@ar DTl seems to be useful to
validate DKI results from the smoothing blurring effects on metrics extracted from the
diffusion tensor, while the more accurate DKI direct fit method supports thamdkViD

profiles given by the DKI ordinary linear least square. Despite some pitfalls for the
histograms analysis being identified, this type of analysis seems to have potential in

providing different features when compared to the mean values extractadthieo
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prefrontal ROI. In particular the average of MK on the prefrontal GM might show
degeneration of ax C8Ffilledsbacdrs oldar mallts, while G a s e
peak position might reflect a constant increase of GM cell packing. Finally, the
preliminary results from tract based spatial statistics have shown ageing differences that
not only vary for different white matter tracks but it also vary for the different metrics
analysed (MD, MK, and FA).
In general, the indexes of tissue complexityegi by MK, E hand Eg have been

shown to provide different information relative to the metrics extracted from the diffusion
tensor, and thus it can be concluded that DKI has the potential to identify unique ageing

changes on microstructures for thamCAN project.
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Chapter 6

Conclusions and Futur
6.1. Main objectives accomplished

The results presented, analysadd discusseah the previous chapters had two relevant

contributionsfor the CamCAN projectaccording to the two objectivesgmosed in the

beginning of my masterdés thesis (which wer
First of all,anaccurate procedurfer DKI processingvas suggesteldased on the

validation tests documented Chaptes 3 and 4. All these processingteps were

implemented on automatized scripts that are now available to allCaAM members. In

addition to the methodsfor DKI processing, the DKI analysigrocedures are also

available, which includes the methods for automatically converting ROIs from a

stereotypical imge to each subject space as well as the methods to extract automatically

guantitative parameters for DWIs (as mean values of different metrics from diffusion and

kurtosis tensors and the MK histogramsdé pe.
The second contribution to the C&®AN project was showing the potential of

DKI in providing unique information regarding the microstructural changes in the healthy

brain ageing. This was performed with three different approaches (Chapter 5): analysis

based on ROl means; histogram bagsaalyssis; and TBSS.

6.2. Summary of the results of this thesis and impacts

The results presented in this thesis are not only relevant for the purposes of tiANam

project but they also show relevant and general findings on the development of DKI
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edimation framework and on human healthy ageing. Therefore in the next two sub

sections the results of the thesis will be summarized and their impacts discussed.

6.2 1. Results on DKI methodological improvements and their impacts

In Chapter 3, it was shwn for the first time that linear approaches for extracting the
diffusion and kurtosis metrics from DKI have similar accuracy when compared to non
linear DKI approaches. As discussed on section 3.4, this could not be intuitively
expected since this wastrobserved on previous DTI studies. Moreover, results from the
diffusion tensor estimated by linear DKI were shown to be similar to the ones extracted
from the diffusion tensor estimated by Alomear DTI (section 5.4). Consequently, the
findings of ths thesis show that even simple DKI linear approaches can be used to
produce results similar to the more accurate procedures of DTI. Moreover, since linear
approaches can be implemented with high computational efficiency, DKI shows potential
in providing faster algorithms for DWI analysis than Alamear DTI algorithms.

Despite being one of the approache®st followed in recent paper&.g
Fieremans, Jensen, & Helpern, 2011; Gao et al., 2@l yesults of Chapter 3 show for
the first time pitfalls of using the constrained linear least square method based on the
approach suggested by Tabesh et al. (2011). In particular, constrainsheene to
induce large amounts of overestimations and underestimations and thus constrained linear
least squares might not provide a viable alternative fitting method relative to the simplest
unconstrained linear least solutions. Therefore, further deweots on diffusion and
kurtosis tensors estimation framework are still required.

Chapter 3 showed advances on the estimation of MK and MD by using the
proposed direct linear least squares fit. Despite not providing estimates of the diffusion
and kurtsis tensors, the values estimated by this method can provide accurate measures
for studies that only required values of MK and MD.

Some findings regarding the effect of noise and artefacts on the DKI estimation
framework were also reported in Chapter 3. revidus studies reported some
consequences of noise and artefacts on DKI such as the observed implausible values of
kurtosis (e.g. Tabesh et al. 2011); however the analysis presented in Chapter 3 of this
thesis goes deeply on this issue, pointing someifgpasharacteristicoof DKI noise
effects. For instance, it was shown that: 1) MK is more sensitive to noise and artefacts

than MD; 2) kurtosis is largely underestimated for voxels with low values of diffusion; 3)
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FA values are largely overestimated fromoxels with low anisotropy; and 4)
overestimation of kurtosis due to rectified noise are not significant for-tlauls used
by CamCAN. Such information can be useful for future work on distinguishing real
biological changes from artefacts on DKI amt the development of more robust DKI
procedures.

Despite previous studies having already arguedrdwastrationbased algorithms
are inadequate to correct motion artefacts on diffugielghted data (e.qRohde et al.,
2009, they are still used currdp since more sophisticated alternative are not yet
provided on the current toolboxes available. However, with the results of Chapter 4 it
was shown that motion correction procedures based only on the registration relative a
single DWI volume can corrupghe images with additional translations and rotations
instead of reducing the head motion effects. Therefore, from the results of this thesis, it is
highly recommended not to use such approach on diffusion MRI. If alternatives are not
available, one shdod verify the head motion correction results from the image
registration algorithm since the use of DWI with no correction can be more suitable.

For the first time the FWHM value of 2.5 mm for the Gaussian kernel to smoothed
DWIs which resolution of 2x2x mnt was experimentally justified in Chapter 4.
Moreover, apart from faster acquisition times, data acquisition at a lower resolution does
not show advantages for DKI since they were not sufficient to overcome the artefact of
implausible kurtosis values.Finally, the results of Chapter 4 have shown that data
acquired with larger voxel size does not necessary require larger filter size. Notably,
these results provide useful information for the selection of the filter FWHM size for

future studies.

6.22. Results onthe preliminary study of ageing using DKI and impacts

The preliminary ageing study using DKI presented in Chapter 5 shows results that are
consistent with previous DTI studies. Briefly, mean diffusivity increases and white
matter anisotropy as shown to decrease®m the early twenties. Since DKI is a very
recent technique, kurtosis values can require additional test to validate its accuracy as an
index of microstructural barrier complexity. However, from the results of this thesis,
kurtosis already shows potential to reveal unique information and to allow the

formulation of new hypothesis for the healthy ageing of the brain. For example, due to
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the increase of white matter kurtosis until the forties, it can be hypothesized that the initial
FA decrease cannot be only related to a degenerative process but might be due to
maturation of white matter structures with low degrees of anisotropy, such as the
maturation of regions with crossing fibres.

Relative to the previous preliminary ageingdstu(Falangola et al. 2008) the
results of Chapter 5 present a more detailed description of the ageing changes, since it
uses a larger sample of subjects. Moreover, it presents for the first time the age variation
of kurtosis and diffusion values from ratliand axial direction relative to axonal fibres.
Chapter 5 also reveals some pitfalls on analyses based on peak positions of MK
histograms. For instance, grey matter peak position values were shown to be inconsistent
with the profiles extracted from meavalues of MK within the prefrontal grey matter
ROI. Therefore, the association of MK increases on grey matter to the increase of
cortical cell packing density (as hypothesized by Falangola et al., 2008) should be further
investigated for its validation

Finally, TBSS shows that age related changes occur differently on specific tracts,
which suggests that changes in cognitive abilities can be related to changes on the white

matter connectivity between regions of the human brain.

6.3. Future Steps

6.31. Future steps on DKI methodological improvements

Despite an accurate DKI procedure for G&AN having been suggestéom the results

of Chapters 3 and 4, further improvements can still be perfoom&KI procedures. For
instance, although the resuttsChapter 4 show that image registration based methods are
not adequate for correcting DWIs, no alternative correction for head motion artefacts was
proposed. Instead, for the preliminary ageing study presented in Chapter 5, data from
subjects that larjy move during the acquisition of diffusiaveighted data (section 5.2)

was removed. To avoid this exclusion of data on future -C&N studies, the
development of procedures for DKI should be followed by introducing an adequate and
accurate algorithm forhead motion correction, for example based on the recent
suggestion of Bewmitay, Jones, and Assaf (2012) which proposed a correction

algorithm based on prestimations of DTI and simulations using a composite hindered
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and restricted model of diffusionamework. After reducing the impact of motion
artefacts on the DWIs, more robusethods for image noisemovalcan be introduced,
such as approaches that directly account for the diffusion Rician noise bias, e.qg.
techniques based on a Bayesian framew@#su et al., 2006) or on nonlocal means
algorithms(WiestDaessléet al, 2008) More sophisticated algorithms to extract the
diffusion and kurtosis metrics from pteeated DWIs can also be studied, for example the
fitting methods that account directly for the Rician noise nature (e.g. Veraart et al.,
2011b), or tensor fitting methods that incorporate the MK and MD informativacted

from the more accurate DLS method proposed in Chapter 3 of this thesis. Finally,
additional metrics to extract information from diffusion and kurtosis tensors can be
developed and implemented in the DKI processing pipelines, for example the DKI
metrics suggested yieremans, Jensen, and Helpern (20Whjch have thepotentialto
distinguishdifferent types of white matter pathologguch as demyelination and axonal

loss.

6.3.2.Future steps onDKI on human brain ageing

After acquisition of @ta for the 700 healthy subjects, the DKI procedures will be applyed
to the remaining data to increase the power of the analysis based on regions of interest,
histograms, and TBSS. Regarding the analysis based on mean values and histogram peak
positions,other regions of interest could be tested to study the brain spatial changes on
both white and grey matter. As mentioned at the end of Chapter 5, TBSS analysis can be
modified to tesdifferent ageing models, such as general linear models with quadratic o
cubic profiles. Other voxel based analysis can also be performed on the diffusion
weighted CanCAN data, for example standard voxelsed morphometry techniques to
identify spatial ageing patterns on grey matter. The biological interpretation of aiffusi
and kurtosis changes with age can be explored by relating the given results jwosther
mortem studies, by simulations based omonte carloalgorithms, and by biological
models (Fieremans et a2011)

Finally, the relationship between the microstural changes measured by DKI
and the brain cognition changes quantified by the behavioural measures of cognitive
abilities (memory, attentiomotion, language, and actiomijl be studied, as well as the

relationship between changes on DKI metrics #ral functional anatomy information
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provided bythe Calt ANG6s functi onal MRI dataset s.

unique information for the Ca@AN project in determiningthe extent of neural
flexibility across the lifespan and the potential foura reorganisation to sustain mental
cognitive being fundamental for the future understanding on how carpreserve

cognitive capabilitiesind increase our quality of life along our lifespan.

Rafael Neto Henriques
October 2012
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