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Abstract

Personalized Functional Near InfraRed Optical Tomographyto Investigate the

Hemodynamic Correlates of Fluctuations in Neuronal Excitability

Zhengchen Caj Ph.D.
Concordia University, 2021

The relationship between cortical excitability and hemodynamic activity has been demonstrated in
animal studies. However, it is poorly reproduced and understood in humans, limited by the
requirement of simultaneous measurements of excitability and hemoitynactivity.
Transcranial Magnetic Stimulation (TMS) is a Aamasive technique that induces human cortical
plasticity and allows the assessment of modulated cortical excitability. Functional Nedkddfra
Spectroscopy (fNIRS) is a nanvasive neuroimging modality, which allows monitoring changes

in oxy- and deoxyhemoglobin (i.e., HbO/HbR) in the cerebral cortex. Taking advantage of the
fNIRS technique being insensitive to electromagnetic artifacts and wearable, the combination with
TMS provides a uigjue and promising way to assess the relationship between cortical excitability

and hemodynamic responses in humans.

This Ph.D. thesis consists of four original studies combining personalized NeaRé&ufr@ptical
Tomography (NIROT) and TMS to investigatee hemodynamic correlates of fluctuations in
neuronal excitability, each including key methodological developments. In the first manuscript,
we proposed and evaluated a new NIROT reconstruction metti@dMaximum Entropy on the

Mean (MEM), by adaptingnd improving its original version proposed for Eledivtagnete
encephalography source imaging. After detailed evaluations of MEM NIROT on realistic
simulated data, we introduced in the second manuscript the original concept of personalized
NIROT workflow combining MEM reconstruction and personalized optimal montage. Using
functional magnetic resonance imagiag the reference, the evaluation of finger tapping data
demonstrated that our proposed workflow allowed better spatial accuracy and reliabilghtéran
widely used NIROT methods. The third manuscript applied this workflow on a simultaneous TMS
and fNIRS study and demonstrated a positive relationship between motereltdskl
hemodynamic activity and cortical excitability. The last manuscript egp@dvanced Bayesian

data analysis and hierarchical models to the same data set, which improved the accuracy and



reliability of the results when dealing with relatively high variability and small sample size data.
Our results showed a significant positigerrelation between the effects of TMS modulated
cortical excitability and its effects on tasélated hemodynamic activity. Therefore, our studies
contribute to further expand the application of brain stimulation to the treatment of neuronal

disorders thiamay require modulations of the hemodynamic response.



Ré&umeé

Tomographie Optique Proche Infra-Rouge fonctionnelle et Brsonnalis&€ed ans |dés®t ud e

corr® ations entre |l es fluctuations h®mody.

Zhengchen Cai, Ph.D.
UniversitéConcordia, 2021

La relation entre I'excitabilité corticale et I'activité hénodynamique a éédénontré& dans des

déudes animalesCependant, cette relation est mal reproduite et comprise chez I'humain en raison

de la n&essitéde mesurer de fapn simultané I'excitabiliténeuronale et I'activitéhénodynamique.

La Stimulation Magndique Transcréaienne (SMT) est une technique non iveagli permet
déinduire une plasticit® <corticale chez | 6 ht
Spectroscopie Proche InfRouge fonctionnelle (SPIRf) est une modalitéde neumagerie non

invasive qui permet de mesurer les modifications d'exyle dé&oxyhénoglobines (c'esé-dire

HbO/ HbR) au sein du cortex c®r®bral. LOoutili seze
déo°tre portatif et insensible aux artefacts ®
ainsi un moyen unicguet prometteur d'&aluer la relation entre I'excitabilitécorticale et la r¢ponse

h®&modynami que chez | 6humai n.

Cette th se de doctorat sobdarticule autour de
Optigue Proche InfriRouge Personnalis&@ (TOPIR} la SMT pour éudier les corrdations entre

les fluctuations hénodynamiques et I'excitabiliténeuronale, chacune incluant des dé&eloppements
méhodologiques clefs. Dans le premier manuscrit, nous avons proposéet &aluéune nouvelle
méhode de reconstraion TOPIR- I'entropie maximale sur la moyenne (EMM), en adaptant et
amdiorant sa version originale proposé pour l'imagerie de source édectrique/dectromagnéique.

Apr s des ®val uat i-TORPIR sud d$ donnéed déneukations eéllel GoEsM M
avons introduit dans | e deuxi me manuscrit | e
| 6ai de du montage opti mal personnalis® combin
magnéique fonctionnelle (IRMf) comme rdéence, l'analyse ddsnnés de tapotement des

doigts a dénontréque notre méhode permettait une meilleure préision spatiale et une meilleure
fiabilitéque les autres méhodes NIROT largement utilis&s. Dans le troisiéne manuscrit, nous

avons appliquécette méhode aunegéde si mul t an®e SMT et SPI Rf. N



existait une relation positive entre l'activitthénodynamique lie ala t&he ralisé& et I'excitabilité
corticale. Dans le dernier manuscrit, nous avons appliquéune analyse bay&ienne des donnés et
des mod | es hi®rarchiqgues au m°me ensemble de
et la fiabilitédes réultats vue la grande variabilitéde nos donnés et la petite taille de notre

&hantillon.

Nos résultats ont montréune corrédation posie et significative entre les effets de I'excitabilité
corticale modul ®e par | a SMT et | 6effet de |
contribuent donc amieux comprendre et probablement adargir les indications de la stimulation
cédral e dans le traitement des maladies neurologiques pouvant n&essiter des modulations de la

réponse hénodynamique.
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Originality of Thesis

This Ph.D. thesiss based on four studies, each consisting of an original research manuscript.

Statements of originality corresponding with each ofpiftugectsare summarized below.

Manuscript 1: Diffuse Optical Reconstructions ofFunctional Near I nfra-Red Spectroscopy
Data using Maximum Entropy on the Mean

We introduced a new fNIRS reconstruction methtdee Maximum Entropy on the MegiMEM),
which was adapted and improved based on its original version desigrgedivoencephalogram
(EEG) andMagnetoencephalograpliWEG) source imaging.

For the first time, we implemented a depth weighting strategy within the MEM framework allowing
more accurate spatial localizations along different generator depths and sizes.

We improved the temporal accuracy of the original MEM reconstruction, proviindar
temporal performance compalto the standardinear reconstructiormethodMinimum Norm
Estimate(MNE) which is usually considered to providgood temporal accuracyhis feature is

crucial for reconstructing hemodynamic responses.

Performance of MEM and MNE were evaluatagasing 4,000 realistic simulations containing
different generator depths and sizes. We showed that MEM provided more robust reconstructions

than MNE, when reconstructing low SNR data.

Manuscript 2: Evaluation of a Personalizd Functional Near Infra-Red Optical Tomography

Workflow using Maximum Entropy on the Mean

We introduced an original workflowlenotedpersonalized Near InfrRed Optical Tomography
(NIROT), integratng severamethodologcal development®f our lah i.e, MEM reconstruction
and fNIRS personalized optimal montage.

We introduced newprocedure to extract the region of interests from fMRh&p as the evaluation
reference of NIROTmages considering the knowspatialvariability of fMRI main cluster due to
within-subject variabilityof fMRI data

We demonstrated that MEkhethodperformed better thatihe MNE methodin terms of spatial
accuracy and achieved similar temporal accuvaognappledto a real motor taskVe alsoproved
aforementionedhdvantages foour proposed workflow asrobustamong all time points ithe
whole reconstructed time course (not only on the péatgellent performance of MEM in tesn

of spatial accuracy remained valid even when further thresholding the reconstructed/emaigs.



demonstrated thatur proposeaptimal montag®f the NIRS layoutaiming at maximizing light
sensitivity to a target regiodjd notintroducebiason the reconstruction results.

We conducted reliability analysis and showkdt MEM wasa morereliade methodthan MNE
when considering withiflbetweenrsubject variability.

To practice open science, all methodologies of the workflow have been implemented in
NIRSTORM- a plugin of fNIRS data analysis in the Brainstorm softwangl openly available for
thosewho are interested in this approach

Manuscript 3: Hemodynamic Correlates of Fluctuations in Neuronal Excitability: A
Simultaneous Paired Associative Stimulation (PAS) and functional Near InfriRed
Spectroscopy (fNIRS) Study

This study is the first onto investigatethe relationship between excitability and hemodynamic
activity with simultaneous PASNIRS in humans. It contributes to the field from both scientific
and methodology perspectives.

We demonstrated a positive limealationship betwegprimary motor cortexNi1) excitability and
taskrelated hemodynamic resporregardles®f the intervention typeWe also showed that PAS
could modulate both M1 excitability and elicited hemodynamic resppraaggestinghat PAS

effects onM1 excitability and hemodynamic activierepositivelyandlinearly correlated.

We proposed a resampling techniglesignedo extract reliable, robusind datadriven HbO/HbR
measures from fNIRS reconstructiomeing blind to PAS interventioypes. This strategywas

applied consideringhe variability ofeachhemodynamic responge the motor taskinstead of
usingonly oneaveraged hemodynamic responBkis approacitan befurtherapplied in general

applications for reliable fNIR&nalysis.

Manuscript 4: Hierarchical Bayesian Modelling of Task Related Hemodynamic Correlates
of Neuronal Excitability Changes using Simultaneous Transcranial Magnetic Stimulation
(TMS) and functional Near Infra-Red Spectroscopy (fNIRS)

We developed origial hierarchical Bayesian models for PAS effects on M1 excitability and
hemodynamic activity. The variability oMotor Evoked Potential MEP), HbO, and HbR
amplitudes weralirectly involvedin the estimation of PAS effects rather than only using the

avera@d amplitude of each session

For the first time, we modeled and demonstrated PAS effects on the wholeotinse of task

related hemodynamicesponsesThis approacttan bring more insigtg into PAS effects on

Xi



hemodynamiaesponses not only peak amplitude before and after the interventionan be
compared, bualso intervention effects on tlowerall shape of HbO/HbR tinmdurses.

We demonstrateanimprovementn data analysiprocedurevhencompaedto our previous study
this time involving data variability inan advanced data analysimethod using probabilistic
modeling We illustrated theaddedvalue of the Bayesian framework along with informative

inferences when dealing with relatively highriabilitiesin the data

Xii
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Introduction

Introduction

Both voluntary and spontaneous neural actigityindudng two physiological reactions known

as neurometabolic coupling which is directly related t@onsumptios of the brain foloxidative
glucose metabolisniClarke and Sokoloff, 1999 measured s the cerebral metabolic rate of
oxygen(6 0 'Y J; and the neurovascular coupling (NVC) which regulates the local cerebral blood
flow (CBF) for0 andglucosedelivery(Phillipset al, 2015) The uncoupling of CBF anal 0 Y 0

is calleddunctional hyperena {Fox and Raichle, 1986; Fox, 201@hich results in increasés
oxygenatechemoglobin(HbO) concentration and decreasesl@oxygenatechemoglobin(HbR)
concentrationFunctional Near InfrdRed spectroscopy (fNIRS) measures fluctuations of both
HbO and HbR notinvasively in thehuman headvith high temporal resolutiofJdsis, 1977;
Scholkmann, Kleinet al, 2014) When only measuring the attenuation of ired lightemitted

at a constant intensitfhrough the head, the hemodynamic activeépresented by the relative
concentration changes of HbO and HbR within the light pathway can be estimated. This technique
is referredo as ontinuous wavéCW) fNIRS (Ferrari, Mottola and Quaresima, 2004; Ferrari and
Quaresima, 2012)

The associative synaptic plasticifyames, 1890; Feldman, 20,12xplainng the mechanism®f
neurlasticity, is related to synapse's ability to adapt to continuous changes in the external and
internal environmentThe strengthening afynapsess known as bngTerm Potentiation (LTR

Bliss and Lomo, 1970; Bliss and Lano, 197&hd thewealkening ofsynapsess known as bng

Term Depression(LTD, Sejnowski, 1977; Bienenstock, Cooper and Munro, L982veral
noninvasive brain stimulation approachesdbeen proposéd induce transit and stabtdbanges

in neuronal excitabilitysuch as transcranial Electrical Stimulation (tE&grton and Morton,

1980; Reed and Cohen Kadosh, 2Q18janscranial Magnetic Stimulation (TMS3Barker,
Jalinous and Freeston, 1985; Klomjai, Katz and Lackfalye, 2015) and trans@nial focused
ultrasound (tFUS]Legonet al, 2014; Blackmoret al, 2019)

TMS is the most widely used techniqtigatcannot only modulate neuronal excitability but also
assess the modulation effect per se. For instan@#tability modulation can be obtaineding
repetitive TMS (rTMS) This procedure delivers repetitions of TMS pulses following a specific
frequencynormally betweel to 20Hz can increase cortical excitabilityhereastimulating with

alowerfrequencybetweerll to 4Hz candecreaseexcitability (Fitzgerald, Fountain and Daskalakis,
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2006) Another procedure, known asaikRed Associative Stimulation (PAShspired by the
concept ofSpike-Timing DependenPlasticity (STDP) from animal stues (Levy and Steward,
1983)was established about two decades @§§tefan, 2000)PAS consists in combining TMS
with a peripheral electrical stimulation such as Median Nerve Stimulation (MNS). It relies on the
principle that repetitive stimulatiopairs(TMS and MNS)delivered withappropriatdiming and
pacecaninduceL TP andLTD-like plasticity. For example, whethe interstimulus intervals (ISI)
between MNS and TMS is arou@8ms (PAS25)it would increase cortical excitabilitwhereas
anlSlI of 10ms (PAS10) would indueexcitability decreaseCortical excitability assessmehas

been conventionallybtainedvia the measuement ofthe Motor Evoked Potentials (MEPS)
amplitudeon the targeted muscles while deliversigglepulse TMS (spTMS)on the motor cortex

before and after PAS interventions.

The relationship between hemodynamic activity and cortical excitabggyeen illustrated in
severalanimal studiesFor instance, atudy onthe visual cortex of anesthetized safsing low
frequency rTMS (e.g1Hz) and invasive optical imagimgportedimmediatéy increased tissue
oxygerations peakng from 10s to 15s afterapplying rTMS, followed by a reductionof
oxygenatiorastingaround2 minutes (Allen et al, 2007) Excitatorylow-intensity rTMSwasalso
shown toincreagh e al t hy rstate éosnectivdysahdi GABA, glutamine, and glutamate
levels, whereas inhibitory stimulation resulted reduced connectivity and glutamine levels
(Seewooet al, 2019) However, the relationship between cortical excitability and elicited
hemodynamic activity is poorly understood in humar&ich investigation requiresmiltaneous
measurements of excitability and hemodynamic actiyiyebneret al, 2009) Functional
magnetic resonance imaging (fMRI) & typical tool that measures hemodynamic activity
consideringts reliability, ease of use, high spatial resolutemd sensitivity to deep brain regions
(Bandettiniet al, 1992; Kwonget al, 1992; Glover, 2011)Jnfortunately conducting concurrent
TMS and fMRIis technicaly challenging(Hallett et al, 2017) considering the fact that both
techniques involve high magnetic fielJdaisgng safety issugsand introdug substantial artifacts.
MRI-compatible TMS coils have been develogiidvarro De Larat al, 2015; Wang, Xu and
Butman, 2017and applied to investigate TMS induced hemodynamic resp@is®sing similar
time course of fMRI signalwhen compared tthe one esked by a motor tasffNavarro de Lara
et al, 2017) However,a recent fMRI study did not reproduce these findings oTt¥& induced

hemodynamic responséRafiei et al, 2021) On the othehand, fNIRSrelies on optical signal
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hencesignals that are insensitivea@tectromagnetic artifac{€urtin, Tong.et al, 2019) Besides,
fNIRS acquisition does not limit the space TMS coil placement when stimulating different
cortical areasin general, teseadvantage allow the implementationof concurrent TMS and
fNIRS in amuch more straightforwanthannerthansimultaneou§g MS/fMRI. More importantly,
fNIRS brings more insight;ito hemodynamic responses by measuring both HbO and HbR
concentration changewith excellent tempotaesolution Therefore, simultaneoUBMS/fNIRS
appearsas a unigue tool tvestigaé the TMS stimulation effects ortortical hemodynamic

fluctuations

However, the combination of TMS and fNIRS remains challenging especially when considering
the following aspectgrirstly, conventional fNIRS channel space analysis reliethemisage of
modified BeerLambert Law (MBLL), which makes a strongssunption on homogeneous
concentration changesf hemoglobinwithin the underlying region(s) of intereshdeed,the
cortical hemodynamic isatherfocal and nothomogeneousvithin the brain, hence the analysis
under this assumption induceystemicerrors( O6 Lear y et al ., 1.995;
Fortunately, such erromuld be substantiallyeducedvhen considerindNear InfraRed Optical
Tomography(NIROT) suggestedy Boas, Gaudette, et al., 2001; Strangman, Franceschini and
Boas, 2003NIROT avoids tis assumptiorf underlyinghomogeneityby reconstructing the light
intensity changes measured in the channel splacegthe underneath cortical asedt actually
consists insolving an ill-posed inverse problem that requires specific regularizatmobtain a
unique solution Besides, standartNIRS capsmay alsoprovide less reliableestimations of
hemodynamic responsehie to the lack of personalization aspatial informationof fNIRS
sensorgNovi et al., 2020)Secondly similar to othemortinvasivebrain stimulation techniques,
PAS response might beariable exhibiting sometimesevenunpredictable effectd=or instance,
Ldez-Alonso et al. (2014 showed that only 39% of subjegsovidedan expected response to
PAS25,andSuppa et al (2017 suggested that PAS efficiency can be as low as 508¢emless.
Suchvariability of the brain response to neurostimulati@pends upon multiple factors, including
the genetic susceptibility, position of the coil, aather aspect§Ziemann and Siebner, 2015)
Similarly, variability has also been reported taskevoked hemodynamic respossehen
measured using fNIR8Novi et al., 2020)Lastly, ageneral problem for neuroimaging studies is

the small sample sizeespecially when dealing wittechnicalacquisition challenges, ethical
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considerations, and costs. This brings up the issue of the robustness and reliability of research
findings(M. Yu et al, 2018; Zuo, Xu and Milham, 2019)

Overall, the investigation on the relationshiygtween hemodynamic activity and cortical
excitability not only requires the technical combination of TMS and fNIRS butralgares
methodological developments aiming teduce/solve the abowaeentioned limitations Such
methodology improvementsould include: the development of more accurate inverse problem
estimation for NIROT; the integration of NIROWithin a workflow designed to improve the
reliability of estimated émodynamic responses; tlestablishmentof an analysis strategy
considering the variabilityf the data and finally, the application ofophisticatedstatistical
framework carefully handlingsmall sample sizevhile allowing more informative and reliable

inferences.

The overall objective of this Ph.Dthesis was to develop and comprehensively evaluate
personalized NIROT workflow using the MEM reconstruction framewodombined with

personalized fNIRS montagend to apply ito the investigatioron hemodynamic correlates gf

fluctuations in neuronal excitability usg the concurrentTMS and fNIRS acquisition

This thesis is organized as follows:
Chapter 1 to Chapter @re state of the art chapteneviewng essential background information

Chapter 1 introduces the fundamestdICW-fNIRS, focusing on explaininfiNIRS signal
components; how conventional data analysis processes the data in the channel space; and
what could be the corresponding disadvantages. Then we presentcdheept of
personalized NIROT workflow, from probe&esign using optimal montage to NIROT
reconstruction using the MEM framework, designed to estimate more atgumate

reliably hemodynamic responsesing fNIRS This chapter is also includirayshort review

of the existing methodologigsoposed tsolve the NIROT inverse problem

Chapter 2reviews theconcept of thecombination of TMS and fNIRS. Biological
mechanisms of brain plasticity are first brigfisesentedfollowed by the introduction of
several commonly used TMS sequences to elicit excitalsitiatnges, especially focusing

onthePAS paradigntonsideredn this thesis. We then review the concept of combining
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brain stimulations and neuroimaging modalities, including the advantages and challenges
of commonly used neuroimaging modalities whenducting experiments with TMS, such

as EEG, fMRI, and PET. The same perspestiaee then discussed in detail for
TMS/NIRS followed by literature reviews covering most of the TMS/iNiREted

studies on healthy subjects.

Chapter 3 introduces the fundantal aspects of Bayesian data analysis, which explicitly

deals with the problems of small sample size and large varialtién considering most
norrinvasive human brain studi€®@mbining neuroimaging and neurostimulatidris

introduction includesthe presentation oBayes 6 t heorem and pr ob:
posterior distribution sampling techniques following thstory of technical evolutions;
thestrategies taliagnog Bayesian models throughmplingtechniques andvaluaion of

the accuracy and Irability of the estimated posterior distribution; afidally, statistical

inferences usinthe concept oposterior predictive simulations.

Four manuscripts presented in Chapters 4 to 7, are theomposing the maircontribution of

this thesis

Chapterd present®urwork developing and evaluating the MEM framework for NIROT
(Cai et al., under review We adapted the MEMnethod previously developed and
validatedby our teamin the context of EEG/MEG source imaging, to solve the inverse
problem of NIROT reconstruction. We originally introduced a depth weighting strategy
within the MEM framework for NIROT reconstructigio avoid biasing the reconstruction
results of NIROT towards superficial regions. We also proposed a new initialization of the
MEM framework to improve the temporal accuradyhe reconstructions when compared

to the original framework. To evaluate MEM performance and compueiigh the widely

used deptiweighted Minimum Norm Estimate (MNE) inverse solution, we applied a
realistic simulation scheme that contained 4,000 generators with different locations, spatial

extents, and depths along the cortical surface.

Chapter 5 presents the study in which we propesetievaluatedraoriginal workflow
entitledthe personalized NIROTC@i et al.,2021,in press HBN).. Personalized NIROT
integrats methodological developmentsroposedin our lab to deliver accurate and

reliable hemodynamic response estimations. This workflow carefully considered each step
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of a fNIRS study from the experiment design, data acquisition, to the final data analysis,
and was optimized to improve the accuraag reliability of reconstructed hemodynamic
responses. This workflow was evaluated on fingeping fNIRS data acquired from ten
healthy subjects for whom we estimated the reconstructed NIROT spatiotemporal images
and comparedhem with fMRI resultsof the same individuals. We also compared the
performance of MEM reconstructions with MNE solutions and assessed the reliability of
the performance differences between them, using apamametric measure called

discriminability.

Chapter 6 includes our appli@@n study using the previously developed personalized
NIROT workflow wheninvestigating the relationship between taskated hemodynamic
activity and brain excitabilityGai et al., under reviewTo do so, we conducted the first
PASINIRS investigationusing simultaneous TMS and fNIRS. Sixteen healthy subjects
participated in a sharwontrolled, pseudorandomized, counterbalanced study with PAS on
the right primary motor cortex. The relationship between primary motor cortex excitability
and hemodynamic rpsnses to finger tapping reconstructed via personalized NIROT was
assessed. We also introduced an original resampling technique to ensure reliable, robust
and datadriven (intervention type blindstimation oHbO/HbR measures extracted from

NIROT resultsthat was independeat PAS interventiortypes

Chapter presentshe last study included in this thegizai et al., in preparatignin which

we revisited datanalysisfrom our previous TMS/fNIRS studyconsidering this time an
advanced Bayesian data analysis workfiowrder to take into accoumter-/intra-subject
variability from both brain stimulatiorinduced cortical excitabilityneasuresand task

related hemodynamic responses. To do so, we proposed hieraBhyesianmodels
investigating®AS effects on M1 excitability; PAS effects on the whole time course of task
related hemodynamic responses; and the correlation between them. Diagnostics of the
models were conducted to assess the robustness of the estimated pdistalkiations.

Finally, statistical inferences were conducted via posterior predictive simulations.

In the end Chapter 8 concludethis thesis with ageneraldiscussion ofthe main results

contributions, limitations, and perspectivesaf proposedtudes.
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Chapter 1

Personalized Functional Near InfraRed Optical Tomography

This chapter will present the personalized functional Near -Ré&a@ Optical Tomography
proposed in this thesis for estimating spatiotemporal maps of hemodynamic responses along the
human cortex. We will start by introducing the continuous wave fNIRS-{RIRS), focusing on

the explanation of 1) what CANIRS measures and 2) conventional data analysis in the channel
space and corresponding limitations. We then summarize our proposed personalized functional
Near InfraRed Optical Tomography (personalized MIR) workflow from probe design using
optimal montage to NIROT reconstruction methodologies, including how to solve fNIRS

reconstruction forward and inverse problems.
1.1 Continuous WavefNIRS

fNIRS measures nemvasively fluctuations of botbxygenatedHbO) and deoxygenateHbR)
hemoglobinin theheadwith high temporal resolutio@ldsis, 1977; Scholkmann, Kiker, et al,
2014; Yicel et al, 2021) When only measuring the attenuation of irried light through the head
emitted at a constant intensitire relative concentration changes of HbO and HbR within the light
pathway can be estimated. This technigueferred to theantinuous wavéCW) fNIRS (Ferrari,
Mottola and Quaresima, 2004; Martin Wolf, Marco Ferrari and €siara, 2007; Ferrari and
Quaresima, 2012)This section will explain what CMNIRS measures and how to conduct

conventional data analysis to infer the cortical hemodynamic responses.
1.1.1 Cerebral neuronal activity related hemodynamics

Hemodynamicss defined aghedynamics of blood flovand ofall the structures through which it
passeg$Secomb, 2016)Cerebral neuronal activity related hemodynarsaefined as the process

of glucose and oxygefv ) delivery by the bloodwithin local vesselslong the cortex, which is
required by variousnetabolsms of erebral neuronal activityCellular processes of neurons
consumeenergy in the form of adenosine triphosphate (AT&)d almost 90% OoATP is
synthesizedby oxidative glucose metaboliswhich requires) (Dienel and Hertz, 2001; Phillips

et al, 2015) It is of interest to note thate human brain consumes more than 20% of oxygen and

glucose at resthile only taking 2% of whole body weight.
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Hemoglobin(Hb), which is present in the red blood calisnown asa twoway 0 carrierprotein
deliveringd from the lung to tissugdlarengeRowe, 2006)The binding ofi and Hb was first
reported by d&renchphysiologst Paul Bert(Bert, 1878) Almost a century after this first report,

in 1962, arAustrianBritish molecular biologgt Max Perutavon theNobel Prize in chemistrigy

studying thestructure ofHb usingX-ray crystallographyEachhemoglobinactually consists of

four subunits (see Fig.1a), and each subunit is constructed by two components: 1) the heme group
(green in Figla), which contains the ferrous ion atom tleatersiblybindsto a0 molecule and

2) the polypeptide chainwhich is eitherltike (red in Fig.1a)or b-like chain(blue in Fig.1a)
(MarengeRowe, 2006; Mairbairl and Weber, 2012)

The dynamic ofy and Hb binding is known as cooperative bindjAgmed, Ghatge and Safo,
2020) meaning once Hb is bound with oine, the other hemergups become more likely to bind
with 0 . In contrast, Hb is also allosterically inhibited by carbon dioxi@e ). Therefore, when

0 U concentration is increasing in blood plasma of local tissue, Hb will dump the banded
support) consumptions. fiese two states of Hb are referred to astémse statéT) when less

0 molecules are bound to Hndthe relaxed statéR) when more) molecules are bound to
Hb. Suchsophisticatednechanismallows efficient delivery of) to whereit is needed. The
cooperative binding can be summarized bydbeilibrium betwee and R state@erutzet al,
1998; Safo and Bruno, 2011; Safbal, 2011)following the oxygenequilibrium curve(OEC)
shown in Fig.1b which representshe 0 saturation of Hb(i.e."Y0) as a function ofartial
pressures o (i.e.0 (). When Hb is in T state (red curve), OEC shifts to the left side, therefore
it is more likely to bind with) , shown by increased slope and high&rthan the one on the
black curve with the same ). Additionally in the R state (blue curve), OEC shifts to the right
side thus tends to releaSe, indicated by decreased slope and loWerthan the oneat the

equilibriumstate.
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Fig.1.1 Structure of hemoglobin and the oxygen equilibrium cuna. molecule structure of human
hemoglobinThe geen color represents the heme group contains ferrous ionsattvered binds with;
red and bl ue col-colrairnresp r-abaos, nespectiviebe Figune taketUfrdnairbérl
and Weber, 2012b) oxygen equilibrium curve, dashides indicated 0 at 50%"Y U value under the
equilibrium state represented by black cumezl and blue curves represent the left ffifstate)and right
shift (R state)respectively. Figure taken fro&khmed, Ghatge and Safo, 2020

Voluntary or spontaneous neural activity wilduce two physiological reactions, as shown in
Figl.2a, that is,neurometabolic coupling and neurovascular coupling Neurometabolic
coupling is directly related to the consumption of the brain faxidative glucose metabolism
synthesing ATP mentioned above, which is quantified by tte¥ebral metabolic rate of oxygen

(6 0 Y. It will increase the local concentration of HbR and decrease the local concentration of
HbO. The second process is the neurovascular coupling (NN®@) and Sherrington, 1890;
Phillips et al, 2015) which regulate the local cerebral blood flow (CBF) Giorand glucose
delivery. This regulation involves the neuron, #strocyte glial ced andthe vascular smooth
muscles, in which thestrocytanediates the coupling of neuronal activity andvhgular smooth
muscleto dilatecerebral arterie€Zontaet al, 2003; Metea and Newman, 2006; Huneau, Benali
and Chabriat, 2015However, CBF will not just deliver the right amount(of required by

0 0 'Y pit rather increase with a larger fraction42imes) ofd 0 Y O(Buxton, 2012; Fox, 2012)

This fraction is callexygen &traction fraction(OEF) (Hogeet al, 1999; Buxtoret al, 2004;
Gauthier and Hoge, 2012Y¥he uncoupling of CBF and 0 'Y Uis historically referred as
dunctional hyperena @Fox and Raichle, 1986; Fox, 201@r o6éwash out o6 effect.

result in local concentration increases of HbO and decreases of HbR. The combination of the above
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two reactions will eventually induce the HbO increase and HbR decreasaly,dvhen
investigating task evoked hemodynamic, @WRS isintendedto measure (i.e. the measurement

of interest) HbO/HbR concentration changes evoked by the voluntary neuronal activity within
cerebral region, illustrated in the red cube of Fig.1.2b.
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Fig.1.2 Mechanism of HbO/HbR concentration changes and the signal component of interest for
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functional brain activity measurementa) neural activity induced cerebral metabolic rate of oxygen
(6 0 'Y increase and the functional hyperemianeurovascular coupig (NVC) Eventually these two
physiological reactions result in thiecrease of HbQO.Hb) and decrease of HbfHHb). Figure taken
from Scholkmann, Kleiser, et al., 2014) assumed (ideal) measurement of interestifiehemodynamic
responsevoked by theoluntary functional brain activity. Figure adapted frdrachtsidis and Scholkmann,
2016

1.1.2 The principle of CW-fNIRS

The work of Jbsis published inScienceis often cited as the firah vivo measurement of
hemodynamic responses induced by neuronal activity fiNIR$ (Jdosis, 1977) Indeed, that was

the proposal ofdsis, but in detail, it was not intended to measure HbO and HbR, but rather the
cytochromec-oxidase (CCOgata cellular levelwhich isan enzyme in the mitochondrrectly
involved inb metablism(Bale, Elwell and Tachtsidis, 2016Ylore importantly,CCO related

near infrared light attenuatiors a brairspecific signasincethe concentration af is much higher

in the brain than in extracerebral tissu@khough the #enuationof CCO inthe nearinfra-red

band is higher thatlb (see Fig.2.3a, the green curve in shade area)sigimal amplitude
fluctuation induced b¥CO concentration changes is ju# to 10% of that froniHb, especially
because of the overall low quantity of OQvhen compared to HiBale, Elwell and Tachtsidis,

2016) This brings technical challenges to improve the sensitivity of optisalimentatioreven

10
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nowadays. Fortunately, HbO and HbR, which are related talelivery required byl

metabolism can also absorb light within tlearinfra-redbandc al | ed &dopti cal wi nc
Fig.1.3a (from650nm t0950 nm). The selection of this optical window ders the facts that 1)

light attunation of water is much lower than for other wavelength bands, therefore, ensuring
sufficient light intensity remain detectable after being absorbed by human tissues (around 73% is
composedby water); 2) HbO and HbR hawistinctive absorption coefficients , therefore,

allowing to differentiate them by using IR light sources operating by at least two wavelengths. For
details of the history and development of fNIRS, please refer to this réweerari and Quaresima,

2012)

Wavelength selection for differentiating HbO and HbR was initially based on the idea to have one
lower and one higher wavelength in thiesorption spectrurshown in Fig.1.3a, rather than the
isosbestic pointvhere the absorption coefficient is the sameHbO and HbR (aroun800nn)
(Zijlstra, Buursma and van Assendelft, 200Djfferent studies have investigated the optimal
combination to increase the signal mise ratio (SNR) and decrease the citadis between HbO

and HbR. In general, 830nm was determined to pair with the other wavelengths that are lower than
the isosbestic pointStudies have located the typical values of the other wavelength based on
different criteriasuch as 1) the lowemgertainty oflight absorbance chand&amashita, Maki

and Koizumi, 200%)2) higher SNR of estimated HbO/HI{R. Satoet al, 2004)and 3) lower
HbO/HbR crosgalk estimated either theoretically or simulated Mgnte Carlo simulatios
(Strangman, Franceschini and Boas, 2003; Okui and Okada, 2005; Kawetgrlcla008) So far
690nmand 750nm have been used by most of the commerciafNBRS devices to pair with
830nm. More deibs of the fNIRS instrument review can be foundartin Wolf, Marco Ferrari

and Quaresima, 2007

In practice, a light source (S), étad by either a lasatiodeor alight-emitting diode(LED), is

placed on the scalp surface and illuminatearinfra-redlight into the head tissue. Light diffuses

in the head, and is detected by a detector (D) placed at a specific distance away from the light
source. Due to the scattering, the path of the detected light foflodanana shape shown in
Fig.1.3b, and the btwm of it can reach the superficial area of the cortex (e.g., grey matter).
Depending on the distance of the SD pair, one can probe cortical regions that are less than 2cm in

depth to the scalp using an SD separation of around 3cm. On the other hgpaksth&e to only

11
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monitor scalp Hb concentration fluctuations, using the steparation (SD or SS) channel around
0.8cm (see Fig.1.3b).
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Fig.1.3 Demonstration of the principle of CWMNIRS. a) the absorption spectrum for different
chromophores in the Imian head, the optical window is defirfeaim 650nm to 950 nm, in which water has

a low absorption coefficient, and Hi¢G,Hb)HbR(HHDb) have distinctive absorption coefficientsigure

taken fromScholkmann, Kleiser, et al., 2013) demostration ofthe CWANIRS channel consists of a light

source and detecto he path of the detected light followsacsa | | ed débanana shapeb6 (v
the scattering of the light. HE penetration depth depends on the separation of the SDApgjpical

channel with a 3cm SD distance would probe as deep as 2cm from the scalp, whereasepahation

channel (around 0.8cm) only detects Etincentration fluctuations within the scalpigure taken from

Herold et al., 2020

Solving the concentration changes of HbO and R the light absorption changes measured
for two (or more) wavelengths requires two (or m@gyations, obtained by tmeodified Beer
Lambert Law(mBLL) first proposed byelpy et al, 1988; Delpy and Cope, 199andbased on
the original work oBeerLambert Law(Bouguer, 1729; Lambert, 1760; Beer, 1838)mBLL,

relative changes of optical densi§ O w o within a specific time sgn w dat a certain

wavelength_, is expressed as a function of Hb concentration changes,

YOO wd YOOO0 OO YoOo6 OO0

0o (1.2)

12
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where’O 0 is the light intensity (irw ) of wavelength_(in & &) transmitted through the medium

at time instand . "O 0 represents the baseline light intensity used to normalize the previous one
so that relative changes could be estimatedQ&) Jxé & 3x &  is the molar extinction
coefficientof chromophoréBpecific to wavelength (indexEreferring to either HbO or HbR).

Y& Q& ¢ @ is the concentration changesabfromophoré(e.g., HbO or HbRYO U "G
estimates the path | ength of the ®ba&ste@a sha
differential path length factarsed to correct the sourdetector distanc® Q& & to the actual

path length, which is affected by scattering of thentligenoted asO . This reflects the
omodi ficati on6 i nO istoesidared hsLstationary bytasseming thel changes

of OD resulted from scattering are much less than the ones resulted from absorptions. Therefore,
‘O 0 andO 0 arecanceled out. When HbO and HbR are ¢theomophore of interest, two

above equations can be used to solve the relative concentration changes of them as follows,

3FO0Y - - YOO wd§0Od O

’” 5w N4 s 5 (12)
30w U - - YOO g Ou "0Q

The estimation ofmolar extinction coefficierstof HbO and HbR used in GYWIRS are reviewed

in Matcheret al, 1995; Jacques, 2018Ithough© 0 "Qvas shown to vary from age, gender and
even brain regiofDuncanet al, 1995; Zhacet al, 2002; Strangman, Li and Zhang, 2018pst

of the fNIRS studies nowadays still use the fixed empirical values reported in the literature
(Hiraokaet al, 1993; Fukui, Ajichi and Okada, 2003; Li, Gong anad].2011) Please also note

that the effective pathlength 0 "GXQ2can also be estimated individually by conductMgnte

Carlosimulation on subjeegpecific anatomyNakamureet al, 2016; Whitemaret al, 2017)
1.1.3 Other components of CW{NIRS signal

Knowing the principle of C\AINIRS mentioned above, we can conclude that it is actually not
ideal only measuring the evoked hemodynamic responses within the cerebral region shown in
Fig.1.2b. As lights pass through multiple head tissues, the attentiowanf ot strickly reflect

only the cortical hemodynamic. The components of thefl@WRS signal are welteviewed by
Scholkmann, Kleisert al, 2014; Tachtsidis and Scholkmann, 2006 will briefly summarize

them to emphasizelvat is really measured by GYMIRS, more importantly, how to reduce the

13
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confounding. There are six components of the fNIRS signal proposet@iablytsidis and
Scholkmann, 201&hown in Figl.4a, includg the voluntary taskvoked cerebral HbO/HbR
concentration changes, which is the signal of interest in mostNORS applications. The second
component may be the other signal of interest, which represemsisahi&neouseuronal activity
induced hemodymaic changes. It is often considered as the baseline activity that may not
confound too much the voluntary taskoked hemodynamics in G¥WIRS applications since the
latter one measures the relative changes to the baseline. This component is alsodheestmg

state functional connectivity analysis using fNIR®asaiet al, 2011; Sakakibarat al, 2016;
Santosaet al, 2017) aiming to estimate the functional network of the brain, inspired by the same
research topic in the field ofifictional magnetic resonee imaging (fMRI)(Bandétini et al,

1992; Kwonget al, 1992; Smithat al, 2017) The other four components consist of the systemic
physiological noise (i.e.,pairwise combinatios between rest/task and extracerebral/cerebral)
related tocirculatory changegMesquitaet al, 2013; Cabrerizet al, 2014) These noises (see
Fig.1.4b) are often contributed by cardi@auernfeindet al, 2014; N and SK, 2018plood
pressure(Tachtsidiset al, 2009; Mindi et al, 2011) respiration(Scholkmannet al, 2013;
Scholkmann, Kleinet al, 2014) Mayer wavegKirlilna et al, 2013; Yicelet al,, 2016) and low
frequency oscillaons (Tong, Lindsey and Frederick, 2011; Toeigal, 2012) In the end, non
physiologicalnoise can be induced by motiofigrigadoiet al, 2014; Jaharet al, 2018)

1.1.4 Channel spacanalysis for CW-fNIRS

The conventional data analysis for estimating HbO/HbR concentration changes (see Figl.4a) in
CW-fNIRS applications consists of data processing to remove the above noises and to apply mBLL
for each SD pair (channel). At tiseudy desigrstage one can intrduce long jitters betwedask

events or even totgl randomizethem, and then combine with simple trial averaging or
deconvolution(Aarabi, Osharina and Wallois, 2010 minimize systemic circulatory changes

that are nophaselockedwith stimulus The most straightforward way to denoise is to directly
reject the noisy channels or trials prior to further inferences. Aoisy signal can be marked
empirically by visualization or quantified by thresholding on SNRel et al, 2021) coefficient

of variation(CV) (Schmitzet al, 2005; Schneidegt al, 2011; Eggebrecldt al, 2012; Pipeet

al., 2014) andcontrastto backgroundatio (CBR)(Selbet al, 2005) Cardiac,respiration and

Mayer waveselated noises can be removed at some level by simple bandpass filteriGg0(e.g.

to 01 Hz) depends on the frequency of inter€sicel et al, 2016) Although systemic

14
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physiologicalnoise that typically overlaps with this frequency band is difficult to remove, the
general approach is to regress them out from the signalsgesiegal ihear models (GLMJvon
Lihmann, Li, et al, 2020; von Lihmann, OrtegMartinez, et al, 2020) The estimation
approaches do not require extra measurements approximating the noise. Such as the studies using
global averaged fNIRS sign@faeussingeet al, 2014)or applying a principal component spatial

filter algorithm (Zhang, Noah and Hirsch, 2016; Zhagtgal, 2017) The most popular approach

to measure the extracerebral noise pplgng the short distance (see Fig.1.3b and Fig.1.4b)
channels that detestuperficial physiological nois€Zeff et al, 2007; Gregget al, 2010) A
specially designed peripheral device measuring thefteguency blood flow oscillation placed

on ear lobe(s) or finger(s) can be utilized to estimate more accurate systemic physiological noise
(Tonget al, 2012, 2013; Sutoket al, 2019) In the end, motion artifagtan be removed by spline
interpolation(Scholkmanret al, 2010; Coopeet al, 2012) principal component analysis (PCA)
(Zhanget al, 2005; Brigadoiet al, 2014) correlation based signal improvement (CB&l)i,

Bray and Reiss, 2010fiscrete Kalman filteéng (Izzetogluet al, 2010)and Waveletfiltering

(Molavi and Dumont, 2010)Motion artifact components can also be detected directly by the
accelerometer (see Fig.by
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Fig.1.4 CW-fNIRS signal componentsa) six components of G¥WIRS signal, the first two components

are voluntary (evoked) and spontaneous (egaked) neuronal activity induced hemodynamic, which are
the signal of interest, other four components are often considered as systemic physiotiggcaiduced

by circulatory changes, related to voluntary and spontaneous activity, exist in both cerebral and
extracerebral (scalp) regions. Figure taken fr&tholkmann, Kleiser, et al., 2013) demonstration of the
typical CWNIRS noise. Motion artifac{detected by accelerometer), cardiac noise (detected by
Photoplethysmographic (PPG)), blood pressure and respiration (detected by respiration band) are shown
by each green curve. They both exhibit in short separation and long separation channels akigufeom

von Lihmann, OrtegaMartinez, et al., 202(c) a typical HbO/HbR response evoked by 10s tasklated

using convolution model and canonical hemodynamic response function (HRF).
1.2 Personalized NIROT

While the channel space analysis reliesttimusage of mBLL, it actually makes three strong
assumptions1) the effects of scattering on the relative Hb concentration changes is negligible; 2)
the medium (i.e. human head) under the fNIRS channélsn®geneouand 3)homogeneous
concentration changed Hb within the underlying region(s) of interegtlthough assumption 1)

is valid in CWHNIRS and 2) is physically not true but would not influence the estimati
relative changes, the invalidity of assumption 3) aetually introduce systematic errolsdeed,

the cortical hemodynamiesponsés focal (esgecially for taskevoked ones) rathilomogeneous
within the brain Inspired by studie§ O 6 ly etaly 1995; Poguet al, 1995)showing thasuch
errorscould be substantiallyreducedoy the diffusion optical tomography (DO Bpas, Gaudette,

et al, 2001; Strangman, Franceschini and Boas, 20@8e demonstrated the misestimation of
HbO/HDbR concentratiorchangesusing mBLL-based channel space analy&isas et alclearly
showed thafocal hemodynamic perturbatiaould be inaccurately estimatelde to thepartial
volume effec(i.e., heterogeneous of Hloncentration chang&sduced for instance by a tgsand

the differential wavelength sensitivifiye., different optical pathlength dependents on wavelength).
It is also interesting to notice that the reason why mBLL was initially used in fNIRtighe

early human related applications were mainly on measuring the global (rather local) hemodynami
1) in tissues such as muscle, which is more valid lem@ogeneoumedium and the changes of

Hb are also relatively homogenous; or 2) in the human head but focusing on general oxygenation
level not specific to the taskvoked activity.
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To solve the ative problemNear InfraRed Optical Tomography (NIROTalso called DOThas

been proposefArridge, 1999; Boas, Brookst al, 2001) NIROT avoids assuming homogeneity

by reconstructing the light intensity changes measureceirchihnnel space onto the underneath
cortical area before converting them into local hemodynamic HbO/HbR chéingies. provides

a more flexible way for inferencing the results. One can visualize the reconstructed spatiotemporal
map, extract the reconstted HbO/HbR time course and even conduct statistical parametric
mapping similar to fMRI studies. In this section, we will go through our workfloWI&OT
proposed in this thesisthe personalized NIRO Ibased on the previous work of the {&achado

et al, 2014b, 2018and Chapter 4 and 5.

1.2.1 Personalized fNIRS montage

A montage refers to the spatial layout of the fNIRS sources and detectors along the scalp.
Traditional fNIRS montage uses a fixed distance (~3cm) between a source (S) and detector (D) to
probe the cortex. However, for NIROTiffdrent SD separations are often required not only
because it is named tomography but also to improve the accuracy and resoluBsnltaig
spatiotemporal maps. Constrained by optodes size and the installation using a cap, early
applications of NIROTbt en used a montage <called Adoubl e
different SD separations, depending on devices but in general a short one around 1.5cm and a long
one around 4cm. Many studi€gamamotoet al, 2002; Boas, Dale and Franceschini, 2004;
Kawaguchi, Koyama and Okada, 2007; Yostetial, 2011)have shown that simply using this

setup could improve both accuracy and resofutif the NIROT resultsomparedo standard all

3cm c hannmdlticecaotergigeomeNiésp di st ri buting sources an:i
within a lexagon was proposed b¥hao, Ji and Jiang, 200&his montage contains more than

two levels of SD separation and further improved the reconstruction imagéy quaked by
simulations. One of the most used montages for NIR@$ developed throughout the studies
(Joseptet al, 2006a; Zeffet al, 2007; Koch2010; White and Culver, 20100 which sources

and detectors are arranged in different locations following a rectangular geometry with different

SD separations. It could form up to 1,200 channels with four levels of sepahaBorss0, 3.9,

and 4.7cnto cover almost half of the scalp argaygebrechet al, 2012, 2014) These layouts

indeed improved the reconstruction accuracy and resoldtigrnthe location of the channels is
manually designed based on a predefined geometry. In Rdehadoet al, 2014 proposed a

personalizedoptimal fNIRS montageconsistsin estimating a subjedpecific optimal fNIRS
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layout,which maximizes the spatial sensitivityo the hemodynamic responsasnga predefined
targeted brain regionThis optimal montage technique aimed to maximize the sum of the
sensitivity of all possible channels along the scalp with constraints such as the optode number, SD
separation range, and overlapping (i.e., adjacent describing how many detectors hastuotco
channels with each source) intdirgear integer programming probleniherefore, theesulting
montage is quantified to be the optimized resolution with certain constraints (see Fig.1.5).
Moreover, it is personalized since the sensitivity caloutedind region of interest (ROI) definition

are based on the individual anatomy (see details in Section 2.2.2). In this original work, all possible
locations of the optodes were constrained irel@etroencephalogram (EEGNIRS cap due to

the limitation d the device and optodes installation method. Finally, the optimal montage evolved
in Machadcet al, 2018 where optodes can be freely installed anywhere along the scalp. This was
inspired by the workYicel et al, 2014) in whichfNIRS sensors werglued(rather than using a

cap with fixed positionpn the scalp using a clinical adhesive, called collodion, which would
minimize the motion artifastand improve the signal to noise ratios of fNIRS signisligreover,
Machadoet al, 2018showed thapersonalized optimal montagetiwa largenumberof locally
overlapping channeldllows accurate local reconstruction of NIROT imag€sllowing these

works on the optimal montagetigadoiet al, 2018evenclaimed taerminatehemanuamontage

design In this thesis, to improve the accuracy of the montage gluing and the further forward
modeling, we introduced thdigitalization of theoptodegositions along with more than 150 head
pointsusing a neuronavigation systeirhis ensure accurate cgegistation withthes ubj ect 6 s
headanatony. Our pilot investigation showed that the average installation displacement to the
theoretical optimal montage is 7mm among 120 optodes of 6 montages. This displacement is only

the width of the optodes used in our s&isd
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Figd5Demonstration of personalized opti mal mont age
configurations a) 4 sources 16 detectors with 2 adjacent, SD separations ranging from 20mm to 40mm.
Note that since the overlapping is set toa i@djacent =2), to place the optodes along the head, optimal
montage has to spread them away from the region of interest. b) 4 sources 8 detectors with 2 adjacent, SD
separation ranging from 20mm to 40mm, decreasing the detector number reduced the prat)|dmt

the montage is not dense enough due to fewer optodes. c) 4 sources 8 detectors with 2 adjacent, SD
separation ranging from 15mm to 40mm, increase the range of SD separation increased the overlapping.

d) 4 sources 16 detectors with 10 adjac@&i, separations ranging from 15mm to 40mm. High density
(overlapping) montage is achieved by a higher number of optodes, SD separation rang, and adjacent, which

is preferred for conducting NIROT.
1.2.2 Model of NIROT

In CW-fNIRS based diffusion optical tomograplirridge, 1999) a linear modelis used to
describethe relationship between measured optical density changes on the scalp and wavelength

specific absorption changes within head tisssiéollows
Yoo &V (1.3

whereY( ‘O is the optical density changes specific for waveleng¥f Q& &  represents
the wavelengtispecific absorption changaithin the medium. 0 "Q& & is the sensitivity
matrix (also calledJacobiarmatrix) relating absorption changes to iopt density change®ote
that scattering is ignored from the full model of diffusamproximatiorsince CWfNIRS assumes
only absorption relategherturbations(Fantini and Franceschini, 2002for convenience, a
simplified notation is often used in NIROT literature,

w 0w Q (1.9

where® 1 0 is a matrix thatrepresents th¥0 O in fNIRS channelrj at time samples.

R o isthey" in locationf along the cortex at tim@® 1y 1A is the sensitivity matrix
speci fic t oheatdanaomyThd addittomab termQry 0 models the additive
measurement noigstimated from the baseline fluctuatioS®lving the reconstruction problem
for NIROT consistsof solvingtwo problems known as 1) the forward problem, which computes
matrix © based on the modeliraf light propagatiorwithin the heterogeneousmediumi human

head and 2) thimverse problem which estinesthematrix @ (i.e. the amplitud for each location
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| at timed). Thisinverseproblem is illposed and admits an infinite number of possible solutions
due to the fact thahe number of possible generatgreshere a change of absorption could occur

is much larger than the number oéasurements.

Note that the resultech only estimates the relativabsorption change i.e.Y' , for one
wavelength, it is not yet the relative HbO/HbR concentration changes. To complete the
reconstruction process, t he | as® obatlegsttwoonsi st

wavelengths to HbO/HbR concentration changes as follows,

Won'yY . V¥ | | ¥

_ 1.
WwOwo v v | | V! (1.9

wherel is called thespectral composition matrigArridge, 1999; Zharet al, 2012b) which
containsthe wavelengthspecificmolar absorptioroefficient for HbO or HbR. This is similar
as mBLL equation 1.2 but without tkiferential path length factdDPF) corrected path length.
Y* is estimated along the cortex by solving the inverse problemereTore, theresulting
HbO/HbR concentration changesaVthe partial volume effects existing in the mBLL approach.

In the following two subsections, we will introduce how to solve the above two problems.
1.3 NIROT forward problem

TheNIROT forward problem is to solve thierward photon migratiowithin thecomplex turbid
medium An analytical solution likeRadiative Transfer EquatiofiRTE) is often considered an
accurate estimation but challenging to solve in real applicatiDiffusion approximation
(Ishimaru, 1978; Dehghani, Eames,al, 2009)was developed to approximate RTE solutions
using the combination of few lowerder expansions of ith generalthe RTE for the photon
fluence ratecan be formulated by thdiffusion approximatioras follows(Wheelock, Culver and
Eggebrecht, 2019)

H"’m nOObE B U bR ED 0 0B (1.9

wherei BD is the photonltience ratdin o j @ &) of avolume element at positiamand time

0.1 denotes thelivergenceandn represents thgradient ® is the dsorption coefficientin
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@& ) andy is the peed of light in biological tissugn w § & ). 0 B is the total poweof a
unit volume radiaing isotropically outwardin units ofcoj ¢ &). O b is thediffusion coefficient

(in @ &j £ ) at positionbdefined as

Ob 1.
o' P ' b (1.7

in which® b is the sattering coefficien at positionib. When assuming thBomogeneous

medium, the above equation 1.6 is simplified as,

o ED U Pk ED L 0ED (1.9

1k 8D
e
According toSvaasand, 1993; Trombegtal, 1993; Haskelet al, 1994 the light sourc® B
modulated by intensity following a specific frequency can be expressed as the combination of
direct currentDC and #ernating curren{AC) parts with asthe angular frequency of the

intensity modulatioras follows,

bEo 0 BD 0 HOQ (1.9
In CW-fNIRS, where light intensity is constant, the above equation 1.9 then only consists of the

DC partd , therefore the solution of equation 1.§\Wgheelock, Culver and Eggebrech019)

5 b TUU ’(')Q l_ (1.10

Note that this is only the static solution of the diffusion approximation under the assumption of the
infinite and homogeneouredium. Although thdast finite elementnodeling(FEM) approach
(Arridge et al, 1993; Paulsen and Jiang, 1995; Oketal, 1996)is available when dealing with
multiple tissue types of the medium suchteshuman brain, the accuracy of the above diffusion
approximation is limited by the increase of the complexity of the medium. For more details of the
diffusion approximation deration specific NIRS, please refer to the recent re\i@ikeelock,
Culver and Eggebrecht, 2019hich provides the clear equation derivation and the explanations

of the underlying assumptions.
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On theother handMonte Carlo (MChalgorithm(Harrison, 2009)s ageneraktochastisimulation
approach to solve complex models numerically. It is also widely used to solve the RTE and is
considered the gold standaagion (Prahl, 1989; Wang, Jacques and Zheng, 1995; Zhu and Liu,
2013) In this thesis, we applied the most used MC toolbox for light propagation modeling in
biological tissues the Monte Carlo eXtreméMCX, http://mcx.spacg/developed byrang and

Boas, 2009; Yao, Intesnd Fang, 2018It takes advantage @fraphics processing uniGPU)

parallel computation to speed up the calculations, completing the simulation of photon migrations
in few tens of seconds usings@Force GTX 1080 Tgraphic card with the following seip: p Tt

photons emitted by a point source migrating inside the human head méaesiviith a step of
0.5ns.MCX allows two approaches to estimate the sensitivity madacdbians namely, the

adjoint Monte Carlo (aMCjCraneet al, 2003; Fanget al, 2004; Chen and Intes, 2014nd
perturbation Monte Carlo (pMGHayakaweet al, 2001) T h e t e r fersto thelgdjoint nt 6
simulation of the light fluence from the detector position along with the one calculated for the
source position per se. The Jacobian is then calculated by the normalized multiplication of these
two fluences according the reciprocityof light. The latter approach is a more efficient method

that avoids calculating the adjoint fluences by a reply nfgee, Intes and Fang, 2017, 201&it

less accurate with the same computation cost. Considering the accuracy and acceptable

computation cds, we utilized aMC approach for solving the Jacobgaim(equation 1.4).

To describe the changes aptical propertiesn @ of equation 1.4, which reflecthe neuronal
activity evoked hemoglobin concentration changase needs to derive hawis changed by
perturbatingls i with a slight change. This requires tiRytov approximationas follows
( O6 L etalr1995; Arridge, 1999)

ke K idipQ P (1.12)

the current fluencds igip is expressed by the baselifllencels idip after a small
perturbation 5 igfip L B ighibp . ipspecifies the location of the light source amdkpresents

the location of the perturbation within the medium.

UndertheRytov approximationthe full expression of forward modeling of the equation 1.4 using
the aMC approach for CMNIRS based NIROT is then expresseda=o, Intes and &g, 2018;
Wheelock, Culver and Eggebrecht, 2019)
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o 115
B
0 Yy ip (1.129
0 Oidb b idio
0 ~ B idp ©
whereY* ip is the absorption changes at the locatmm is the Jacobin specific for

absorptionperturbations aipwithin spatial regions ; "Oidip is the Greens function dhe
diffusion equatiordefined aipaccording to thésotropic pointsource locatiofp; 5 i ee and
5 idip represats thephotonfluence (ind & ) measured at the point detector locatedpat
migrated from the location & (location of thepoint light source) andp, respectively (see

Figl.6¢c). When measuring tifleence inside the diffusivenedium(Furutsu and Yamada9%4;
Yao, Intes and Fang, 2018)

k idip  "Oidip "Oidip (1.13
The photon fluence at any locatimwithin the medium can be solved by launchiignte Carlo
simulations. Thephotonpacket weights initialized as 1 at a predefined location at the scalp
surface and decreased according to 1) the scattering determines where the photon migrates to, the
initial scattering direction is randomized according to HenyeyGreenstein phase function
(Furutsu and Yamada, 1994; Boaisal, 2002a)and the scattering depends on #uattering
coefficient ( ) and anisotropy fact(m); 2) absorption coefficient ( ) at each location within the
medium determines the amount of weight loose. After launching sufficient number of photons, the
wight of each photon packet at each location is accumulated and fdlueaee distributiorof a

specificsource(see Figl.6b) dimg a specified timgate(Fang and Boas, 20Q9)
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Two-point process
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Three-point process
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Fig.1.6 Solving NIROT forward problem by Monte Carlo Simulatioa) head tissue segmentation
resulted in five tissues, scalp, skull, Cerebrospinal fluid (CSF), gray matter and white matter: Tissue
specific absorption coefficiert (), scattering coefficier{t ) and anisotropy factor (¢)¥aroslavsky et al.,
2002)will be assigned to be the medium of MC simulation. b) laimgcphotons at the source location

ipto simulate the light migration inside the head and estimate the fluence at each lazadia@ujoint MC
to calculate the sensitivity for locatiopby launching two MC simulations: one from b) and an adjoie

from the detector locationp d) projected sensitivity profile on cortical surface (i.e. 1sigface) using
volume to surface projection process proposehyva, Makni, et al., 2006 Figures b) and c) adapted
from Strangman, Li and Zhang, 2013

The above aMC approach is calculated specifically for a medium, which is the human head in
NIROT. Thisrequires the 3D anatomical image of the full head and its segmentations. The 3D
anatomical image is acquired bigh-resolution T1 and T2 weighted Magnetic resonance imaging
(MRI) images(Bloch, 1946; Purcell, Torrey and Pound, 1946; Gratesl, 2015) Due to the
difference of H ¢ ¢ Win different tissue types, it is often recommendedegnsent the head

into five tissues (i.e. scalp, skull, Cerebrospinal fluid (CSF), gray matter and white matter)
(Yaroslavskyet al, 2002; Fang and Boas, 2009) this thesis, the segmentatiofs processed

using FreeSurfer6.@rischlet al, 2002)(https://surfer.nmr.mgh.harvard.ejlahd SPM12 [Penny

et al., 2011](https://www.fil.ion.ucl.ac.uk/spm/software/spmlL2Gray matter and white matter
masks were generated from the cortical/subcortical segmentation of FezeSuaelp and skull

masks were segmented using SPM. All segmentation processes used both T1 and T2 weighted
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images to achieve more accurate estimations of the tissue types by taking advantage of their

complementary contrasfsee Figl.6a)

In addition, cosidering the hemodynamic fluctuations are evoked in the cortical regions,
anatomical constraints can be involved by defining the reconstruction solution space within the
gray matter volumgBoas and Dale, 2005Jurthermore, in NIROT applications, the forward
model in volume space wassually dowrsampledconsidering the general spatial resolution of
fNIRS. Suchag ¢ ¢& & usedin(Eggebrechtetal., 2014y, o o0& & in (Eggebrecht

et al, 2012andt 1t 714 & applied in(Yamashita et al., 2016AnotherNIROT approach
(Pfeifer, Scholkmann and Labruyé&e, 2018)so projected the volumetric forward model to a
cortical surface before conducing reconstruction. This is also setttroencephalogna(EEG)
andmagnetoencephalography (ME&jurce localization studiéBale and Sereno, 1993; Grova,
Daunizeauet al, 2006; Chowdhungt al, 2013) In this thesiswe assumed that there are many
possible locations of absorption chasghstributed over the reconstruction space defined on the
cortical surface megsee Figl.6d). Therefore we projected the sensitivity from volume to surface
using a Voronoi based method proposed@pva, Makni,et al, 2006 This cortical surface
projection is also prefred by the fact that our inverse problem solutiddaximum Entropy on

the Mean MEM) was originally developed operating in the surface space.
1.4 Solving NIROT inverse problem

Several inverse problem solutions have been proposed for NIROdghout the literature. This
subsection reviews these methodologies from the most straightforward back projection to the one
used in this thesis MEM.

1.4.1 Back projection (BP)

Back project (BP)was first proposed in optical image reconstructionAalker, Fantini and
Gratton, 1997firstly applied in NIROT for human cortical hemodynamic reconstructidsois

et al, 2004and still used in some studié&hai and Cummer, 2009; Das, Dileep and Dutta, 2018)
nowadays. In the BP method, thensitivity matrixd in equation 1.4s assuned to beorthogonal
therefore, th@pseudeinverseof itself iso , and the solution of inverse probl&mn is defined as

follows,

25



Chapter 1:Personalized Functional Near InfraRed Optical Tomography

W 0 "Yw (1.19

where"Yis adiagonal matrixthat normalizes the column of BP is known to overestimate the
reconstructed amplitude, therefore providing a larger spatial extend and more blurring image (Boas

et al., 2004) compared to Tikhonov regularizatb@sed reconstructions.
1.4.2Truncated singular value decompositiontSVD)

The tSVD method is based on thmore Penrose (MP) pseudoverse(Penrose, 1955pf the
sensitivity matrixd used for instance iRiperet al, 2014; Tremblayet al, 2018 6 (pseude

inverseof 0) is estimated as,
0 w0 Y (1.15)
where"Y(an orthogonal matrix) an@ (consists of singular vectors in each column) are from the

SVD decompositiorof the matrix0, then the estimated solution of the inverse problem is,

A ®w Y w (1.16)
in whicha corresponds to the dimensionality of tinencated matrix (i.ew h and"Y ) in
equation 1.6. The truncationsgliscard the termwith singular values that are zero or very small
Moreover,& can be optimized by locating tip®int that exhibits thénighest curvature in the-L
curve(Hansen, 1999; Tremblast al, 2018) tSVD solution is also known for producifuurry
reconstructedmagesHabermehkt al, 2014)

1.4.3Minimum norm estimation (MNE)

Minimum norm estimatiodMNE) is first proposed byHdanddnen and limoniemi, 1994for EEG
and MEG source ladization It is alsoone of the most widely used reconstructagorithmsin

NIROT (Boaset al, 2004a; Zefet al, 2007; Dehghani, Eamest al, 2009; Whiteet al, 2009;
Eggebrechet al, 2012, 2014)MNE is based on th&khonovregularizationin whicha penalty

regularization term A&)& is addedo the least squarex thedata fit terme® 0 @& , and

the MNEsolution is tominimize the sum othem as follows,

& Ol QA b OE AN (1.17)
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0 0 0

wheret andt are the inverse of noise covariance dhd inverse of source covariance,
respectively,_is the hyperparameter to regularize the inverdioris estimated from baseline
recordingsconsidered as the representation of the néisis assumed to be an identity matrix in
conventional MNEIn the end_ can be optimizedy the L-Curve method suggestég Hansen,
2000 Like tSVD, MNE solution is also known for producisgatteredand blurry reconstructio
images(Haufeet al, 2008)

1.4 4 Low-resolution electromagnetic tomography(LORETA)

LORETA was first proposed bjPascuaMarqui, Michel and Lehmann, 19%ér EEG source

localization and applied in NIROT ifremblayet al, 2018 it introduces a spatial smoothness
constrain fomeighboring sources matrix ¢ using aLaplacian operatad, therefore the solution
is expressed as,

& Gl aKD 60 _A &
(1.18)

It can be understood as a weighted form of MNE solution seakéngmum spatial smoothness

However, it still produces large spatial extent results.
1.45 Sparse reconstructions basedoh  HT "H T 1 "I{

To overcome the large spatial extent issues in the above approaches, several reconstruction
methods have been developed to resubpiarsenaps. Therefore, the reconstructed maps tend to
locate most of the amplitudes inside one or more focal regions. &uthe/bp 1 1 Cdlased
sparsityregulation(Matsuura and Okabe, 1995;, Lighter and Styles, 201@nd the/brt 1T T O

based regulation combined wighparametecontrols the smoothnegsiohimani, BabaieZadeh

and Jutten, 2009; Prakashal, 2014) These methods can be generalized as follows,

Wy Wi QaAD 0 WE _A (1.19)

wheren refers to the order of the normL L p, known as§ 1 | Odased regulations.
These methods might result in too focal results, therefore, having difficulty in the applications with

extending generator along the cortex. There are also other methods gropos®bine MNE and
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m T 1 Qb resultin a tradeff betweerfocality, extension, and smoothness, such agtual
Vector FieldReconstruction (FVR) proposed Ijaufeet al, 2008combinal & dhormanda 2

normin thepenalty function
1.46 Bayesian model averaging (BMA)

Bayesian model averaging (BMAlies on the Bayesian inferences, which estimate the
probability distribution ofv. It calculates theveighted average of the solutions estimated under
differentmodek (MacKay, 1992; Fragoso, Bertoli and Louzada, 20T8eweightis defined by

the posterior probability afachmodel.Trujillo-Barreto, AuberVaquez and Vald&Sosa, 2004
introduced this framework in EEG source location and further applied it in NIROTdoyblay

et al, 2018 In general, it can be formulated as,

no @ nao o N0 W (1.20)

wherer) @ @ is the posterior probability distribution of BMA estimat@donditioned on

datac. It is calculated by the weighted average of the posterior probability distribution of a specific
modelDd estimatedd conditioned on daté, namelyfy & @h) 8The weight is represented

by theposterior probabilityf each moded conditionel on data y, i.e) 0 < hwhich is often
referr e cgviderwéfathe ntothee 16t i s uswually relying on th
0 naodd M o0 between models, which quantifies the modeicertainty when
conducting model compaons) U I can be derived for multiple models by the combination

of Bayes factors between each modelto a reference modél (Trujillo-Barreto, Aubert

Vaquez andVald&-Sosa, 2004a)in practice, multiple models can be constructed by applying
different inverse approaches mentioned above and using different prior of the underlaying
activation with different cortical parcellation. In both works on E@®ujillo-Barreto, Aubert

Vaquez and Valdé&Sosa, 2004aand NIROT(Tremblayet al, 2018) this approach improved

the sensitivity and specificity of the reconstruction comparing @écothers. However, it is well
understood nowadays that the Bayes factor is not preferred as a model comparison approach in the
modern Bayesian framewofkelmanet al, 2013a; McElreath, 202@ue to the facts that 1) it

could be biased by prior selections and 2) difficult to calculate in practice since it requires to

calculate the integral of a certain pability density function.
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1.4.7 Bayesian approachusing Automatic Relevance Determination (ARD) hierarchical

prior

A hierarchicaBayesian (HB) approach has been proposed firstly to regularize the inverse problem
resulting in sparse reconstructed maps in MEG source localization(btudy Satoet al, 2004)
The prdvability distribution of the generator along cortéxif equation 1.4) conditioned on data

wcan be assumed as a Gaussian distribution as follows,
he & Q° (1.20)

The prior ofthe inverse of source covarianice(also callegrecision, same as the one in equation
1.17) is modeled as a diagonal matrix in which the diagonal elements(0 for the number of
voxel or vertex along the cortex) can be modeledrbgutomatic Relevance Determination (ARD)

hierarchical prioborrowed from the Bayesianaohinelearningfield (Neal, 1996)

ni @l $ h (1.22)

wherg follows aGamma distributiondf) with mean equalsto  anddegree of freedomequals
tof . The use of Gamma distribution introduces®# constraintor thesource covariance
such that largenean ofprecision farge| ) would penalize small values @fand vice versa. In
the original work oM. A. Satoet al, 2004 | andr were estimated from the fMRI activation
map of the same subjecth&@ approximate posterior distributiorwas calculated by using the
Variational Bayesian (VB) methdolased on maximizing thieee energy functiomquivalent to
minimizing the Kullback-Leibler distancebetween the posterior distribution @fand a trial
distribution(Attias, 1999; Sato, 2001)

This approach was adapted for solving the NIROT inverse problem firstBhimyolkawaet al,
2012 using the MNE solution (in equation T)lto initialize the hierarchical prior (in equation
1.21). The authors also further introduced a spatial smoothing filtéd,fosing &6-mm full width

at half maximum (FWHM) Gaussidternel. Considering the fact that fNIRS signal consists of
physiological noise exhibits in scalp (see section 2.38)mokawaet al, 2013 expanded the

model in equation 1.4 into the summation of two parts, 1) cortical reconstrusiiog the above
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method and 2) scalp reconstruction usisgarce covariance  constructed by the combination

of the Laplace operatob) and ehyperparametdf) controling the smoothness, such that

0 — 0 . Therefore, thephysiological noise was assumed to be removed from the
reconstruction directly. This method is finally validated on real data set of motor task by comparing

to fMRI activation maps itYamashiteet al, 2016

The above method improved the accuracy of EEG/MEG and NIROT reconstructions and
demonstrated thesuperiority of Bayesian approaches over conventional methods described
previously. However, methodologically speaking, as also pointed duiloynenmaat al,, 2007;
Yamashiteet al, 201§ it is hard to optimize the initialization value for the parameter which
controls the balance between prior and data. Bedtteegosterior is approximated bgriational
Bayesian(VB) rather thara full Bayesian approach using the posterior sampling technique (see

section 3.2). VB solution can result in biased estimation of the posterior distribution.
1.4.8 Maximum Entropy on the Mean (MEM) framework

Maximum Entropy on the Mean (MEM) was first proposedinyblard, Lapalme and Lina, 2004
before being adapted and carefully evaluated in our lab in the context of EEG/MEG source
localization(Grova, Daunizeatet al, 2006; Chowdhuret al, 2013) A key property of MEM
source imaging is its ability to recoviére spatial extent of the underlying generators accurately
as we demonstrated in the context of 1) localizing transielefgic discharge€Chowdhuryet al,

2016; Groveet al, 2016; Heer®t al, 2016; Pellegrino, Hedrictet al, 2016; Pellegrinet al,
2020)and oscillationgPellegrino, Hedrichet al, 2016; Avigdoret al, 2021) 2) dealing with

focal sources evoked by electricagédian nerve stimulatior{sledrichet al, 2017) 3) EEG/MEG

fusion in the presurgical evaluation of epileg&howdhuryet al, 2018) and 4) MEG resting

stateconnectivity(Aydin et al, 2020) We will introduce MEM framework by two parts as follows,
1) MEM solution:

In the MEM framework which is a probabilistic framework, the probability distribution of the
amplitude of®, described a®@nw 1 ®Q @can be estimated by Bayesian inference, starting
from a predefined prior distribution afdenotedasQ’ w. The peak of the posterior & nw
represented bR | @ is estimated by maximizing the Kullbatleibler divergence or -entropy

to the prior as following,

30



Chapter 1:Personalized Functional Near InfraRed Optical Tomography

Y Q16 i % QR 0ol Qo Q'
(1.23)

Qe ®i Qoo Y QHw

where”Y Qnw is the’ -entropy of Qnw to priorQ’ @ , E is the set of probability
distributions oftwthat explains the dataon average,

P © I SR

w 0s0 o m QnNE (1.24)
whereO w is the statistical expectation afunder the probability distributiof 1} ‘s the
identity matrix with the dimension of the number of vertices involved in the reconstruction.
O w _ Qi represents the statical expectatiomoeinder the probability distributiof r)
Therefore, within the MEM framework, a unique solut@f nw could be obtaineds follows
(see Fig.1.7)

M w0 Ol QOO « Y QRw (1.25)

As shown in above equation 5,2he solution of))" @ can be solved by maximizing the
entropywhich is a convex function. s equivalent to minimizing an unconstrained concave
Lagrangian function.e.0 QfoRIh_, along with twoLagrangianconstrainparametersi.e. |l

and_. It is finally equivalent tanaximizing a costfunctionO _ whichis described as,

0O _® 00

(1.26)

Yol he)

where IS the noise covariance matrix same as in equatidh "Dtepresentshe free energy
associateavith referencéQ’ w . Finally, if we denote® &1 "Qé® _ , the solution of MEM

framework is,

& 6, s - (1.27)
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Fig.1.7 lllustration of Maximum entropy on the mean (MEM) frameworkMEM assumes thbrain
activity could be described by nonoverlapping and independent cortical parcelong with|
represents the probability of each parcel to be active. The joint distrib(ititialized by MNE solution)
of each parcel can form a reference distribution (i.e. prior). MEM sollie ungue inverse problem
solution by maximzing the KullbacK_eibler divergence to the prioFigure taken fronChowdhury et al.,
2015

2) Prior distribution:

To construct the prior distributid ' @ , we assunedthat brain activity could be described by

nontoverlapping and independent cortical par¢sée Fig.1.7)therefore
™ Q p L 1w JOUtHAR Qwh m | p (1.28)

where the hidden variabl¥ defines the activation state (active or not) of each cortical p&cel

| is the probability ofQ parcel to be active, i.®.1 ¢€"¥ p 8) is a Dirac function that

all ows to O0switch ofdsdactiva(eeYp ar.lc e whGaussianon s i d e
distribution, describing the distribution of absorptions changes withifQthgarcel, when the

parcel is considered as actiVé, p. Note that the multiplication in the definition '@f w is

referring to the assumption that all parcels are statistically independent.

A DataDriven Parcellization (DDP) techniqu@_apaime, Lina and Mattout, 2006yas used to

parcellate the cortical surface intonon-overlapping parcel. The probability of each parcel to be
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active ( ) was initialized as the median Multivariate SourcelBealization (MSP)Mattoutet

al., 2005) score from all the sources within the parcel® initialize thed * R in

priorQ’ w, ' was setto zerd. 0 at each time pointwasdefined according t&€howdhury
et al, 2013
t 0 so0ow A w XA
. 1.9
sO0 T8t uE @ ™ (1.29)
Vg
Nyf[
wherew , is a spatial smoothness matrix, definedHayrisonet al, 2007; Fristoret al, 2008

which controls the local spatial smoothnesisilar to LORETA,within the parcel according to
the geodesic surface neighborhood orded. was defined as bof the averaged energy of MNE

solution within each parcel.
1.5 Depth weighting

As described in section 2.1 on mBLL, light intensity decreases exponentially @aitim the
increase of the effective path length. In the meantime, the human cortex is highly folded with
complex morphology exhibiting different depths relative to the scalp (see Fig.1.8a) where the
optodes are installed. The deeper the region of inteseste longer the SD separation is needed,
therefore, the longer the effective path length is. The relationship between the sensitivity of fNIRS
montage to the depth of the cortical area was comprehensively investigated by applying aMC
method on the Cal27 human head template with different SD separaiiStrangman, Li and
Zhang, 2013)The above theoretical exponential relationship was exhibited in all chamkls
various regions of interest (see Fig.1.8b). The author fitted a formula from the simulation results

as follows,
i Q¢ i Q0 QBROW v (1.30)

Such reduction of sensitivity along depibt onlylimitstheprobing ability of fNIRS to about 2cm

from the scalp in generéCulveret al, 2003; Dehghani, Whitet al, 2009; Scholkmann, Kleiser,

et al, 2014; Scapicchiaet al, 2017) but also introduces potential bias from the depth without
further regulation when solving the inverse problem in the previous section. The reconstruction

will tend to exhibit within the high sensitivity area (i.e. more superficial). This bias from the dept
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has been investigated and compensatddb®G/MEG source localization studigguchset al,
1999; Liu, Daleand Belliveau, 2002; Liret al, 2006) even though the forward model in
EEG/MEG follows a more moderate reduction along with the depipth-dependent
regularization in reconstructidrasalsobeen proposed INIROT by Culveret al, 2003andthen
widely appliedin Zeff et al, 2007; Dehghani, Whitet al, 2009; Whiteet al, 2009; Eggebrecht
et al, 2012, 2014In general, the solution is to scale #murce covarianceaatrix by a factor tha
plays a role in tuning the effective FOV for reconstructioiibis means the higher the scaling
factor, the more compensation for deeper regions. The tunning of the depth weightisgetien
a tradeoff between underand overcompensation, which is ennggally defined by the researcher

according to the specific applications.
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Fig.1.8 lllustration of the relationship between sensitivity and depth tbe cortical area.a) depth map
calculated for each vertex along the rsigrface of Colin2template using the distance from a cortical
vertex to its closest point along the head surface. b) relationship between the relative sensitivity and the
depth from cortex to the inner skull surface for different SD separations. In general, sensitivéysdecr
alongwiththe increas of depthfollowing an exponential relationship. Figures b) adapted fRBimmngman,

Li and Zhang, 2013

1.5.1 Depth weighted MNE

Depthweighted MNE(loannides, Bolton and Clarke, 1990; lehal, 2006)has been proposed
as an approach to compensttethe aboveeffect. It consist®f using the following expression
for the prior model of the source covariadce in equation 1.1, whichis no longer an identity

matrix but scaled by a weighting matrix asfollows,
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p
QQud o

Q "QIQ (1.31)

wherg is a weighting parameter tuning the amount of depth compensation. The lasy¢ne
more depth compensation is considered. Ttrefers to no depth compensation and an identity

source covariance model.
1.5.2 Depth weighted MEM

One of thecontributions of this thesis sdapting MEM forfNIRS reconstructionin which we
implemented for the first time depth weighting within the MEM framework. Two depth weighting
parameters) andd wereintroduced Therefore, the standard MNE soluti@n  in equation

1.17 is replaced by the depth weighted version of MNE soludion . Andthe depth weighted

version oft for prior initialization is defined as,

0 (1.32)
— T8t b— w
V1 .,

wherevyy_ is the depth weighting matrix for eachrpa Q1 is used to weight the source
covariance matrix of each pardelin equation 1.87 is applied to solve the depth weighted
MNE in equation 129. This strategy is also seen Yamashitaet al, 2016 in which depth

weighted MNE solution is used to initialize the pnipr in equation 1.2.
1.5.3 Other depth weighting approaches

There are other depth weighting approaches based on the MNE method. The iceasatize

the MNE solutionin equation 1.7, using arempirical variancenatrix denoted a% such that the
resulted reconstruction resuf 7 ¢  follow a t-distribution (Hedrich, 2020) For instance,
thedynamic statistical parametric mappifitbPM) proposed bpaleet al, 2000used avariance
matrix Y Q "QaQ W and the eandardized ORETA (sLORETA) proposed by
PascuaMarqui, 2002used the variance matrix to normalize the MNE solution, in which

Y QQwQ o6 0 _ . These two methods are considered as a depth
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weighting approach sindggher amplitude will be normalized by higher source variafidask,
Wakeman and Henson, 2011h@vdhury, 2016)

1.6 Summary

This chapter introduced the personalized NIROT approach proposed in this thesis. We reviewed
the principle of CWINIRS mainly focused on what it is actually measuring. The basic biological
principle of 0 consumption of the brain faxidative glucose ntabolismand the functionality

of HbO/HbR was first explained, followed by the physics principle of detecting and differentiating
HbO/HbR concentration changes using near irdgdh light. Then we discussed that the
components of CWNIRS signal are not oglcontributed by the cerebral hemodynamic but also
consists of physiological noise from systemic circulations. The approaches of removing these
noises were also reviewed along with the conventional channel space analysis. Acknowledging the
disadvantage omBLL based channel space analysis, we introduced the personalized NIROT
approach consisting of 1) personalized optimal montage, 2) solution of the forward problem from
diffusion approximation to the numerical solution using aMC, and 3) how to solve @rsiov

problem mainly using the MEM framework and the depth weighting compensation.
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Chapter 2

Combination of TMS and fNIRS

This chapter will introduce the combination of Transcranial Magnetic Stimulation (TMS) and
functional Neafinfrared Spectroscopy (fNIRS). We used this techniqu€hapters 5and 6 to
investigate the hemodynamic correlatéscortical excitability The henodynamic activity was
measured via fNIRS, while cortical excitability was assessedraatlilatedvia TMS. Biological
mechanisms of brain plasticjtyuch asongterm potentiation (LTR)JongtermdepressioriLTD)
andspike timingdependent plasticity (STR) are briefly summarizedefore explaining the TMS
techniques commonly used to induce plasticigypetitive TMS (rTMS), intermittent Thefaurst
Stimulation (iTBS) and continuous TheBarst Stimulation (cTBS). Paired Associative
Stimulation (PAS) anotter neuromodulatory technique that combines peripheral stimulation and

TMS, will be reviewed with more detaibssit wasappliedin Chaptes 5 and 6

As the ombination of no-invasive brain stimulation and brain mappisghallenging we also
shortly reviewed th@ros and consf commonly used neuroimaging modalities wiagplied in
conjunction withTMS, such as Electroencephalogram (EEG), functional magnetic resonance
imaging or functional MRI (fMRI), Positron emission tomography (PERY, in more details,
TMS/NIRS.

In summarythis chapter aims to encapsulate the basic principle, technical details, and applications
of TMS/fNIRS, whichprovide sufficient background f@hepters 5 and 6

2.1 Spiketiming dependentplasticity

Brain plasticity is the ability to adapt to continuous changes in the external and internal
environment. This process relies on functional and anatomical modifications of the neuronal
circuits. Associatve synaptic plasticityJames, 1890; Feldman, 20i&)ne of the most studied
mechanims ofcortical plasticity(Feldman, 2009)CanadiameurophysiologisDonald O. Hebb
proposed his famous theory callddbbianor Hebbian learningHebb, 1949)As stated irHebb,

1949 Wien an axon ofell A is near enough to excite a cell B and repeatedfyeosistently

takes part in firing it, some growth process or metabolic change takes place in one or both cells

such that AO0s efficiency, aBheworkerHebbiantelwrengc el | s
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focused on the effect of repetitive stimutatti Bliss and Lomo, 1970; Bliss and Lano, 1973
discovered long lasting strengthening effects of repetitive stimulation on sgnapggnally
named frequency potentiatiordand nowadays known asrigterm potentiation (LTR)This type

of plasticity was achieved with high frequency (10Hz to 20Hz) electric stimulations of the
hippocampus ofanesthetized rabbitsThe effect of repetitive stimulation is not always an
enhancement of effect: long lasting weakg was also found Hyejnowski, 1977; Bienenstock,

Cooper and Munro, 198hd termeddngtermdepressiofLTD).

The first experiment to investigate the effects of timing between presynaptic and postsynaptic
spike on synaptic plasticity, rather than the stimulated spike frequency, was proposed by
McNaughton, Douglas and Goddard, 197®&is work refined the understanding of LTP by
clarifying that the timing of theostsynaptispike is critical and found that LTP is sdde only

when the delay betwegrostsynapti@and presynaptic spikes is lower than 25ms. Latet.eny

and Steward, 198&onfirmed thisfinding comprehensively, showing that if the presynaptic spike
leadspostsynapticspike, thesynapsds strengthened and vice versa. This work established the
concept ofassociative synaptic plasticityknown asspike timingdependent plasticity (STDP)
(Markram, Gerstner and Sj&tran, 2012For detailed reviews of STDP on technical evolution
and biological mechanisms, please referMdler -Dahlhaus, Ziemann and Classen, 2010;
Markram, Gerstner ahSjéstrém, 2011, 2012; Feldman, 2012Vorks on the implementation of
STDP on the human cortex are further discussed in section 2.2.3.

As shown in Fig.2.1, tvena presynaptic spikexcitesa neuronrepeatedlywhile a postsynaptic

spike is firing (se€ig.2.1a), the timing between these two spikes could induce either LTP or LTD.
The effect of strengthening or weakening depends on which spike is leading the other. For instance,
in the work ofFeldman, 200@n rat barrel cortex (see Fig.2.1b), LTP indicated by the slope of
excitatory postsynaptic potentid@PSP) is achieved by presynaptic leading postsynaptic spikes;
and LTD is obtained by postsynaptic leading presynaptic spikes. Besides, only one of them could
not modulate synapti@lasticity. In the end, this time delay is mostly withenfew tens of
milliseconds(Franlich, 2016)shown in Fig.2.1c.
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Fig2.1 Principle of spike timingdependent plasticity (STDR a) presynaptic spike is persistently exciting

a neuro while a postsynaptic spike is firing, figure taken fr@idman, 2012b) experimental results on

rat barrel cortex showed that when presynaptic spikere leading the postsynaptic aseL TP was
obtained; and LTD was obtained by postsynaptic leading presynaptics.s@igaaptic [asticity is
measured by the slope of excitatory postsynaptic potential (EPSP), figure takeérefdonan, 2012vhich

was originally published bifeldman, 2000c) summanof STDP and the requirement of timirle red

curve andtheblue curve represents LTP and LTD, respectively. The delay between two spikes should be

within few tens of milliseconds, figure taken frerthlich, 2016
2.2 Inducing neuronal plasticity noninvasively

The principle of neuronal plasticitpan be exploitedo modulate human cortical excitability
noninvasively. Several noninvasive brain stimulation (NIBS) approaches have been proposed
such as the very first woskusing transcranial Electrical Stimulation (tE&)erton and Morton,

1980; Reed and Cohen Kadosh, 20Q18janscranial Magnetic Stimulation (TMS3Barker,
Jalinous and Freeston, 1985; Klomjai, Katz and Lackfalyé, 2015), and the more recent
transcranial focsed ultrasound (tFUS)egonet al, 2014; Blackmoret al, 2019) The common
principle is to directly interact with neuronsich synapses, following the basic principles of
plasticity modulation learned from animal moddlkis section will only focus on TMS related
approaches by first briefly review the commonly used protocols and then explain more details on

Paired AssociativStimulation (PAS) used i@hapters 5 and.6
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2.2.1 Single pulse TMS

TMS was established at the beginning of the nineties as an evolution and improvetisht of
IndeedtESinduces plasticity by applying a current to the scalp, which flows through skin, skull,
cerebrospinal fluid and reaches the cortical surfde8. directly interacts with the body of
pyramidal neurons, but is a very uncomfortable and painful tech@iégron and Morton, 1980)

To reduce the discomfort and improve the convenience oB&&®er, Jalinous and Freeston, 1985
proposedlMS, for noninvasive brain stimulation dhe human motor cortexTMS generates a
magnetic pulse ranging from 1 to 2.5 Tg$tawaret al, 2008)through a coil (see Fig.2.2b)jhe
magnetic field is generated bgleasing charges stored in the capacitor (see Fig.2.2a) in less than
1 ms(Rossiniet al, 2015a) This type ofmagnetic pulse allowsegolarizing neuronal poqls
thereforeriggering action potentials in axons instead of cell bodies of pyramidal n€iilongai,

Katz and Lackmyvalle, 2015). When TMS is delivereés a single pulsenthout specific
protocol on stimulation timingit is calledthe single pulse TMS (spTMSPi Lazzaro, Rothwell

and Capogna, 2018}t will temporarilyexcite {.e., transit excitéion) the corresponding cortical
regions under the coil. Figure 2.2c demonstrated a typical pathway of the TMS stimofiatien
motor cortex. Excited neurons induce descending corticospinal volleys through the pyramidal tract,
which evoke motoneuron aeétions and eventually lead to a brief muscle contraction in the
contralateral limh(Klomjai, Katz and Lackmyvallé, 2015). In terms of penetration depth and
spatial resolution, a figur@ coil usually stimulatearoundp®cd adepth (from scalp) and an area

as focalasp @ & along the cortexGomez, Goetz and Peterchev, 2018)

The combination of simultaneous TMS and neuroimaging techniques shElGdes allowed us

to better understand the effects of spTM$ypgical waveform of the TMS evoked potentials (TEP)
measured bythe scalp EEG when conducting spTMS thre motor cortexis shown in Fig.2.2c.
Similarto other eventelated potentials (ERPS), it consists of several positive and negative peaks,
such as P30, N45, N100 and PXB@mssi and Kékden, 2006)which are related to neuronal
activities induced by spTM3WVhen measuring the deswing corticospinal volleys induced by
spTMSat the level ofcervical spine with invasive electrodethere are two typical waveforms
called direct wave (Bvave) and indirect waves-{tave) as shown in Fig.2.2c.-Waves reflect

the direct activation of axs and dwave represents the synaptic (indirect) activation of
corticospinal neuron®ay et al, 1989; Di Lazzaret al, 1998, 2004)Electromyography (EMG)

electrodes placed on the muscle ballpw measuring the last effects of TMS of the motor cortex
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correspoding to themotor evoked potential (MEP) shown in Fig2.2c and Fig.2.4b. Thetpeak
peak amplitude of MEP is often seen as an indicator of motor cortex excitability (see Fig.2.4).
MEPs are also used to quantify the spTMS stimulation intensity whiglenusle is relaxing
(Rossiniet al, 1994)or contracting(Fitzgerald, Fountain and Daskalakis, 2Q0&)lled resting
motor treshold (resting MT or RMT) and active motor threshold (active MT or AMT),
respectively. Traditionally, RMT or AMT was defined such that 50 vV ppalik amplitude of

MEP can be observed at least in half of 10 continuous sp(RdSsiniet al, 1994) In Chapters

5 and 6to improve the efficiency and accuracy of this process, we used the TMS Motor Threshold
Assessment Tool (MTAT 2.0hitp://www.clinicalresearcher.org/software.hjntdased on the
maximumlikelihood parameter estimation by sequential testing appr@astszuset al, 1999;

Ah Senet al, 2017)
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Fig2.2 Demonstration of spTMS consistingf the physics principle of TMS, TM®&voked activities and

pulse configurationsa) TMS machine circuit which consists of a Voltage (V) source, Switch (S), Capacitor

(C), Diode (D), Resistor (R), and Thyristor (T) taken fieanzaret al, 2016 b) TMS coi | 6 s ma:
and inducd current flows along the cortex, figure taken fridallett, 200Avhich was adapted froimallett,

200Q c) Pathway and corresponding activation waveforms of TMS deliverdteomotor cortex, figure

adapted and merged froklomjai, Katz and Lackmyvallé, 2015; Farzaret al, 2016 d) three typical

TMS pulse configurations depend on the current directioti{g)surrent directiorgs) in the coil is fran
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posterior to anterior (PA) or/and from anterior to posterior (AP), figure adapted fdawila-Péez et al,
2018

Last but not least, there are mainly three types of spTMS configurdkiatgroduce different

pulse waveformsas shown in Fig.2.2d. The monophasic pulse can be generated by a unidirectional
current in the coilln contrastpidirectional currents can produce a biphasic pulse wdreretial

current is followed by a reversed one. Although it is shown biphasic pulse has higher efficiency
when stimulatingthe motor cortex(Kammeret al, 2001; Sommeet al, 2006) monophasic
activates a relatively uniform population of neurons when modulating long term plasticity using
repetitive rTMS(Arai et al, 2007; Taylor and Loo, 2007)

2.2.2 Repetitive TMS

Due to hardware limitatn, earlier TMS applications could only deliver spTM&h an
interstimulus interval (ISIJonger than 4s. The technology was soon improved to stimwlitie

an ISl of10ms (Rossini and Caramia, 1992)his granted the dliliy to investigatethe effectof
repetitive or rhythmid@MS protocol on corticdiunction, especially on cortical excitabilitigurst

or prolonged trains of TMS couldoff instancebe appliedto induce speech arre$ivhich
corresponds to a transient vatuesion)(PascualLeone, Gates and Dhuna, 1994nd modula
cortical excitability(Chen and Seitz, 20023uch repetition of SpTMS plusesagertain frequency

is referred as repetitive TMS (rTMS). Throughout the years, it has been shown that (see Fig2.3a),
when using stimulationéquency from 20Hz, one can increase the cortical excitability, whereas,
1-4Hz lower frequency can induce inhibitigRitzgerald, Fountain and Daskalakis, 2Q0Bhe

most successful clinical application of rTMS is probably on the treatment of depression
(Eschweileret al, 2000; Voigt, Carpenter and Leuchter, 2QMhich holds two US Food and
Drug (FDA) clearancefRossiniet al, 2015a)

A special type of rTMS protocol is the-salled TheteBurst Stimulation (TBS)TBS is of more
recent introduction and was established in Rothwell lab in Londo(Huknget al, 2005; Talelli,
Greenwoodand Rothwell, 2007)The idea behind TBS is that theta and gamma rhythms are
extremely important for brain function and plasticity. Therefore, it was hypothesized that TMS
stimulation with these rhythms could be functionally relevant. TBS is typipaltiormed below

the motor threshold. There aweo well-knowntypesand several varianesmingat inducingL TP

and LTD. Intermittent TBS (iTBS) can increase the cortical excitability (LTpnsists of TMS
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trains delivered at 5Hzand each train conta 3 spTMS pluses burst delivered at 50Hz (see
Fig2.3b). These trairereapplied in the first 2s of every 10s and repeated often for about 3 minutes
(Huanget al, 2005; Suppa@t al, 2016) Inhibitory TBS,is acontinuous TBS (cTBSHuanget

al., 20() with TMS trairs (i.e., 3 spTMS pluses burst delivered at 50Hz) at 5Hz for about 20 to
40s (see Fig2.3b). There still debate on whether TBS indiscie most effective and reliable
plasticity modulatior(Rossiniet al, 2015a; Suppeat al, 2016) but the obiousadvantage is the
short application time. For instanad,BS could induce LTD in about 240s, whereas it could
take 20 minutes for low frequency rTMS.
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Fig2.3 Three typically used TMS protocols for modulation of cortical excitabili&y).repetitive TMS

(rTMS) delivered by high frequency-28Hz) and low frequency {4Hz) to induce longerm potentiation

(LTP) and longterm depression (LTD), respectively. Stimulation intensity needs to be higher than the
resting motor threshold (RMT). b) special mrovls of rTMS, namely, intermittent Th&arst Stimulation

(iITBS) and continuous TBS (cTBS). cTBS delivers a train of sSpTMS consisting of 3 TMS pulses at 50Hz and
repeats this train at 5Hz for about 40s to induce LTP. iTBS utilizes the same spTM$ Sidimia the

first 2s of every 10s and repeats for about 190s to induce LTD. c) Pair associative stimulation (PAS)
combines pairs of TMS and Median Nerve Stimulation (MNS) delivered with properitiariognd 25ms

or 10ms interstimulus intervals (I1SI) &xcite (PAS25) or inhibit (PAS10) cortical areas, respectively.
Figure adapted fronDi Pinoet al, 2014
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2.2.3 Pair associative stimulation

Paired Associative Stimulation (PA&sfirst proposed byariorenziet al, 1991 and Stefan,
200Q which consists of pairs of TMS and Median Nerve Stimulation (MNS) delivered with proper
interstimulus intervals (ISI) (see Fig.2.38tefan, 2000nvented this protad inspired by the
concept of STDP fronthe animal study(Levy and Steward, 1983hich is also known as
Hebbianlearning(Hebb, 1949mentioned in section 2.This meanshatTMS stimulation excites
the pyramidal cellsnimicking a postsynaptic spike, and somatosensory activatiolsedby
MNS propagateo pyramidal cells along the motor cortecting as a presynaptic spikdany
studies have implemented this theory and reproduced the w&tefain, 200(oninvasively on
the human brain using PAS, for instance on the primary motor (M1) d@#exon and Kennedy,
2013) somatosensory (S1) cortékiiler -Dahlhaus, Ziemann and Classen, 2040y dorsat
lateral prefrontal cortex (DLPFCJCasulaet al, 2016)

MEPs before and after PABterventions are usually acquired by 10 to 20 spTBSshown in
Fig.2.4a and c. The averaged{aead postPAS MEP pealpeak amplitudes are then compared by
calculating the ratio between them (see Fig.2.4b). If this ratio is larger than 1 it indieates t
excitability increase and vice versa. As shown in Fig.2.4b, ISl around 25ms (PAS25) usually
induces LTP and ISI of 10ms (PAS10) usually indsdel'D (Stefan, 2000; Wolterst al, 2003,
2005a) It requires around 100 pairs of stimulations to haeelesiredmodulation that could last
for more than 30 minutgStefan, 2000; Stefaet al, 2002; Leeet al, 2017) The ISI could be
refined individually using N20+5ms or NZAins for PAS25 and PAS10, respectivigarson and
Kennedy, 2013)o improve the efficiency (see Fig2.4c). Where N&@mcy(Allison et al., 1991)

can be predefined by conductimectrical stimulation at the wrist (e,gMedian Nerve) and
measuring response using two bipolar EEG electrodes located at CP3 and CR4 isy&tem.
This latency estimates the propagation time of elestgnal (induced by MNS) from the wrist

(e.g, Median Nerve) tadhe somatosensory cortex.

PAS has been utilized in many applications. For instance, it could enhance the motor learning
procesqJung and Ziemann, 20Q9nay provide a rehabilitative approach feiroke patients by
promoting intethemispheric connectivitfMichouet al, 2012, 20143g)can help in understanding

the mechanisnof reduced plasticity on preventisgizuregStrigaroet al, 2015) and indicated
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that motor cortex plasticity reduction might not progrekging the development of the ild

cognitiveimpairment (MCI)(Lahret al, 2016)

We selected PAS to modulate the cortical excitabilitChapters 6 and due to thefollowing
advantages: 1) It tri gtgiea sp |mesrtingtatithesaotsityafd o het
particular neuroimduceschanges in synaptic connections strength between other neurons, which
are highly involved in epilepsfChandleret al, 2003) Therefore, we could reproduce in healthy
subjects a O6model of epi | emxitahylby by spTMS) cecurpoh a s i ¢
top of stable enhanced excitability (by PAS); 2) The interval between stimulatisispaiatively

longer than rTM%around 10s to 20$Suppeet al, 2017) and the number of paired stimulation is
sufficient (e.g. 100) to assess both the hemodynamic response to single paired pulses and the
build-up of ongoing excitability changes and plasticity inductidn.PAS might have higher
efficiency when inducing LTP on the motor cortex than using TBS, as showhapgret al,

2012
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Fig2.4 Demonstration of Paired Associative Stimulation (PA8).a typical PAS experiment protocol
which consists of PAS intervention in the middle of two sp3ddSionsused to measure the MEP peak
peak amplitude changes, therefore, indicating the effects of PAS on cortical excitability, figure adapted
from Stefan, 2000 b) reflection of spikéiming dependent plasticity (STDP) when using different
interstimulus intervals (IS1) in PAS. figally, 25ms (PAS25) and 10ms (PAS10) ISI increase and decrease

cortical excitability, respectively. Figure adapted fr@uppaet al, 2017 c) averaged MEPs measured
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before and after PAS25, pepkak amplitude of poR®AS25 MEP increased when comparing toPAS25.
The red vertical lines indicate the TM$nutlation artifact which appears N20+5ms after the Median
Nerve Stimulation (MNS). Figure from one subjec@loépter 6

Finally, although the ability of PAS and rTMS elicit significant cortical excitability changes
have been replicated in many stadi(Stefan, 2000; Chen and Seitz, 2001; Woledral, 2005a;
Fitzgerald, Fountain and Daskalakis, 2006; Tsang, Bailey and Nelson, 2016t hke2017;
Suppeet al, 2017) only 39% and 43% of 56 subjects showed expected MEP amplitude increase
after conducting PAS25 and intermittent thbtast stimulation (iTBS), respectivelygez-
Alonsoet al, 2014) The efficiency of PAS is estimated tolbever than 50%Fratelloet al, 2006;
Suppeet al, 2017) This can be explained by thetweernand withinsubject variability of cortical
plasticity modulated by nemvasive bram stimulations(Ziemann and Siebner, 2015)he
variability mightdepend upon multiple factors, including state of the brain, genetic susceptibility,
position of the coiland so on. However, a more recent gtdlinkova et al, 2019)did not
conclude any of thesenown factorssignificantly influenced PAS efficiency with 41 subjects.
Note that high variability in the induced effects of stimulation is not exclusive of PASorall n
invasive brain stimulation techniques induce highly variable effects. Thisasthe motivation

for conducting Bayesian data analysisOhapter7, soasto reduce the uncertainty of estimagon

of the effects from thenethodologicapoint of view.

2.3 Combination of TMS and fNIRS

2.3.1 Combination of TMS and human brain mapping

Combining TMS with neuroimaging brings benefits to both of them. For neuroimaging, TMS
added a new dimension to human brain mapp8igbneret al, 2009) If we view TMS as an
external intervention, it could bring insightato causal inferences when combined with
neuroimaging modalities O 6 S h e aagnd Rushwadrtlo, 2008t hassubstantiallyexpanded the
applicationof TMS in neuroscience and clinicatudies,and it helps us tanderstand brain
functioning betterFor instanceBraack, Koopman and Putten, 2Cdjiplied singlgpulseTMS to

the left/right motor cortex ofiealthy subjects and epilepsy patients and measured TMS evoked
potentials (TEPs) using scalp electroencephalography (EEG). The topography of EEG showed
different spatiotemporal pattes between healthy subjects and patients, indicating

electrophysiology fatures of epilepsyJsingasimilar protocol Sarasset al, 2014showed more
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integrated TEPs time course patterns during consciousness and less integrated patterns during
unconsciousness state, reveglithe underlaying mechanism of consciousnessigaging in
complex activity patterns integrating more cortical ar€asmcurrent TMS/fNIRSOliviero et al,
1999; Noguchi, Watanabe and Sakai, 2003; Mochietikil, 2006)and TMS/fMRI(Navarro de
Lara et al, 2017) studies inestigated the hemodynamic response functionspdMS,
demonstrated similar responsesmparedto voluntary stimulus Restingstate functional
connectivity study(Watanabeet al, 2014)using norconcurrent fMRI and rTMS demonstrated
decreased functional connectivity between bilateral primary motoces after excitatory rTMS
interventions, and increased connectivity after inhibitory rTMS, bring insigkdshow brain
networks associates to cortical plasticKinally, in Chapters 6 and, we also combined PAS and
fNIRS to investigate the relatiship between taskelated cortical hemodynamic activity and
cortical excitability changes.

On the other hand, brain mapping also prosaenique understanding of the mechanism of TMS
per sewhile improving the efficiency of the intervention. Using ragtistatdMRI, Singhet al,
2019proposed a personalized rTMS stimulation target of interest selection of the left dorsolateral
prefrontal cortex (DLPFC) for clinical application in treating depression; Another study using
fNIRS (Thomsonet al, 2013)optimized the TMS coil orientation to maximizing the effects of
signal pulse TMS and rTMS by showing #eaest relative changes in HbO amplitudes att
angleto the midline othehead The same group applied simultaneous inhibitory rTMS and fNIRS
on the left prefrontal cortex and showed increased HbO over 20s to 40s after rT\NfBinanson

et al, 2012, 2013and then a long term reduction of HfThomsonet al, 2012) These results
reproduced the observationsananimal study orthevisual cortex of the anesthetized cat using
inhibitory rTMS and mvasive optical imagingvhichshowedimmediatéy increased tissue oxygen
peaked at 10s to 15s after rTMS and followed by a 2 minutes long red(/&ifiemet al, 2007)

Such combination helped us bettenderstandthe hemodynamics modulated by TMS

interventions.

In practice, the combinathn of TMS and neuroimaging can be summarized in two categories
proposed bySiebneret al, 2009 which are 6onlinebd and o6of fl i
Fig.2.5 summarizethese two approaches. Thes@ | | ed oO0onl i ne)condustpr oach
concurrent TMS and neuroimaging protocol. Therefore, neuroimaging measurement could reflect

the TMS effects at the exact moment of the simulation. However, this approach brings more
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technical challenge@riefly summarized in section 2.3.Zhef i r st o6of fl ined appr
applies TMS after the neuroimaging scattscould take benefits from the observations of
neuroi maging results to improve TMS efficienc)
(Fig.2.5c) performtheneuroimaging protocol after TMS, therefore, the loeign effects of TMS

such as modulated cortical excitabil@ggnbe probed.

Fig.2.5 Demonstration of two approaches for combination TMS and neuroimagiag. t he donl i1
approach in which TMSand neui magi ng are conducted simultaneous|
in which TMS is performed after neuroimaging prot

is applied before neuroimaging scans. Figure adapted B@hneretal., 2009
2.3.2 Advantages and challenges of TMS/fNIRS

Reviewing the advantages of challenges of the combination of TMS and each neuroimaging
mobility in detail is beyond the scope of this thesis. However, it is essential to first briefly
summarize these aspects on modalitiesepkfNIRS to helpto understané&nd emphasg&the
uniqueness of TMS/fNIRS.

When investigating hemodynamic responses evokelMS or the effects of TMS interventions

on hemodynamiactivity and brain connectivitfyMRI is usually considered as a possible option
because aits reliability, ease of use, high spatial resolution and sensitivity to deep brain regions
(Bandettiniet al, 1992; Kwonget al, 1992; Glover, 2011 However, combining neurostimulation
techniques within the MRI environment is challengiHgllettet al, 2017) Thee is a safety issue

as theMRI scanners used for human brain mapping produce a homogeneous magnetic field
ranging from 1.5 to 7 Tesla. Any ferromagnetic material insidedaerner might causeterrible
accideniSiebneet al, 2009) MRI compatible TMS coils have been develofigdvarro De Lara

et al, 2015; Wang, Xu and Butman, 201@nhd applied to investigate thEMS induced
hemodynamic respons@davarrode Laraet al, 2017) In addition, sncethe TMS pulse itself is

a magnetic pulse, it could causgnarkablartifacts when scanninghebrain simultaneouslwith

fMRI. Therefore, special fMRI sequersd®lavarro De Larat al, 2015; Wang, Xu and Butman,
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2017)weredeveloped to interleave the scanning sequence and TMS sequence to ensure artifacts
could be blocked. Although concurrent TMS/fMi technically available nowadays, the
resolution oftheabove limitations also reduced the signal quality of fMRI. Moreover, due to the
physical space limitation of the scanner, it is also difficult to stimulate certain brain regions such
asthevisual cortex. This explains the reason wityema j or i ty of studi es hayv
approach (Siebneret al, 2009) meaning that hemodynamic and excitability measures are not

taken simultaneously.

Positron emission tomography (PET) and singieton emission computed tomogragByYECT)

are molecular imaging approaches that measure certain brain metabolism, such as blood flow,
glucose and dopamine levels, using stiged radioisotope agentZimmer and Luxen, 2012)

PET and SPECT do not interface with TMS anddrwauch less space limitatidn the scanner
(Pauset al, 1997; Paus and Wolforth, 1998hen compared teMRI. As such,most of earlier

(back to 1990s) applications of concurrent neuroimaging and TMS were using PET and SPECT
(Tremblayet al, 2020) For example, the investigation on the blood flow fluctuation and its
relationship to stimulation dose induced by 3Hz TMS trétos et al, 2006) blood flow changes

during rTMS modution of the cortical excitability and the temporal effects of it on baseline blood
flows (Pauset al, 1997, 1998; Siebner, Takanet, al, 2001) and the corresponding glucose
metabolism(Siebner, Pelleret al, 2001; Kimbrellet al, 2002) release of doamine in the basal
ganglia following frontal stimulatioStrafellaet al, 2003) However, the exposure to radiation

in PET and SPECT limited the number of such applicati@sbneret al, 2009) Another
limitation is the poor temporal resolution BET and SPECTainly allowing one or very few

"snapshots" in time of the underlying metabolism

Using sources and detectors of infea light placed on the scalp, functional Né&#rared
Spectroscopy (fNIRS) is anothapninvasive functional neuroimaging modal{idbsis, 1977;
Scholkmann, Kleisergt al, 2014) which allows monitoring changes in eand deoxy
hemoglobin (i.e.HbO/HDbR) in the cerebral cortex, with higher temporal resolution than fMRI.
Since it reles on the optical signal, TMS pulgeesnot introduce interferences. In general, this
advantage allows the implantation of concurrent TMS and fNIRS much more dtaigindy

than other modalities mentioned above. Similar to ERGRS acquisition is ofteperformed with

a cap which does not limit the space for coil placement when stimulating different cortical areas.

Finally, as introduced in Chapter fNIRS bringmore insightsnto thehemodynamic responses
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by measuring both HbO and HbR concentration changes. This grants TMSHNIRSility to
provide more information when investigating stimulation effects on hemodynamics. However,

there are still some challergf@r combining TMS and fNIRS as summarized as follows.

Alike EEG electrodewhich often have a low profile desigfiat and thin), soméNIRS optodes

are designed to be vertical to the scalp (as shown in Fig.2.6a and b) for the purpose of either 1)
providing extra space for installing springs to push optodes towards the scalp, thusngcreas
signal quality; or 2) integrating liglgmitting diode (LED) source directly inside the optodes.
These optodes will increase the distance from TMS coil to the stalp stimulating right on top

of theregion of interest probed by fNIRS.

Fig2.6 NIRS optodes from different commercial productgertical optodes design in a) NIRx (NIRx

Medical Technologies, LLC, US) cafips://nirx.net/nirscapsand b) Shimadzu (Shimadzu Corp., Japan)
NIRS caphttps:/shop.neurospec.com/shimaddaiv profile NIRS optodes design in ¢) Brainsight (Rogue
Research, Inc, Canada) NIRS chpps://www.rogugesearch.com/nirsand the same optodes used in
Chapters 6 and but installed with Collodion(Yicel et al., 2014; Pellegrino, Machado, et al., 2016;

Machado et al., 201&hown in d).

The relationship of coiscalp distance and the stimulation electric field strength was investigated
by Stokeset al, 2013 as shown in Fig2.7a, the stimulation electric field strength decreased
dramatically alongwith increased coikcalp distance tohe motor and visual cortical. In the
meantime, the motor threshold (M{RRossiniet al, 1994)and the phosphene threshold (PT)
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(Abrahamyanet al, 2011)used for motor cortex and visual cortex stimulations, respectively,

increased with larger distances, shawrig.2.7.b.
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Fig2.7 Relationship between TMS coil to scalp distance and stimulastrength.a) TMS stimulation
electric field strength as a function of ceitalp distance measured when stimulating motor cortex and
visual cortex. b) the motor threshold (MT) and the phosphene threshold (PT) used for motor cortex and
visual cortex stimations as a function of cedlcalp distance. Stimulation threshold at the scalp surface
(denoted as MTO and PTO) as a function of distaeffect slope. Each circle (PT) and triangle (MT)
represents a subject. Figure adapted frStokes et al., 2013

Therefore, a higher stimulation dose is necessary when applying TMS/fNIRS with NIRS optodes
that are not low mfile. For instance, the cedicalp distance was even up to 15mrKazel et al,

2009 which requires high stimulation dose among 12 subjeai® P v P(mean sd) to the
machi neds ma xwherucomparetd TeVis @nlytstydy(Stefan, 2000)n which the

group level stimulation intensity was orilyt P ¢ Pthe maximum stimulator output (note that
although this may vary from stimulator to stimulattive general increase of the stimulation
intensity is indeed considerable). To overcome this limitation, concurrent TMS/fNIRS approaches
were categorized into two sets shown in Fig2.8 a and b, namely proximal and dispgbsghosed

by Parks, 2013 Distal setup (see in Fig.2.8b) means although the stimulation and fNIRS
acquisition are conducted at the same time, the coil is placed away from the stimulation area seen
in Nissila et al, 2002; Mochizukiet al, 2007 Such an approach measures the hemodynamic
response evoked in the corticalgron that is functionally connected to the stimulation region.
Whereas proximal setp (see in Fig.2.8a) places the TMS coil directly on top of optodes. It could
measure the TMS effects directly instead of indirectly informed by connectivity. Specially
designed montage or optodes is then required. For instance, in Fig.2.8c optodes are placed in the
empty space around the coil usedNdyguchi, Watanabe and Sakai, 2003; Hatlal, 2006;
Mochizuki et al, 2006; Furubayasthet al, 2013; Groisset al, 2013 or as shown in Fig.2.8d,
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optodes are right under the coil which requires low profile design used in the wotés ef al,
2011; Thomsoret al, 2011, 2012, 2013 or this thesis, all fNIRS experiments were conducted
with Brainsight NIRS machine (RoguResearch Inc, Montrél, Canada), which uses low profile
optodes by default (see Fig.2.5c). Moreover, we also applied clinical adhesiledion to glue
the optodes on the scalp to ensure the tight contact of them, which resulted ansamyl coH

scalp distance (~5mm) shown in Fig.2.5d.

a Proximal b Distal c

Fig2.8 Concurrent TMS and fNIRS acquisition sefp and optodes desiga) proximal setup places the

TMS coil directly on top of optodes b) distal-aptplaces the TMS coil away from the NIRS tag®, the
stimulation region is often functionally connected to the cortical region probed by NIRS, therefore,
indirectly measure the stimulation effects. c) vertical optodes can be placed in the empty space around the
TMS coil to allow small coiscale dstance. d) low profile designed optodes can be installed right under

the TMS coil only lifting up it a small distance. Figure adapted firarks, 2013

Although fNIRS signal is electromagnetic artifacts free, TM&ed causeother artifacts that

could be captured by fNIRS. These artifacts are ofteeezhby 1) systemic physiological noise;

2) vascular contraction; 3) skeletal muscle contraction and 4) cortical sensory responses. Firstly,
TMS could induce systemicirculatory change@Viesquitaet al, 2013; Cabrerizet al, 2014)

such as the amplitude of Photoplethysmographic (PPG) pulse waveforms, the pulsénransit

and blood pressure. These circulatory changes could then influence the fNIRS signal measured at
the same timéKirilina et al, 2012; Tongget al, 2012, 2013; ErdoYan, Y ¢
Then, smooth muscle walls of blood vessels could béracted by TMS, such contraction may

cause local blood volume changes lasting few secOws et al, 2011) therefore, introducing
confounding to hemodynamic responses of dtimulation per se. Thirdly, magnetic pusse

TMS could also induce muscle contractionsthe scalp (M&i and limoniemi, 2011) Such

contraction would introduce two kinds of artifacts infR$ measurement, one is the local scalp

blood volume changes that could be detected by fNIRSdzewsket al, 2003; Boderet al,

2007) the other is the local motion thatindeceo t i on ar ti fact in fNIRS si

sound of TMS and muscle contractions mentioned above could induce auditory and sensory
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responsesgrFrecheet al, 2018; Saleet al, 2020) respectively, along the cortex. These responses

may directly introduceconfoundingoy measuring the corresponding cortical arsiagfNIRS or

indirectly bring confoundingvia underlying brain networkswhich involve the corresponding

cortical area and the region of interest probed by fNIRS. et al, 2011demonstrated fNIRS

signal confounded by these artifably comparing the TMS/fNIRS experiment conductedhan

motor cortex and shoulder. High temporalrcer| at i on ( Pearsonés correla
0.87) of hemodynamic response induced by TM$hemotor cortex and shoulder remind us to

carefully denoise the TMS induced artifact in fNIRS.

Fortunately, several fNIRS denoising techngjnave beeproposed throughout the last decades.
Fromthe study design point of view, one can introduce long jitters between TMS events or even
totaly randomized stimulation pulses deliveandthencombine with simple trial averaging or
deconvolutionAarabi, Osharina and Wallois, 201f@)minimize norphase locked artifacts such

as systemic circulatory changes. Without introducing extra measurements for differentiating
artifacts, one can apply simple regressions to denoise systemic physiological noise by using the
global averaged fNIRSignal (Haeussingeet al, 2014)as the regressor opplying a principal
component spatial filter algorithm proposedasnang, Noah and Hirsch, 2016; Zhatal, 2017

In addition, ®-called short distance (~5mm between source and detector of fNIRS montage)
channelsalow betterestimation othe local fluctuations withithe scalp and regress it out from

the normal distance channeishich are the mixture of cortical hemodynamic and superficial
physiological noiséZeff et al, 2007; Gregget al, 2010) This approach hefgn removingthe

TMS events phaskecked artifactsand global physiological noisa.specially designed peripheral
device measuring the low frequey blood flow oscillation placed on ear lobe(s) or finger(s) can
be utilized to estimated more accurate systemic physiological (ibisg et al, 2012, 2013;
Sutokoet al, 2019)which canthenbe removed using recently developed general linear models
(GLM) which involves artifacts regressiofi@n Lihmann, Li,et al, 2020; von Lihmann, Ortega
Martinez, et al, 2020) Finally, one can apply fNIRS reconstructions with a mixed forward model
which consists ofgerficial physiological irthe scalp and cortical hemodynamigShimokawa

et al, 2012; Yamashitat al, 2016a)

2.3.3 Hemodynamic responses evoked BpTMS
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Taking advantage othe high temporalresolution of fNIRS, spTMS evoked hemodynamic
responses can be measured when applying concurrent TMS/fNIRS acquisitions. spTMS on the
left motor cortex significahy increase HbO with a stimulation intensity of 90% and 110BMT
(Noguchi, Watanabe and Sakai, 2008creases of HbO erefound when contracting the right

first dorsal interosseous muscle and delivering spTMS with 100% AMMdmhizukiet al, 2006

On the other handdecreases of HbRvere detected whenhe muscle was relaxed at rest and
stimulatingtheleft primary motor cortex at 120 and 140% AMT. Finally, significant increases of
HbO after spTMS with intensities of 100%, 120 and 140% AMT at leftwéte reported by
Furubayashet al, 2013

Similar investigations were conducted on dotatdral prefrontal cortex (DLPFC)consideing

the application of TMSfor the treatmentof depressionThomsonet al, 2011 studied the
hemodynamic responses of spTMS delivered at the left DLPFC with intensities of 90%, 100% and
130%RMT; in contrastto the results on Mla significant decrease of HbO was found with the
highest dose. This observation was reprodune@ihomson, Daskalakis and Fitzgerald, 2011
showing significant decreases of HbO using 1R intensity when comparing with a lower
dose case (70®MT). No differences were found when comparing spTMStamsets of short

(2ms or 15ms) inter stimulus interval (ISI) paired pulses. The same group repréitisaesult
againwhen rotating the TMS coil to & o’to the middle headliné€Thomsonet al, 2013)and

did not find significant HbO changes witht ad scenario. In the end, spTMS at 116¥IT did

not induce considerable hemodynamic responses show&drby et al, 2017 All these studies
seemto provide conflicting resultsshen comparing M1 and DLPFC stimulatiodfiese nght
indicate that spTMS elicited hemodynamics are region specific. However, none of these studies
utilized the denoising approaches mentioned in the previous subsection, mtwatitige
conclusions might have been biased due to the systematic physibhmgseaor local muscle and

vessel contractions.
2.3.4 Effects of excitability modulations on hemodynamic responses

Instead of spTMS, investigations on hemodynamic responses during or after cortical excitability
modulations using TMS sequences may g¢pnmore insighinto understanding the mechanism of
neurovascular coupling and brain plastici®iviero et al, 1999 appliedfor the first time2

minutes of 0.5Hz rTMS on the right M1 and found significant increases in HbO and decreases in
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cytochrome oxidase. A more comprehensive investigdtitadaet al, 2006) using pairwise
combinations of two simulation intensities (80% and 1MW) and frequencies (0.5Hz and 2Hz)

on the left M1 showed decreased HbO lasting 60s and nonchanged HbR after all 4 interventions
scenarios. A distal setp study (Mochizuki et al, 2007) found that excitatory theta burst
stimulation(TBS) evoked HbO decreasestime contralateral side (right M1) dhe stimulation,
which was then reproduced Byzel et al, 20090n both ipsilateral and contralateral sidengs
inhibitory rTMS (1Hz). This result was fftherinvestigated on tesetest reliability by the same
group(Tianet al, 2012) reproducing similar observations from two rTMS sessions separated by
2 to 3 days. Total hemoglobin concentration changes el = HbO+HbR) vere observed
decreasing in bilateral M1 when stimulating left M1 using 8s rTMS at three different frequencies
(0.5, 1, and 2 Hz) at 75RMT (N&i et al, 2011) Thelargest decreaswvas found athe highest
stimulation frequencyHirose et al, 2011; Groisset al, 2013 applied both excitatory and
inhibitory quadripulse rTMS (QPS), inducing bidirectional excitability modulations over the left
M1. Decreases of HbO were found in the right M1 for both excitatory and inhibitory(IQRSe

et al, 2011) and in the left M for the excitatory case. In contrast to all these findings, both
increasd HbO and cerebral metabolic rate of oxygen consumpitiod (Y () were observed
ipsilaterally during inhibitory rTMS (1Hz) iiMesquitaet al, 2013 This is supported by another
study(Parket al, 2017)in which similar results were found in contralateral side of the inhibitory

rTMS intervention.

Inconsistent results were also illustrated in studies modul#timgxcitability of DLPFC. For
inhibitory rTMS at 1Hz, decreased HbO were found ipsilateraitls stimulation intensity using
120%(Thomsoret al, 2012)and 110%Caoet al, 2013)of RMT, respectively; contralateral in
Hanaokaet al, 2007and Aoyamaet al, 2009using 50% and 58% of resting MT, respectively;
and bilaterally irKozelet al, 2009using 120% oRMT. In contras, Thomsoret al, 2013reported
bilaterally increased HbO wheconducting 1Hz rTMS at 120% &MT intensity and non
significant HbO changes using 120%RWT (Thomsoret al, 2012) In excitatory rTMSstudies
using 110% oRMT, Caoet al, 2013andCurtin et al, 2017found bilaterally and ipsilaterally
increased HbO, respectively. Similar results were obtain&hmmpaet al, 2018when stimulating
with 110% ofRMT.

It is interesting to noticthreepoints when summarizing these studies, 1) all of them invalved

small sample size, the number of subjects ranges from 4 to 17 with a mean of 11 and a standard
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deviation of 3. This may explain inconsistent findings since the combinatiasrofll sample

size and statistical significaatest often leads to this issughich will be further discussed in
Chapter 3. It is also one of the main motivation€lodpter 7in which Bayesian data analysis was
applied to deal with this issue and attempted to make more reliable inferences; 2) only three studies
reportedHbR resuls. In Chapters 6 and, Tve indeed not only reported HbO and HbR reshlis,

the observations on them were also consistent; and 3) stimulation intensity varies from study to
study, and higher stimulation intensities might provide more observable effects. This was
confirmed inChapter Avithout conductingan experiment using diff@nt intensities but inferred

from probabilistic modelling.
2.3.5 TMS effects on task evoked hemodynansic

As we investigated irChapters 6 and, 7several studies aimed to revehé effects of TMS
interventions on task hemodynamic responsesfiiidt work was conducted on motor tasiated
hemodynamic response and resting sthitereases of HbO lasting 40 minutes after inhibitory
rTMS werefound in the contralateral M1 of the stimulation $@&ianget al, 2007) Significantly
increased HbO measured on the frontal lobe was observed when conducting-toreatcple

tak under the condition that the right parietal cortex was excited by 5Hz (Ysi8anakeet al,

2010) Tupaket al,, 2013showed bilaterally reductior$ emotional stroop taskvoked HbO after

the inhibitory continuous theta burst stimulation (cTBS) applied on the left DLPFC. Another
inhibitory cTBS applied on the rigfi?LPFC showed reduced HbO during dictator game in the
right DLPFC comparing to shagMaier et al, 2018) In the end, decreased HbT was reported
bilaterally in DLPFC when performing a cognitive task (ispeed of processing) after both
excitatory rTMS andhtermittent theta burst stimulation (iTBS), indicating increased efficiency of
task performance. I8hapters 6 and, Tising PAS interventions amadinger tapping task, we found
that enhanced excitability corresponds to higher hemodynamic activity ead/etisa. It is of
interest to notice that, for the first timwe demonstrated the results in thegit using NIROT
(mentioned in Chapter 1), which provided spatiotemporal reconstruction maps of both HbO and

HbR, rather than channel space analysis ireain these studies.
2.4 Summary

This chapter first introduckone ofthe principle of neuronal plasticity STDP. We then reviewed

the TMS related techniques on modulating human brain cogieaticity noninvasively and
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mainly focused on PAS which was used in Chapters 6 and 7. Our motivation for using PAS was
explained in the meantime by briefly summarizing thesaroonly used TMS protocols. The
followed reviews on the challenges and advantages of combining TMS and neuroimaging
modalities introduced our rationale for applying TMS/fNIRS in this thesis. Finally, a literature
review on TMS/fNIRS brought the general madblogy development and findings on this topic,

therefore, emphasizing the originalities and contributions of our works in Chapters 6 and 7.
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Chapter 3

Introduction of Bayesian Data Analysis

This chapter will introduce fundamental aspects of Bayesian data analysis. It is a complete
workflow, not only conducting appropriate statistical inferences of scientific research results, but

also atrue implemeniaton of t helrfilvepot pédsil®sophy into the
from study design to data analysis and final inferences. Bayesian modeling explicitly addresses
problems of small sample size and large variability of the data, which often ex@@tinvasive

human brain studies but are rarefrefullytaken into account.

Bayesian is the principle of the MEM reconstruction introduced in Chapter 1 and was also the key
approach in data analysis presented in Chapter 7. In this state of the ant, elapt&roduce the
workflow of Bayesian data analysis as follows: 1) the principle of Bayesian framework, which is
Bayesd6 theorem and probability modeling; 2)
several technical evolutions of corresponding imp@atation strategies; 3) diagnostics of the
posterior distribution sampling to evaluate the accuracy and reliability of Markov chains; 4)
statistical inferences using Bayesian framework and a brief comparison with the conventional

frequentist approach, i,estatistical significance hypothesis tests.

Last but not least, as Bayesian data analysis is not often seen in publications of our field, this
chapter also attempts to clarify some misunderstandings and update our views on the latest

Bayesiammethodologies.
3.1 Probabilistic modeling

When statistically inferring a research finding, the Bayesian approach uses probability to quantify
underlying uncertainty. According to the general Bayesian data analysis wofidtomanet al.,

2013a, 202Q)there are mainly three steps involved,

1) Probabilisticmodeling constructing a full probabilitynodel whichencapsulates the scientific

problem, data collection process, and observa

2) Estimating the joint posterior distribution:conditioning the probabilistic model by the
observed data and solving the posteriostribution of each parameter using analytical or

numerical resolutions.
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3) Evaluating the model fitting and inferring resultsassessing how reliable the model fitting is

and answering the research questions using Bayesian inferences.

This section will itroduce the first step regarding probability modeling. Since this is a
comprehensive topic, we will only focus on the techniques applied in this thesis, especially in
Chapter 7.

311Bayesd6 rul e

In the 18" century, an EnglismathematiciarThomas Baye§17021761) proposed his famous
conditional probability theory based on physical simulations of the probability theory, known as
Bay es fThomaslamad Laplace, 1763Here is a brief and simplified derivation of it, let us

denote the joint probability of two events A and B)aisd ), which can be expressed as,

0io 0i6 016D (3.0
whered i 6 is the probability of occurrence of event A, and 6 is the probability of event
B to happen, given that event A has occurred, also denoted as the conditional probability of
observing B knowing A has occurred. Similarly, the joint probabiitydhd can also be

expressed as,

Vi 0i6 VidD (3.2
where0 16 is the probability of occurrence for event B, ahd 6 is the conditional
probability of event A to happen, knowing that event B has occurred. Combining equation 3.1 and
3.2 yields,

6id60i6d 0180106
61060169 (3.3
016

0i0PH

Therefore, the conditional probability, i.€.1095 hcan t hen be esti mated
presented in equation (3.3), i.e., from the conditional probability of B knowing A as well as the
marginal probabilities of A and B. Unfortunately, this highdyevant work was not published in

Bayeso |ifeti me.
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Nowadays, when Bayesian data analysis is ment.

is only the theory about conditional probability. Instead, it is considering the framework called
B a y ¢hesotem(Gelman et al., 2013which was independently rediscovered base@@y e s 6
rule (Thomas and Laplace, 1768)d extensively developed for real applicatifireplace, 1810)

by a French scholar PieH®&mon Laplace (17494827) This work is considered as the first

Ai nver si on o f(ThamasandLapabea 1y $3yhich nyeans solving the posterior
distribution of parameter-conditioned on the observed datalnBay e s 6 , thdapeia r e m
distributions of the unknown parameters are denotegd-as The data distribution or likelihood,

also known as sampling diitution, is defined ag ws—. The posterior distribution of interest,
i.e.,n —sw of parameters conditioned on the observed data is then expressed as,

h-w hnd)@_ (3.4
wherer o is the average likelihood of the data over all possible values Biis expression
looks similar to the conditional probability in equation 3.3. However, the breakthtapmjace
contributed to, which is now the core of the Bayesian framework, wagt#stopment of analytic
tools for computing the numerator of equation 3.4. In practice, calculating the probability of
A —o in a certain range given byt —h— |, denotedasd i — —h— g0, is equivalent of
calculating the area under thanjpprobability density function. Thus, one needs to solve the

following integral,
n—n ag—Q— (3.5

In the original work of Bayes and Laplaagta distributionfunctionr) «s— is describing the
probability of a randomly thrown ball lands on the right side of the previous randomly thrown ball.

It was modelized as a binomial distribution,

fas— 6 QEsh—
5 (3.6)

0 P T
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Laplace solved the integral presented equation 3.5 with two assumptions. First, a-non
informative prior for parameterusing a uniform distribution was applied, therefaye;— is
constant along the range® —h— . Second, the shape of the posterior density function was
approximated Y a normal distribution. The mean of this normal distribution is equal to the mode
(i.e., maximum of probability density function) of the joint posterior distribution. In binomial case,
the mode is— fe. The variance of it was estimated from th@vature of the posterior
distribution at mode location- Such an approach is known as the normal approximation and
inspired other posterior approximation techniques categorized aarthgonal BayesiafGelman

et al, 2013a) These approaches are usually computatioreffigient since they rely on an
analytical solutiori the parametric form of the joint posterior distribution is approximated by an
assumed known distribution. Howevtrese approximations may provide inaccurate and biased
estimations of the posterior distribution, when the approximated parametric form is far from the
underlying real joint posterior distribution.

In modern Bayesian data analy§&elmanet al, 2013a)r} —0 is numericallysampled from the
joint posteriordistributiony —n «%— using Markov Chain Monte Carlo (MCMGCNeal, 1993;

Gelmanet al, 2013a)while omitting the normalization factar w , therefore,

nfweénfnoy (3.7)
This approach will be introduced later in section 3.2. To summarize this subsection, as well as to
address some common misunderstandings of Bayesian: the Bayesian framework is not only about
utilizing the Bayesod rul @ esltn afpgpato,acthh el csmon vnan
rule in a specific manner, which will be mentioned later in section 3.4.2. The uniqueness of
BayesianistousB ay e s 6 ntore gemeradyynwhich is a combination of 1) prior distribution
of parameters that are mmtcannot be observed but can be assumed based on prior knowledge; 2)
hypothesized associations between parameters and data, expressed by a probabilistic model; 3)

posterior sampling and diagnostics and 4) inferences using posterior predictive simwagons

will introduce these important concepts in the following sections.

3.12 Modeling the association between data and parameters
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Modeling is the mathematical expression of the association between parameters and data. There
are various ways of constructing models, but two principles may be of interest to consider when

applied in scientific research.

The first one is to apply a hiechical structure, also called multilevel modeling. This is useful for

studies in neuroimaging field, which attempt to infer both individual and group level effects. The
underlying motivation of hierarchical modeling is all about howcarehandle the vaances of

the data at the different levels of the analysis. Suppose we conducted an experiment on a group of
subjects, and each subject went through several trials of the same experiment. The conventional
statistics would analyze the trials of each indiaidfirst and then infer groulevel effects by
summarizing statistics among subjedtfhi s approach has fAamnesi aod b
unrelated (infinite betweesubject variance)therefore, nothing can be shared between each
subject, meaning npooling of information. The other opposite way would be to put all trials
together and summarize statistics directly, this time ignoring the heterogeneity of the subjects (zero

betweenrsubject variance), by completely pooling all the information fromuddjects and all trials.

On the other hand, hierarchical modeling assumes that subjects share some common features, and
heterogeneity also exists between th&ms means betweesubject variances a finite number

(neither infinite nor zero mentioned at®)vwhich is more realistic and called partial pooling

Partial pooling allows the variance to propagate from lower levels to higher levels. The estimated
grouplevel effects of the experiment are then more accurate and reliable since it respects the
naural structure of the data. Moreover, since everything is encoded in one model and solved
simultaneously, groufevel information also helps to regularize indivicHglel inferences and

vice versaThese features are critical for the neuroimaging fieldyhich betweenand within

subject variability are often discussed but not always carefully modeled.

The second principle is to try to construstientific models rather than general modé&sery
research question is unique aeduires a bespoleusbmized)modelto encounter data that are
collected differently and hypotheses that are assumed based on specific knowledge. This approach
will also push us to think generatively, hence, the resulted inferences may be closer to the truth.
One probable badxample in the neuroimaging field is the abuse of@emeral Linear Model

(GLM) in some literature. A common and simple procedure is to consider all possible confounding

factors as additional regressors (e.g., age, gender, cognitive test scores) intorao@&Mand
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claim that confounding effects are therefore regressed out. However, it will not disentangle the
effect of confounding factors as expected but may rather result in biased inferences, since the
underlying interactions are not considered. Forainsg, age value per se may not quantify the
effect of age on the variable of interest. Therefore, simply adding age values as a regressor into
the linear model assumes the age effects are linear and homogeneous along the age range, which
is often not the &se. Fortunately, the Bayesian framework suggesteral modeling techniques
addressing these issues. For instan¢enalooking for the effect of age, it caniedeledas an

ordered categorical predictor when assuming the effect is consistent within several subranges of
age Bayesianinferencescould then estimate the cubff age points aswiyperparametsr When
assuming a nonlinear continuous effect of age, it candokeledas an autoregressive (AR) model

or using a specific kernel farGaussian process model

Good examples obespoke modelingre for instance studies in computational neuroscience
(Sotero and TrujilleBarreb, 2007; Jirsaet al, 2017; Hashemet al, 2020)or calibratedfMRI
(Hogeet al, 1999; Gauthier and Hoge, 2012, 2Q18jodeling neuroimaging data pretabolism
processes generatively, while involving scientific knowledge in the design, from animal or human
published studies. They reflect the hypothesis of a specific research question. In most studies, we
do not know thexact underlying relationship between quantities of interest, especially when using
norrinvasive measures of brain activity. However, multiple models can be constoasted on
different hypotheses. Theme cancompare the proposed models to find the gneffering the

best tradeoff between datétting and predictingabilites Actually, model comparisascan bring

us much more insightato the research question than inferring any single m@&iglesian model
comparisoscould be of great interest whetndying neuroimaging data, for instapstudies from

our group assessing the correspondence between several molikadi#sG sourcemagingand

fMRI responsegDaunizeatet al, 2007; Groveet al, 2008)

3.13 Weakly informative prior

Once a model is defined and data are collected, one needs to determine the prior distribution for
each parameter to complete the probabilistic modeling. This aspect is actually the most
mi sunderstood part of Bayesiano, appteachrbetcatl
use of priors. Debating whether any sbangent i f i

circularbecause the definitonofspal | ed fAobjectived i s vague and
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introduce best practices inabsing priors while trying to clarify some of those misunderstandings

from technical views.

Early Bayesian approaches were using the ol | e-d nfioomati veo pri ors.
Lapl ac e(®hsmawand kaplace, 1768)entioned in section 3.1.1, a uniform distribution

was used as the prior. Since all possible values of a parameter will have the same probability in a
uniform distribution, it is then considerediasy e mf or mati veo. I n that sen
is introduced and the approach is as Mfnobjecti
the mode (peak(s) in probability density function) of the posterior distribution, maximum
likelihood-basedoptimization approaches will end up with the same results. However, Bayesian
still contains the advantage of estimating t he

than only its mode.

We often have some basic knowledge of the parametdusi@ttin a typical model. For instance,

if the parameter is human height, at least we know it should be positive; it should have a mean and
a finite variance. Such weak information could help us in selecting priors from known probability
distributions, and hen t hese priors can be referred to
choose the priors depends on the specific parameter of interest, but a general rule is to follow the
concept of maximum entropy introduced in Chapter 1, when solvingposéidnverse problem.

We just need to choose the distribution which has the maximum entropy, with respect to the
knowledge constraints we could have. Then the prior would contain the highest uncertainty and
woul d be as fAobj ect i v emassaminga pasametds shauld coRtaimreal nst
value and with finite variance, Gaussian distribution is the one that corresponding to maximum
entropy. When assigning prior for a variance parameter (i.e., a scale), which should be a non
negative real number ariths a unique mean, then exponential distribution is the one providing
maximum entropy. When a parameter of interest is a binary event with a fixed probability (e.g.,
tossing a coin), Binomial distribution provides maximum entropy. Furthermore, one roatluog
field-specific knowledge from the literature review to set reasonable values for parameters in prior
distributions and to help the model regulating outliers. Such regulation is always more
conservative than conventional arbitrary thresholding gime¢hresholding value itself will have

a distribution to allow more or fewer outliers, and the further away from the value to the threshold,

the lower plausible it will be.
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I f one is skeptical that the c htobaekrithe pxpectedr i s
results, one can perform the prior predictive simulation to assess the impact of the choice of a prior.
The prior predictive simulatioronsists in simulating data using only the model and prior
distributions, i.e., when considering wbserved data. This is a purely generative proaiessd

at exploring the parameter values spanned by the model before introducing any observed data.
Therefore, by comparing the distribution of such simulated data to some known knowledge, one
can evaluge whether or not the priors are too informative and could eventually bias the results. In
Chapter 7, we performed prior predictive simulation for linear regressions. We demonstrated that
our choice of priors allowed us to span a large proportion of pedsibar regressions (i.e., pest
versus prePAS MEP to assess the effect of PAS), spanning actually more possibilities of
regression lines than when considering arbitrary thresholding for outlier rejections. More
importantly, when conducting such an apguh, it forces us to do a comprehensive literature
review of the research topic, and consider the variance of each parameter into the probabilistic

model, rather than just discussing the variability of results as a limitation at the end of the study.
3.2 Estimation of the posterior distributions

Once probability modeling is complete, the next step will be the estimation of the joint posterior
distributions by conditioning the model with observed data, which is a probabilistic model fitting
procedure. This step is the most critical part of the Bayesian framework and requires significant
efforts, especially on computation algorithnmzlgpower(not available decades ago). This is the
main reason why the Bayesian approach was rarely consideregearch applications during the
20th century. This section will briefly summarize the efforts that have been made throughout the
history of the development of Bayesian and mainly focudamiltonian Monte Carlowhich was

used in Chapter 7.

3.2.1 Analytical solution

As mentioned previously in section 3.1.1, the original Bayesian apppyapbsed byrhomas
and Laplace, 176@&asananalytial resolution usinghe normal approximation. Instead of using
the uniform distribution as prior (i,@) —) in equation 3.4 proposed by Laplace, one carause
Beta distribution as the prior. It is proven that the resulted posterioitgémsctionn [ 0 will
have the same parametric fo(ie., Beta distributions the prioiitself. This bringsalgebraic

conveniene and accuracy fothe analyticalsolution sincer] [ 0 can be calculated in closed
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form by knowing the exact parametric of the posterior distribuButhanapproach often relies
on the property called conjugagelmanet al, 2013a) which mean# the likelihood distribution
N « belongs to a certaidistribution family , and the prior distributiory — belongs to a
certain distribution family , then the family is conjugate for when the resultegosterior

distributionn [ 0 satisfying the following expression,
nfso Ny foralln o Ny andng —N (3.8

There are several but not many known conjugate priors, mainly froexgmnentiafamily. For
instance Bata distributionis a conjugate prior for binomial likelihooGammadistributionis a
conjugate prior foPoissorand &ponentialikelihood; normalistributionis a conjugate prior for
normal likelihood. Therefor@8eta, Gammaand normal distributions are often used as priors
traditionally in Bayesian models. The disadvantages of such analytical approaches are less
flexibility regarding the choice of the prior especially introducing difficulties when dealing with

multiparameter models.
3.2.2 Grid approximation

Without constraining the prior by a specific form for a particular likelihood distribution, it is
impossible to solvéheposterior distribution analytically. Therefore, numerical techniques are then
required to approximate the alwptical solutions. The most straightforward numerical approach,
which is pedagogical to understand other more advanced approaches, is the grid approximation,
also called grid sampling. The idea behind grid approximation is simple: although we cannot solve
the continuous probability density function of each parameter, a finite grid of parameter values can
be used to approximate its distribution. The algorithm for grid approximation can be summarized
as follows(McElreath, 202Q)1) define the grid on probability value ranggp according to the
preference of the resolution; 2) calculate the corresponding prior and likelihood values on each
grid location; 3) calculate the posterior value by multiplying the prior and likelihood values; 4)
normalize the resulted posterior by divigithe sum of all posterior values. The accuracy of this
approach is highly influenced by the resolution of the grid. The gadepointswe define, the

more accurate the resulting posterior distributions will be. However, this approach may only work
for models with very few parameters. For instance, if one proposes to sample the posterior with

100 grids, the required number of multiplications to compute for a modebwptdrameters will
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then bel . 't wi || mor e | i kel ytons okneost fedl applieatians. 0

Moreover, it is also tricky to set grid locations and resolution because the probability density

function varies from parameter to parameter and the joint distribution is even more complicated.

It is not easy to know whictegion in the probability range should be explored with more samples
and sufficient density of the grid. This difficult issue can be explained by the following example:
imagine one needs to sample a 1D Gaussian using 9 homogeneously distributed grghpaint

on the top marginal distribution of Fig.3.1. The typical set, which contains the most probability
density, of this 1D Gaussian would only be sampled by 3 grid points. Therefore the efficiency (i.e.,
the portion of points used for sampling the tgbiset over the total number of grid points) would
only becfw pFo. This will become even worse when increasing the dimensionality of the model,
for instance, in Fig.3.1, to sample a 2D Gaussian with the same resolution, one needsy p

grid points, wheras the typical set of this 2D Gaussian is only sampledfrono  wgrid points,

resulting in an even lower efficienpfw

Sampling with 9 girds

Sampling with 9 girds

Fig.3.1 Demonstration of grid approximation for a 2D Gaussian distributiodoint distribution density

is shown in the middl@sa heat map. Marginal density (blue) is illustrated on the side of each/egs. w

grid is used to sample the joint distribution. The typical set of marginal density was sampled by only 3 grid
points. The efficiency is even worse when sampling joint distrigwonly 9 grid points (points in the black

shade) were used, resulting in lower efficienc$/ef
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The numerical approach and its limitation illustrated above are at the origin of the development of
more advanced methodssampling the joint distributio numerically along with high efficiency

and accuracy.
3.2.3 Markov Chain Monte Carlo

Nowadays the general approach used to sample the posterior probability distribution is called
Markov Chain Monte Carlo (MCMCJRobert and Casella, 1999; Broo&sal, 2011) It is a
stochastic procegbatexplores the target probidity distribution by secalledfirandom walk. It
randomly initiates a starting point of a Markov chain and firandom walk through the target

joint distribution by accepting/rejecting a proposal to movéhenext randomly assigned new
location. Afte a sufficient amount of iterations, the stationary distribution of the Markov chain is
close enough to the target distribution. The proof of the convergence can be found in Chapter 11
of Gelmanet al, 2013

Note that MCMC is a general approacthe actual algorithm used in Bayesian is callegl
MetropolisHastingsalgorithm. Before we briefly summarize the prodesable3.1 let usrecall
someessentiahotationsn —w is the posterior distributigrwhich is our targeto sample by

MCMC; —is theparameter of the model, y is the observational data.

Table3.1 Process of Metropotidastings algorithm.

Step 1. Initiate a starting point for parametefdenoted as—h the correspondinglocation of
it on theposterior distributiom) —s0 will be the starting point of a Marko chain. Nc

that thisinitialization needs to satisff —0 1L

Step 2. Define a secalled pmping distribution,’ —2s— hthat propose a random
assigned new location for the chain to proceed at time, 0 pltlodBY. 2

represents a proposal but not yet the actual next move of the chain.

Step 3. Randomly sample - accordingtd —s— , therefore, the chain has a propo:

location to move.

Step 4. Calculate the acceptance rabiothe proposatiefined as ; 7
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Step 5. Random sample a valuey tip from a uniform distribution.

“h i |

Step 6. Accept or reject the proposal by Foi

, where— is the next

locationfor the chain to proceed

Step 7. Repeat the above process wilfiterations.Since the acceptance ratidgs related to
N —w , the higher the density gf —0 the higher probability—tends to stay at-,
the target posterior distribution —sw is then estimated by the probability density

—among all locations—.

Step 8. Launch several Markov chains with different initiations and mix them to get a ¢

estimation of) —sw

According to Step 4, thecurrent state of a Markov chain is dependent on the previous one.
Therefore, the samples are not always independent from each other. It is rathet a lag
autocorrelation sequence (green trajectory in Fig.3.2). In facgdteracy and efficiencygf a

Markov chain are related to s@lled effective samples that are independent from each other.

The other problem of th®letropolisHastingsalgorithmis the low acceptance ratio since the
jumping proposal is randomly defined, and it is not guaranteed totjuepigher density location

on the target distribution. Computations times for rejected proposals will be wasted. Fig3.2
demonstrates thiletropolisHastingsalgorithmto sample a bivariate normal distribution. After
200 draws, it has not yet fully expat the target distribution. Actually, the first 500 samples are
considered as a warap phase in which the Markov chain is still wandering outside the typical
set of the target distribution. These samples are often discarded for final inferences. bh the en
even with 1000 samples in Fig3.2 right column, the contrast (between thddmgity region and
low-density tails) of the 2D Gaussian is not well shown. This can be explained by the low

proportion of independent samples.
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200 draws 1000 draws
Samples — Chain trajectory — 89% HPD + Samples — 89% HPD

Fig.3.2Demonstration of MetropolidHastings algorithnmwhen sampling a bivariate normal distribution.

The ground truth distribution is—h— *x ~ & 1 & éiix@fp , meaning two 1D Gaussian distributions
(mean=0, standard deviation =1) that have a correlataf 0.8. The blue ellipse covers the 8Bghest
Posterior Density (HPD)One chain is conducted and the trajectory is shown with green bars. Each sample
is represented by a red dot. The first column showed the first 200 draws from the initial posecding
column showed 1000 draws after removing the B@® draws as the warrmap samples. Figures are
produced from the adaption of the codédnitps://github.com/avehtari/BDA _course_Aalto

To solve the low acceptance ratio probleme @f themostfamous MCMC algorithmgalled

Gibbs samplingvasproposed byseman and Geman, 1984; Gelfand and Smith, 1®80actually

a special case dfletropolisHastingsalgorithmwhich wasimplemented in the softwapackage

called Bayesian inference using Gibbs sampling (BUGS8ks, Thomas and Spiegelhalter, 1994;
Lunnet al, 2009)that isnot maintained anymor&ibbs sampling allows higéfficiency jumps

by replacing the jumping distributioh —s—  with the conjugate prior distribution introduced
previously in section 3.2.1t could be proved that doing so the resulted acceptance ratio will
always equal to 1, therefore, accepting all jumswever, using conjugate priors limits the
number of paraeters in the model, meaning the priors together may not be conjugate for the joint
distribution condisering all parameters rather than one of them. The solution is then to divide the
parameters into few subsets in which conjugate priors are available. eBobnsubset of
parameters will be sampled one by one from the conditional distribution of the other parameters.
This is why Gibbs sampling is also called alternating conditional sampling. Fig3.3 illustrate the
Gibbs sampling version of Fig.3.2, the alting property is reflected by the fact that resulting
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Markov chain trajectory is either horizontal or vertical, so samphnghorizontal) and—
(vertical) in an alternating way. The chain jumped to the typical set of the target distribution rapidly
even if it was initialized around the board&his observation demonstrates the high acceptance
ratio (almost every jumping proposal is acceptedMstropolisHastingsalgorithmin Table.3.1)

of Gibbs samplinglt actually took only 50 samples to compléte warmup phase. The 1000
sample draws in the right panel of Fig.3.3 also demonstrated better contrast of the estimated 2D

Gaussian distribution.

200 draws 1000 draws
Samples — Chain trajectory — 89% HPD - Samples — 89% HPD

Fig.3.3 Demonstration ofGibbssampling when sampling the same 2D Gaussian distribution in Fig.3.2.
The frst column showed the first 200 draws from the initial point. The second column showed 1000 draws
after removing the firsb0 draws as the warmp samples. Figures are produced from the adaption of the

code inhttps://github.com/avehtari/BDA_course_Aalto

However,Gi bbs s amp| randgm wai approach anaara onlfi beefficient when
sampling independent parameters one by Bwen though repanaetrizing the model into subsets

that are independefom each other magatisfy this requirementhe statistical conceptalled
ficoncentration of measwéMcElreath, 2020will push usto seek more advanced atghms.

This concept is based on the fact that the general goal when solving a model is actually about
estimating the statistical expectation of each parameter. The statistical expectation is defined as
. N —Q-weren — is the probability density function (PDFj parameter— On one hand, the
further a certain value ofis to the mode of its PDF (i.e., peak(s) of PDF), the smiller will

be (see curvg — in Fig.3.4). On the other hand, the correspondngvill become larger while

—is departing to thenode of its PDF, especially in a high dimensional space (see Quive

71


https://github.com/avehtari/BDA_course_Aalto

Chapter 3:Introduction of Bayesian Data Analysis

Fig.3.4). For instance, the geomtary of a 3D Gaussian distribution is a ball, then the unit volume
(Q Hncreases while-is departing from the mode (i.e., the center of thf.bddénce, the product

of N — and'Q —which is the term) —Q —required to calulate the integraly —Q —for
estimating the statistical expectation, is actualfximizedas a trad®ff between these two terms

(7 — and'Q >while increasing the distance{ —; o9drom a certain value 6fto the mode of

its PDF (see curvg —Q —Fig.3.4). Therefore, the highest density of the statistical expectation of
any parameter does not distribute around the mode of the correspdisdifiution. Moreover,

this observation is especially true when increasing the dimensionality of the model since the higher
the dimensionality of the parameter space, the |&gawill be while increasing the distanee

—¢ ool his is also the sson why nowadays maximum likelihood aptimizationbased point
estimation is raising some concerns when dealing with high dimensionality models. All in all,
these issues led the developers to sample the entire posterior at one time rather than part by pa
This introduces the last algorithm, Hamiltonian Monte Carlo, described in the next section and

applied in Chapter 7.

de

p(@)

p(6)do

|9 - eModel

Fig.3.4 Demonstration ofthe concept callecdoncentration of measureThe horizontal axis shows the
distance— —5: qdetwea a certain point on the probability distribution to the mode of it. Each line
respectively represents the value bf—ﬁ Q —andr) —Q -as a function of— —5; oglhe figure is

adapted fronhttps://betanalpha.github.io/assets/case_studies/probabilistic_computation.htmi
3.2.4 Hamiltonian Monte Carlo

Hamiltonian Monte Carlo (HMC) algorithifDuaneet al, 1987)is abrilliant idea to efficiently

explore the target distribution with a high acceptance ratio and more independent simples.
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actually considers the target distribution as a physics model involving momentum and kinetic
energy.To introduce how HMC works, we could uge toy example presented in Fig3.5a. The
target distribution is still the same 2D Gaussian considered in previous secachspdssible

value of the distribution is considered as a coordinagbispace, and thieg transformation of
thedensity fundbn is considered as a frictionless nuaimensional surfactéhat can be imagined

as a bowl. Then, wassignigravityo to space by putting the Earth in the center of the distribution
(bottom of the bowl). If wenitialize the kinetic energy and directitma little ball(grey arrow in

Fig.3.5), it will glide through the target distribution according to the gradiesftected its

c or r e s pgravitgd ipm epch focatiorin the endthe trajectory ofhe little ball (black curve)

will actuallyfollow the exact shape of th&argetdistribution In practicethe number and size of

the sampling stegblack dots in Fig3.5aheed to be predefinedt is preferred to enlarge the
distance (green arrow) between the current sample and the next accepted progaosal o

have more steps in thejectory(black dots). Therefore, HMC is a unique sampling framework
resulting in more independent samples, because the distance from the current sample to the next
one is large. However, inappropriate step size maytresuhe trajectoryma k e -tau rinJ0  a s
shown in Fig3.5.b, in which the proposal will be too close or even overlaps with the current sample.

d 2D Gaussian b 2D Gaussian

Fig.3.5 Demonstration of Hamiltonian Monte Carlo (HMC) algorithma) one samplingproposal made
by HMC. The gey arrow showed the location of the current sangid theproposed direction of the
kinetic energy to flick the little balthe black curve illustrateshe trajectory of this triglthe green arrow

representsan accepted proposdlorigin as the current sample and destination as the next saniyle)
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demonstration of the problem calledtlrn, in which the trajectory made a turn and coincidentadlsne
bad to the current sampl&he chain will still work but become much less efficient. Simulation adapted
from MCMC demos inttps://chifeng.github.io/mcmdemo/

To avoidsuchcircumstance and improve the efficiency of HM@n advanced algorithm called
No-U-Turn Sampler (NUTSjHoffman and Gelman, 2014yas developed to adaptively set the
step numbers and size of ts@mplingin the warmup phasetherefore, preveitg the trajectory
to make a U-turn. NUTS will launch twotrajectores in oppositedirections and sample the
posterior at the time when these two trajectosiest turningaround. This approach will prevent
U-Turn, and in the meantime, make sure the distances between neighbor samaledialy
long, therefore, resulting in more independent samples in total. Fig3.6 illustrates this sampling
strategy. In this example, NUTS is so efficient that it is actually egglbe target distribution by
following its exact shape, i.e., a donwhich will be quite challenging favetropolisHastings
algorithirs. Finally, the most recent implementation of HMC, based on the idea of NUWsTS,
entitled dynamic HMC (Betancourt, 2017)Dynamic HMCwas developed to replace the slice
sampling approach with a multinomial sampling approach for each trajetttergforeachievng

massive improvemeih the performancand accuracy

Donut distribution

Fig.3.6 Demonstration of NeU-Turn Sampler (NUTS).A donut shape 2D distribution is the target
distributionin this case. NUTS can detaghenthe sampling trajectory is turningnd then sample right

away. The proposal is not close to th@rent location, therefore allowing more independent samples.
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HMC algorithm allows exploring this complex target distribution efficiently by following its shape.
Simulation adapted from MCMC demadhttps://chifeng.qgithub.io/mcmdemo/

In practice,thanks to thedrasticimprovement in Bayesian data analysis workflow in the last
decade, Bayesian inferences have become more acceaniblestimated posterior distributgon
arealso becomingnore accurate and reliable. NUTS and dynamic HMCirapgementedn a
Bayesian statical modelingand computation platform called St&atan Development Team,
2020b) Not only the functionalities of these samplers but also the diagstaigticsintroduced

in section 3.3)pf the resulted HMC chains are provided in Stargllow accurate and reliable
Bayesian data analysis. Chapter 7the R Version 4.0.8R Core Team, 202@istribution of the
Stan Probabilistic programming languad&san Development Team, 2020bRStan package
Version 2.21.Z2Stan Development Team, 2020#s used to program and solve the mouétls

the advancedynamic HMC
3.3Markov Chain Diagnostic statistics

Although sampling algorithms are evolving more efficiently nowadays, the target distribution to
estimate may still be complex and challengiogample. Thereforejabnodgics of the sampling
process is a crucial step for evaluating the accuracgwaentuabiases of the estimated posterior
distributions In this chapter, we introduce the diagnostic statistics proposed for MCMC sampling.
Some ofthem were designed for general MCMC approaches, whereas others were specifically

proposed for HMC.
3.3.1 General MCMC diagnostics

Convergence diagnostic consists in evaluating whether a Markov chain converges, which means
the sampled distributions are close enough to the true target distribution. A common approach is
to launch multiple chains initialized randomly and visualize ifttaees of all chains mixed well,
meaning each chain sequence achieves stationarity and no single chain looks different from others.
Fig3.7 shows the traces of 4 chains mixed together. In the left column, all four chains mixed well
so that none of them l&e different and all chains reached stationarity, whereas in the right column,
two chains (green and red curves) did not become stationary, and all chains did not mix well. Note
that the term stationary means the range-edlue sampled by each chaimist changing while
increasing the number of interactions, for instance;-thaues in the left figure stay in the range

from -2 to 2 along the whole range of interactions.
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4 chains converged 4 chains are not converged
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Fig3.7 Visualization of MCMC chain trace to diagnose convergenc&ach color epresents one chain
trace.a) 4 converged chains showing homogenous explorations of the whole rargendfthere is no
obvious difference among all chains, indicating they mixed well, whereas in b) all 4 chains did not converge,

each chain preferredbtsample the values efthat are only part of its full range.

Quantitative approaches have been proposed to assess chain convergence, for instdnce, the
metric proposed byelman and Rubin, 1992; Brooks and Gelman, 1#%9&alculates for each

parameteastheratio of betweerchains variance over the with@hain variance

O p

V)

cio
Os

v (3.9

&)
&)

wherew andd are within and betweenchain variance, respectively ana is the number of
samples per chaiin detail, the betweenhains variance is calculated as the standard deviation
among all chains, and the with@fain variancev is represented as the igated sum of the root
mean square of the standard deviation withigrgsingle chain. If the chains mixed well, this ratio
should be close to I¥ would be larger than it the chains did not mix well, indicatirthatone or
more chain(s) did not converge. The recommended criteria for convergéhce @3t uFor more
details of the latest version dfestimation used in Chapter 7, i.e., splitplease refer t&ehtari

et al, 2020

The other commonly used diagnostic metric isatfiective sample sizé.e.,0 , describing how
many independent samples are drawn by chains. It is estimated by the fol{jp\wirigriet al,
2020)

p ¢B 7 (3.10
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where” is the estimated autocorrelation at é&yvhen all samples are independent from each
other,”  mat any lagp 0. There is no strict threshold for , but it is recommended to

have at least 400 independent samples for each pardivieleariet al, 2020)
3.3.2HMC diagnostic statistics

While sampling athigh curvaturé target distribution meaning the geometry of the parameter
space contains areas that are not smaotimappropriate large step sizauld misssamplethese
regiors. The resultedamples of the target distribution witlenbe biasedThis sampling issues

usually caused by the parameterization of the models, especially when involving multivariate and
hierarchical structures. Parametiensd tobe dependeritom each other in thesmodels, therefore,
creating aihigh curvaturégeometrya | s o ¢ al | e dNehll,&@0B)dtdch iB difficalteol
sample. Thanks to the fact that HMC was developed based on a physics(Nexlel2010;
Betancourt and Girolami, 2003 uch i ssues wi |l |l b diverdencaggTini®s s e d a ¢
diagnostic is specific for HMC sampler, mainly invigilating the amssich @ the step size of the

HMC chain €.g.,the resolution of the sampler) and the target distribution gepniretrr example,
whenan overlylargestep size was assigned to a chaiwjlit fifly off o while approachinghefhigh
curvatur@region and thigathological behaviaran bendicated by infinite energig8etancourt,
2017)and recordedby the algorithm. Note thatparameteézation of the model into neocentred

form could primarily reduce the chance of divergggras we conducted in Chapter 7.

Poorly chosen parameters of the HMC @dso decrease the efiency or even result in the
incomplete exploration of the target distrtion, especially fodistributionswith heavy tailsThis
issuecan be diagnosed agaiy taking advantage of the physics feature of Hd@mparing the
marginal energy density (denoted‘a9 andtheenergy transition density (denoted‘gs) of the
chain. One can visualize it by superimposing the histogram$ cdnd“y , the higher the
efficiency, the more overlapping the two distributiondll be. Such diagnosis analysis is also
illustrated n Chapter 7. Quantitativelyhé EnergyBayesian Fraction of Missing Information-(E
BFMI) (Rubin, 2004 has been proposed aspecific diagnostic for HMC samplerevaluae the
efficiency of the sampling proceg8etancourt, 2016)Empirically, an E-BFMI valuebelow 0.3
is considered problematic, please refgf@etancourt, 2016, 20179r more detailed explanations
and the derivation of BFMI indices

3.4 Bayesian Inferencews. frequentist inferences
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Statistical inferences of the researchdiimgs help us to evaluate how plausible an underlying
hypothesis can be considered as true and how reliable the findings are. In this section, we will

compare Bayesian inferences and conventional frequentist inferences.
3.4.1 Bayesian inferences

Bayesian inferences summarize the parameter in terms of probability conditioned on the observed
data and regularized by prior knowledge. Since Bayesian models @léowstimation othe
posterior probability distribution, one can then calculate any titatef interest, such as the mean,
variance and assess how plausible it is to have the parameter value within a specific range.

Mathematically it can be proven that the uncertainty of the posteri@ , is lower than both

the uncertainty of por (i ‘Q ) and datai( Q ) as follows(Gelman, Hill and Vehtari, 2020)

i Q

(3.10

p p
i Q i Q

Moreover, once the posterior distribution is known, one can estimate the uncertainty of any
observed but alsanobserved quantity of interesby a givenequation that describes the
relationship between the unobserved quantity of interest and observed ones. This unique process
is calledposterior predictive simulatiorf&elmanet al, 2013a; McElreath, 2020 estimates the
posterior distribution of any quantity of interest by predicting it via the fitted moukfeeding

new simulated data. For instance, in Chapter 7, we performed posterior predictive simulations to
infer what is the probability distribution of cortical excitability changes of each intervention at
both group and individual level; and what wohklve been the probability distribution of cortical
excitability changes when increasing the intensity of TMS pulses if we would have reconducted
the experiments. Such a process makes Bayesian inferences substantially flexible and unique, fully
exploiting he posterior distributions learned from the observed data and the model. In the end,
since it is based on probabilistic modeling, Bayesian inferences could also be updated by involving
new real data to improve the estimation (i.e., Bayesian updating)caveérgently performing
metaanalysis by sharing models and data between research groups. In terms of open science, it
would also be much easier for communications because all we need to share is the model and prior,

which encapsulate the hypothesis (ptkoowledge) and data analysis, rather than descriptive
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analysis pipelines that are difficult to reprodE&lund, Nichols and Knutsson, 2016; Botvinik
Nezer et al., 2020)

3.4.3 Comparison with frequentist inferences

Traditional statistical inferences, known as frequentist inferences, are based on only summarizing
observed data features, without using priors. To estimate an accurate distribution, independent
sampling of the data and a sufficiently large number of @asiens are required. The most applied
frequentist technique in scientific research, especially in the neuroimaging field, is the statistical
significance test, which was first proposed3iy Ronald Fishe(Fisher, 1925, 1955h the 20th
century. It estimates th@obability of an effect equal to dargerthana predefined valueenoted

asthe null hypothesisSince the accuracy of this estimaprdbability function to the true one is
largely affected by the data samplingp@ess and the number of samples, the reliability of the
inference is then depesdn the randomness of the data sampling and the number of data samples.
To reject the null hypothesis, an arbitrary threshd@8% is often considered (we usually report

thet y pe error threshold so 5% as the probabil
the null hypothesis distribution, i.e., probability of making a false positive error). According to the
original work ofSir Ronald FishefFisher, 1925)the selection of this threshadtmply considers
convenienceTherefore, there is no link of this threshold to a scientific conclusion. This approach
achieved success in practice, especiallagniculturestudies in which a large mber of data
samples could be collected; the experimental condittonld be precisely controlled such as the
temperature, humidity, soil nutrition, and the experiment outcomes could be accurately quantified

such as the plant height, width and the amofiproductions.

Recently many scientific fields are facin@ replication crisis, including neuroscience and
neuroimagingas reported in several studigdraig M. Bennetet al, 2010; Carp, 2012; Eklund,

Nichols and Knutsson, 2016; Botvinitezer et al, 2020) It has been raphasized by the

American Statistical Association (ASA) sinf&/asserstein and Lazar, 2016atthe problem of

applying significant testis that they tend toverestimate the effect size in scientific research
findings.Nature has publishedcammentar t i cl e enti tl ed @ R¥atemtne st at
Amrhen, Sander Greenland, 201@hich gathered more than 800 signatories¢alim scientists

all over the world The ASA conducted aotherspecial issu€Wasserstein, Schirm and Lazar,

2019) after (Wasserstein and Lazar, 201® highlight this problem and provided several
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alternative statistical solutioriacluding Bayesiannferences More importantly, overestimated
scientific findings could propagate through the literature reviews and study designs when
conducting new projects. These claims remind us to embrace the variation that we cannot reduce,

instea of claiming overestimated significafmdings

Arguing on thelegitimacy of thestatistical significancéest was beyond the scope of this thesis,
but we are referring here three inspiring points from statistical literature that may kindly remind

us wha are we concluding when referring to significance inferences,

1) With a large enough amount of samplesything can be statistically significamthen
compaedto a null hypothesigGelman, Hill and Vehtari, 2020T o illustrate this point, one
can simply perform a simulation: let us draw 1000 samples from a normal distribution

€1 & ¢ fp , these samples are very noisy since the standard deviation is 100 times

larger tharthe mean. Then we conduct a one slentpest against 0Oi.., null hypothesis)
The resulted yvalue is 0.33 indicating the test cannot reject the hypothesithétale mean
is 0. On the other hand, what if we dra@,d00samples? Thethetest will reject the null
hypothesis witha p-value equal to 0.0004/Vhich experimentesultis thentrue? Theactual
mean is indeed 0.01 according to our simulations. In fact, the effecttisezeyumber of
samplesand significance hee a sacalledfitriangle associatian meaning significance can
be ahieved eitheby 1) large effect size and small sample size or 2) small effect size and

large sample size.

2) The difference between Asignificanto and fAnc
This is actually the tie of the paper publigd by Gelman and Stern, 200€©re can
demonstrate this bgn analytical calculation inspired bgelman, Hill and Vehtari, 2020;
McElreath, 2020suppose twaesearctgrous did the same experiemtindependentlypne
found an effectop v V(G QWET O e ALdiiXand the other obtainad v. The first
oneis resultssignificartly larger than 0, whildhe second one is not. Then the difference

betweenthe two measures is charactedzbyp 1 X, sincethe standard error of the

difference between two independent samplsisélu v X. Therefore, the difference
itself between these two resuttsnot significanly different from zeroThen, if the idea of

significant test is strictly itowed, we may not want tdifferentiate thevorks for publication,
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which showing eithesignificantor nonsignificant resultsbecause the difference between

them may be statistically nesignificant.

3) In section 3.1.lwe mentioned thahesignificacet e st approach al so mak
rule in a specific wayLet us illustrate this point according to the original investan
(loannidis, 2005\nd the example in Chapter 3 dficElreath, 2020When one results
staically significant results, the probability of the corresponding conclusion being true
0101 § fitan be expressed as,
i . Dl @A OBOI 6Q
DiIol 8§ MQ T 00

0ii @Q @061 6Q
Tii @Q &Q01 6 Q01 Q@oas RO i Q

(3.12

wheri é@fir epresents the significant test bein
hypothesis being trué.1i "@Q Mis the probability of significant results conditioned on

the true hypothesis, which is actually 0.95 when ugiegonventional significacethreshold.

0 1i "@@b & is e false positive rate equal to 0.05 in this cased i 6i€xheprobability

of a true (correct) hypothesis being proposed, which is callgib#se raté(loannidis, 2005)

When conduting the null hypothesis testith a randomly sampled large data set of a-well
controlled experimentwe actually assumesli 0 i 0 'Q 1@, since it is a binarized test
saying whether the hypothesis is true or not. However, the base rate varies a lot in different
fields and in generait is much lower than 0.3-or instanceMcElreath, 202Guggestedra
empiricalbase rate of 0.0ih general. Let us assume an even higher base rate than 0.01, e.g.,
1 out of 10 hypoteses is true, by substituting it into equation 3.12 with a power of 0.95 and a
false positive rate of 0.09,1 0 i § (DWould only be 0.68, meanirthe probability of the
corresponding conclusion being triggust about 68%. A more detailed damtration curves

of 0101 8 M#E a function of statistical power, false positive rate and base rate can be

found inloannidis, 2005
3.5 Conclusions

This chapter introduced the essential workflow of modern Bayesian data analysis. This workflow

consists of 1) probabilistic modeling 2) posterior sampling 3) Markov chain diagnostic and 4)
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Bayesian inferences. Probabilistic modeling is the key concephd@iEM reconstruction
methodology for NIROT introduced in Chapter 1 and Chapter 4. The whole hierarchical Bayesian
workflow was considered in Chapter 7 to handle TMS/NIRS data sets which often consist in small
sample sized data and large betwaeithin-subject variances. When compared to conventional
frequentist inferences, Bayesian has unique features, such as 1) the integration of observation and
prior knowledge, 2) the estimation of the whole probability density function of the parameter of
interest, 3 partial pooling to reduce the uncertainty of the estimation and 4) flexible statistical
inferences using posterior predictive simulations. These advantages may bring more insights into

analyzing data and inferring results for neuroimaging research.
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Chapter 4

Manuscript 1: Diffuse Optical Reconstructions of Functional Near

| nfra-Red SpectroscopyData using Maximum Entropy on the Mean

Context

As outlined in Chapter 1, fNIRS measures Hmovasively fluctuations of both HbO and HbR in

the human head with high temporal resolut{dibsis, 1977; Scholkmann, Kleirt al, 2014)
Conventional fNIRS data analysisnsiderso-called channel space analysis applying the mBLL,
which makes strong assumpttoon homogeneous concentration changes of hemoglobin within
the underlying region(s) of interest, hence, indgcsystemicerrors in the estimations of
HbO/HbR concentratiochangey O6 Lear y et al ., INIROT has Peerg u e et
proposed tgrovide moreaccurate estimationsince it does not assumsaechhomogeneity and
reconstructs the light intensity changes measured in the channel space along the underneath
cortical area. The main technical challenge to conduct NIROT is to solve the inverse problem. |
is ill-posed and requires specific regularization to obtain a unique solutitre MROT field,

most studies are applying a linear reconstruction methoMNE based on Tikhonov
regularization. It is well known in EEG/MEG source imaging field MBIE trends smearing the
reconstruction maps and providfalse positives outside the ground truth regidmg, 2009) Our

lab developed andarefully evaluated a ncehinear reconstruction methdd MEM, which was
shown to provide accurate spatial reconstructinrise context of EEG/MEG source imaging, for
severalapplications(Chowdhuryet al, 2016; Heerst al, 2016; von Ellenriedeet al, 2016;
Hedrichet al, 2017; Aydinet al, 2020; Pellegrinet al, 2020) In this studyour main objective
wasto adapt the MEM framework to conduct NIROT reconstructions. This adaptation tequire
two original improvementef theMEM methodper se 1) the implementation of depth weighting

in the MEM framework, to compensate potential bsasaused by the large reduction of fNIRS
sensitivity when increasng cortical depth; 2) the improvement MEM temporal accuragy
allowing the investigatiorof fNIRS hemodynamic responses withitb@adertime window. The
proposed new MEM version for NIROQ¥ascomprehensivelyalidatedusingrealistic simulations

performedconsideringdifferent true generator logahs, sizesand depths as well as under
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different SNRs.

This manuscript icurrently in revisionin Scientific Reportgournal Zhengchen Cai, Alexis
Machado, Rasheda Arman Chowdhury, Amanda Spilkin, Thomas Vincent, Umit Aydin, Giovanni
Pellegrino, JeaMarc Lina, Christophe Grova. Diffus®ptical Reconstructions ofunctional

Near Infra-Red SpectroscopyData using Maximum Entrgpon the Mean. A preprint is also
available on bioRxi{Caiet al, 2021)

Abstract

Functional neamfrared spectroscopy (fNIRS) measures the hemoglotntentration changes
associated with neuronal activity. Diffuse optical tomography (DOT) consists of reconstructing
the optical density changes measured from scalp channels to tiideoxy-hemoglobin (i.e.,
HbO/HDbR) concentration changes within the icaitregions. In the present study, we adapted a
nonlinear source localization method developed and validated in the context of -Edextro
MagneteEncephalography (EEG/MEG): the Maximum Entropy on the Mean (MEM), to solve
the inverse problem of DOT recsmuction. We first introduced depth weighting strategy within
the MEM framework for DOT reconstruction to avoid biasing the reconstruction results of DOT
towards superficial regions. We also proposed a new initialization of the MEM model improving
the tenporal accuracy of the original MEM framework. To evaluate MEM performance and
compare with widely used depth weighted Minimum Norm Estimate (MNE) inverse solution, we
applied a realistic simulation scheme which contained 4000 simulations generated iffe &t d
seeds at different locations and 4 spatial extents ranging from 3 t3 &ldey the cortical surface.

Our results showed that overall MEM provided more accurate DOT reconstructions than MNE.
Moreover, we found that MEM was remained particularly robust in low sigAabise ratio
(SNR) conditions. The proposed method was furiHastrated by comparing to functional
Magnetic Resonance Imaging (fMRI) activation maps, on real data involving finger tapping tasks
with two different montages. The results showed that MEM provided more accurate HbO and HbR

reconstructions in spatiatjeeement with the main fMRI cluster, when compared to MNE.
4.1 Introduction

Functional neamfrared spectroscopy (fNIRS) is an nmwvasive functional neuroimaging
modality. It detects changes in edeoxyhemoglobin (i.e., HbO/HbR) concentration withiead
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tissues through the measurement of fefmared light absorption using sources and detectors
placed on the surface of the he@tholkmann, Kleiseret al, 2014; Yicel et al, 2021) In
continuous wave fNIRS, the conventional way to transform variations in optical density to
HbO/HbR concentration changes at the level of each sa@teetor channel, is to apply the
modified Beer Lambert Law (mBLLDelpy et al, 1989. This model assumes homogeneous
concentration changes within the detectingargi.e., ignoring the partial volume effects which
indicate the absorption of light within the illuminated regions varies locally. This assumption
reduces the quantitative accuracy of HbO/HbR concentration changes when dealing with focal

hemodynamic chamg(Boas, Brookset al, 2001; Strangman, Franceschini and Boas, 2003)

In order to handle these important quantification biases associated with sensor level based analysis,
diffuse optical tomography (DOT) has been proposed to reconstruct, from sensor level measures
of the optical density, the fluctuations of HbO/HbR conadidns within the brair{Arridge,

1999) This technique not oplprovides better spatial localization accuracy and resolution of the
underlying hemodynamic respong@oaset al, 2004b; Josepkt al, 2006b) but also avoids

partial volume effect in classical mBLL, hence achieves better quantitative estimation of
HbO/HDbR concentration chang@oas, Brookset al, 2001; Strangman, Franceschini and Boas,
2003) DOT has been applied to reconstruct hemodynamic responses in sensory and motor cortex
during median nerve stimulatidbehghani, Whiteet al, 2009)and finger tappingBoaset al,

2004b; Yamashitat al, 2016a) to conduct visual cortex retinotopic mappifeeff et al, 2007;

White and Culver, 2010; Eggebrec#it al, 2012)and to simultaneous image hemodynamic

responses over the motor and visual coftkite et al, 2009)

To formalize DOT reconstruction, one needs to solve two main problems. The first one is the
forward problem which estimates a forward model or sensitivity matrix that maps local absorption
changes within the brain to variations of optical density changesumed by each chanriBbas

et al, 2002b) The second problem is the invergblem which aims at reconstructing the
fluctuations of hemodynamic activity within the brain from scalp measurerffemigge, 2011)

The forward problem can be solved by generating a subject specific anatomical model, describing
accurately propagation of light within the head. Such anatomical model is obtained by segmenting
anatomical Magnetic Resonance Imaging (MRI) data, typicaltyfive tissues (i.e., scalp, skull,
cerebrospinal fluid (CSF), white matter and gray matter), before initializing absorption and

scattering coefficients values for each tissue type and for each wavdleagth 2010; Machado
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et al, 2018) Solving the inverse problem relies on solving aqpdsed problem which does not
provide a unique solution, unless spiecidditional constraints are added. The most widely used
inverse method in DOT is a linear approach based on Minimum Norm Estimate (MNE) originally
proposed for solving the inverse problem of Magnetoencephalography (MEG) and
Electroencephalography (EEGpwsce localization(Hdanddanen and limoniemi, 1994) It
minimizes the L2 norm of theeconstruction error along with Tikhonov regularizat{@woas,

Dale and Franceschini, 2004; Zeffal, 2007; Dehghani, Eamest al, 2009; Eggebreclst al,

2012, 2014; Tremblagt al, 2018) Other strategies to solved¥ inverse problem have also been
considered, such as sparse regularization using the L1 (®im®n, Giannoula and Durduran,
2010; Okawa, Hoshi and Yamada, 2011; Kaetial, 2012; Prakasht al, 2014; Tremblagt al,
2018)and Expectation Maximization (EM) algorith(@ao, Nehorai and Jacobs, 200&)non

linear method based on hierarchical Bayesian model for which inference is obtained through an
iterative proceséShimokaweet al, 2012, 2013ahas been proposed and applied on finger tapping

experiments irfYamashiteet al, 2016a)

Maximum Entropy on the Mean (MEM) framework was first proposedrplard, Lapalme and

Lina, 2004and then applied and carefully evaluated by our group in the context of EEG/MEG
source imagingGrova, Daunizeatget al, 2006; Chowdhuret al, 2013) The MEM framework

was specifically designed and evaluated for its ability to recover spatially extended generators
(Chowdhuryet al, 2016; Grovaet al, 2016; Heergt al, 2016; Pellegrino, Hedriclet al, 2016)

We recently demonstrated its excellent performances when dealing with focal $bledeshet

al., 2017)and when applied on clinical epilepsy détiowdhuryet al, 2018; Pellegrincet al,

2020) In addition to its unique ability to recover the spatial extent of the underlying generators,
we also demonstrated MEMOG6s excellent accuracy
the influence of distant spurisusource§Chowdhuryet al, 2016; Heerset al, 2016; von
Ellenriederet al, 2016; Hedricket al, 2017; Aydinet al, 2020; Pellegrinet al, 2020).

We believe that these important aspects should be carefully considered in the context of fNIRS
reconstruction. The first one is the ability to accurately recover the spatial extent of the underlying
hemodynamic activity for both focal and extendederators. The second one is to provide robust
reconstruction results when data SNR decreases, especially when considering the fact that it is
challenging to maintain a good intsabject consistence using continuauave fNIRS due to its

relatively low NR (Chenet al, 2020) Therefore, our main objective was to adapt the MEM
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framework for fNIRS reconstruction and carefully evaluate its performance. Moreover, fNIRS
reconstruction results tend to be biased towards more supkregions, because the light
sensitivity profile decreases exponentially with the depth of the gene(&toasigman, Li and
Zhang, 2013)To overcome this bs, we implemented and evaluated a depth weighted variant of
the MEM framework.

The article is organized as follows. The methodology of depth weighted MEM for DOT is first
presented. Then, we described our validation framework using realistic simuéattbassociated
validation metrics. fNIRS reconstruction using MEM was compared with widely used depth
weighted Minimum Norm Estimate (MNE) inverse solution. Finally, illustrations of the methods
on finger tapping fNIRS data set acquired with two differeahtages from 6 healthy subjects are

provided and compared with functional Magnetic Resonance Imaging (fMRI) results.
4.2 Material and methods

4.2.1 fNIRS reconstruction

To perform fNIRS reconstructions, the relationship between measured optical density changes on
the scalp and wavelength specific absorption changes within head tissue is usually expressed using

the following linear modefArridge, 1999)
W 0w Q (4.1)

where® is a matrix {§ 0) which represents the wavelength specific measurement of optical
density changes if) channels abtime samplesid (N 10 represents the unknown wavelength
specific absorption changesrinlocations along the cortex at timed (f) 1) is caled the light
sensitivity matrix which is actually the forward model relating absorption changes in the head to
optical density changes measured in each channel. Fiigalyy ©0) models the additive
measurement noise. Solving the fNIRS tomographiocrgcoction problem consists in solving an
inverse problem which can be seen as the estimation of mafri., the amplitude for each
locationr] at timed). However, this problem is #posed and admits an infinite number of possible
solutions. Therefore, solving the DOT inverse problem requires adding additional prior

information or regularization constraints to identify a unique solution.

In DOT studies, anatomical constraints can be considered by defining the reconstruction solution
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space (i.e., wheng is located) within the gray matter volurti®oas and Dale, 200%y along the

cortical surfac€Huppertet al, 2017; Machadet al, 2021) In EEG and MEG source localization
studies(Dale and Sereno, 1993; Grova, Daunizedwl, 2006; Chowdhunret al, 2013) it also

iIs common to constrain the reconstruction along the cortical surface. In this study, the
reconstruction space was considered as the mid surface defined as the middle layer between gray
matter/pial and gray/white matter interfa¢eschlet al, 2002)

4.2.2 Minimum Norm Estimation (MNE)

Minimum norm estimation is one of the most widely used reconstruction methods {220 T

et al, 2007; Dehghani, Whitest al, 2009; Whiteet al, 2009; White, 2010; Eggebrecét al,
2012, 2014; Yamashitat al, 2016a) Such estimation can be expressed using a Bayesian
formulation which solves the inverse problem by estimating the postéstdbdtiond &

O 0 OjO @ (i.e., the probability distribution of parametdrconditioned on datéy). A
solution can be computed by imposing Gaussian distribution priors on the gen@r@tots

O it ) andthe nois®0 Q O Tt ).+ is the inverse of the noise covariance which
could be estimated from baseline recordidgss the inverse of the source covariance which is

assumed to be an identity matrix in conventional MNE.

The Maximum a Posteriori (MAP) estimator of the postedistributiond &I can be obtained

using maximum likelihood estimation:

@ Oi QuAD 0 WE _AE
(4.2)
ot o _t ot
where @ is the reconstructed absorption changes along the cortical sulfaise.a

hyperparameter to regularize the inversion using the priori minimum norm constogint In

this study, we applied the standareCurve method to estimate tHiss suggested i(Hansen,
2000)

4.2.3 Depth weighted MNE

Standard MNE solutions assunmtes “‘QOwhich then tends to bias the inverse solution towards
the generators exhibiting large sensitivity in the forward model, therefore the most superficial ones

(Fuchset al, 1999) When compared to EEG/MEG source localization, such bias is even more
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pronounced in fNIRS since within the forward model light sensitivity values decrease
exponentially with the deptfStrangman, Li and Zhang, 2013his bias can beompensated by
scaling the source covariance matrix such that the variances are eq(alizettr Sluis, 1969;
Fuchset al, 1999) In the context of DOT, depth weighted MNE has been proposédutyeret

al., 2003)as an approach to compensate this effectagmiied in different studie&eff et al,

2007; Dehghani, Whitest al, 2009; Whiteet al, 2009; Eggebreclet al, 2012, 2014)In practice,

depth weighting can be formulated differently, here we consider a generalized expression for the
implementation of depth weighted MNE asposed ir(Lin et al, 2006) It consists in initializing

the sourceovariance matrixas 7, resulting in a so called depth weighted MNE solution,

described as follows:

A Wi QaAD 0 WA _ADE
Ot O ¥y ot ®
= (4.3)
Q" Q'Q — P -
Q QoM+ o

Depth weighted MNE solution takes into account the forward mid@l each position in the

brain and therefore penalizes most superficial regions exhibiting larger amplitude bn
enhancing the contribution to deeper regidngs a weighting paramet tuning the amount of
depth compensation to be applied. The larger,ithe more depth compensation is considered.

S 1 would therefore refer to no depth compensation and an identity source covariance model.
5 1@ refers to standard depth weighting aggmh mentioned above. In the present study, we
carefully evaluated the impact of this parameter on DOT accuracy with absetbdes (i.e.,5

4.2.4 Maximum Entropy on the Mean (MEM) for fNIRS 3D reconstruction

MEM framework

The main contribution of this study is the first adaptation and evaluation of MEM method
(Amblard, Lapalme and Lina, 2004; Grova, Daunizedgl, 2006; Chowdhuret al, 2013)to
perform DOT reconstructiss in fNIRS. Within the MEM framework, the intensity @f i.e.,

amplitude of® at each location} in Eq.4.1, is considered as a random variable, described by the
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following probability distributionQnw 1 wQ w The KullbackLeibler divergence og-

entropy ofQ nw relative to a prior distributio @ is defined as,
N QR L QN 0 he 06y £ 00 Q' G 44
nw a € 8—0) nw wa € Qw () (4.4)

where™Qw is thed-density ofQnw defined asQnw "Qw s w . Following a Bayesian
approach to introduce the data fit, we denibteas the set of probability distributions arthat

explains the data on average:
“ W~ O ~ S
w 0s0 m QN o (4.5)

where & represents the measured optical density char@esew @ Q) represents the
statistical expectation @bunder the probability distributio rj andOis an identity matrix of

n N1 dimension. Therefore, within the MEM framework, a unique smudf'Q nw could be

obtained,
M v ®i QOO . Y Qnw (4.6)

The solution of))* @ can be solved by maximizing tleeentropy which is a convex function. It
is equivalent to minimize an unconstrained cordaagrangian function i.el, Q no H{A , along
with two Lagrangian constraint parameters, jfeand}. It is finally equivalent to maximize a cost

function'O 1 which is described as,

0O _® 00

(4.7)

Yol he)

wheret is the noise covariance matriQ represents the free energy associated with reference
™4 . It is important to mention th&@ 1 is now an optimization problem within a space of
dimension equal to the number of sensors. Therefore, if we esfimatédi QOO 1 the

unigue solution of MEM framework is then obtained from the gradient of the free energy.

@ 1 myOwuvs . (4.8)
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For further details on MEM implementation and theory we refer the reaffemiglard, Lapalme
and Lina, 2004; Grova, Daunizeat,al, 2006; Chowdhurgt al, 2013)

Construction of the prior distribution for MEM estimation

To define the prior distributioft @ mentioned above, we assumed that brain activity can be
depicted by a set of nonoverlapping and independent cortical parcels. Then the reference

distribution@+ @ can be modelled as,

~ ~

™ @ P ] 1w Ju0UfhAHh QWh T | p (4.9)

Each cortical parcel k is characterized by an activation state, defined by the hidden Vriable
describing if the parcel is active or not. Therefore we depotes the probability o2 parcel to

be active, ieDi € p.) isaDiracfmcti on that allows to fswi:t
considered as inactive (i.eY T1). 0 t A is a Gaussian distribution, describing the
distribution of absorptions changes within e parcel, when the parcel is considered as active

(Y  p). This prior model, which is specific to our MEM inference, offers a unique opportunity

to switch off some parcels of the model, resulting in accurate spatial reconstructions of the
underlying activity patterns with their spatial extent, as carefully studiéd@mpared with other

Bayesian methods i{Chowdhuryet al, 2013)

The spatial clustering of the cortical surface idtaon-overlapping parcel was obtained using a
data driven parcellation (DDP) technig(iepalme, Lina and Mattout, 200G)DP consisted in

first applying a projection method, the multide source prelocalization (MSP) technique
(Mattout et al, 2005) estimating a probability like coefficient (MSP score) between 0 and 1 for
eadt vertex of the cortical mesh, characterizing its contribution to the data. DDP is then obtained
by using a region growing algorithm, along the tessellated cortical surface, starting from local MSP
maxima. Once the parcellation is done, the prior disiobi® w is then a joint distribution
expressed as the multiplication of individual distribution of each parcel in Eg.4.9 assuming

statistical independence between parcels,

e o A 8 8w f (4.10)
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wherets w is the joint probability distribution of the prid@+ 1} is the individual distribution
of the parcelQdescribed as Eq.4.9.

To initialize the prior in Eq.4.9, which is the mean of the Gaussian distributibrf, F , was
set to zerot at each time poir, i.e.,t 0, was defined by Eq.4.11 according (6howdhury
et al, 2013)

t 0 sow A w K

o w6 W (411

wherew A is a spatial smoothness matrix, definedBystonet al, 2008) which controls the

local spatial smoothness within the parcel according to the geodesic surface neighborhood order.
The same value &f 1@ was used as i(Chowdhuryet al, 2013) s 0 was defined as pbof

the averaged energy of MNE solution within each pargedt time t. Finally, we can substitute

this initialization into Eq.4.9 to construct the prior distributi@nw , and then obtain the MEM

soluion using Eq.4.8.

It is worth mentioning that we did not use MNE solution as the pripr @i Eg.4.9 at all, which
was actually initialized to O in our framework. We only useBof the averaged energy of MNE
solution, over the parcéto set the prior for covarian¢e . The posterior estimation of parameter
t was estimated from the Bayas framework by conditioning with data. Moreover, the prior of
MEM framework is a mixture of activation probability and a Gaussian distribution (see Eq.4.9),
in which the prior forf was informed by a spati@mporal extension of the MSP score (see
Chowdhuryet al, 2013for further details). These aspects completely differentiate MEM from

approaches that iteratively update reconstruction results initialized by a MNE solution.
Depth weighted MEM

In addition to adapting MEM for fNIRS reconstruction, we also implementethéofirst time,
depth weighting within the MEM framework. Two depth weighting parameierandd , were
involved in this process. was used to apply depth weighting on the source covariance matrix
t of each parcellin Eq.4.115 was applied todve the depth weighted MNE, as described in

Eqg.4.3, before using those prior to initialize the source covariance model within each parcel of the
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MEM model. Therefore, the standard MNE solutibn " in Eq.4.11 was replaced by the
depth weighted wsion of MNE solution® " described by Eqg.4.3. Consequently, the

depth weighted version &f 0 is now defined as,

t o *y. 80 w A w A
. . (4.12)
s 0 T8t uE (A ™
Vo o
.

wherey, _ is the depth weighting matrix for each par€gin whichd was involved to construct

this scaling matrix as described in Eq.4.3. This initialization followed the logic that depth
weighting is in fact achieved by scaling the source covariance matexoffier depth weighting
parameter,5 , was considered when solving "t , therefore avoiding biasing the
initialization of the source covariance with a standard MNE solution.

To comprehensively compare MEM and MNE and also to investigate theidelod depth
weighting, we first evaluated the reconstruction performance of MNE with diffgrefite., step
of 0.1 from 0 to 0.9). Then two of these values (be., 1@ and 0.5) were selected for the
comparison with MEM since they performed bettemthiae others. Note that the following
expressions of depth weighted MEM will be denoted as MEM) ) to represent the different
depth weighting strategies.

Accuracy of temporal dynamics

The last contribution of this study was to improve the temporaracgwf MEM solutions. In the

classical MEM approadtChowdhuryet al, 2013) & @ in Eq.4.12 was globally normalized
by dividing byl A@. r« & " , wheremrepresents all the possible locations along the

cortical surface antiis the whole time segment. Therefore, the constructed prior along the time
actually contained #htemporal scaled dynamics from MNE solution. To remove this effect, we

performed local normalization fab "D at each time instancg, i.e., by dividing by
I A@. ®© @ . This new feature would preserve the spatial information peoviay

prior distribution, while allowing MEM to estimate the temporal dynamics only from the data.

4.2.5 Validation of fNIRS reconstruction methods
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We evaluated the performance of the two fNIRS reconstruction methods (i.e., MEM and MNE),
first within a fully controlled environment involving the use of realistic simulations of fNIRS data,
followed by evaluations on real data acquired with a well controlled finger tapping paradigm. Two
different fNIRS montages were considered in those two propmsddations.

Montage 1 A full Double Density (DD) montage (see Fig.4.1) which is a widely used fNIRS
montage, was considered given that it allows sufficient dense spatial coverage of fNIRS channel
to allow local DOT (Kawaguchi et al., 2007). One heakbipject underwent fNIRS acquisitions

with this DD montage, involving the two following sessions,

A A 10 minutes resting state session was acquired to add regitigdiologicalnoise to be
considered in our realistic simulations. The subject wagdeatcomfortable armchair
and instructed to keep the eyes open and to remain awake. The optodes of the full DD
montage (i..8 sources and 10 detectors resulting in 50 fNIRS channels) are presented
in Fig.4.1e. The montage composed of 6 seama@r distancehannels(1.5cm), 24 third
order channels(3cm) and 12 foudtder channels with 3.35cm distance. In addition, we
also added one proximity detector paired for each source to construct close distance
channels (0.7cm) in order to measure superficial signiétsnwextracerebral tissues. To
place the montage with respect to the region of interest, the center of the montage was
aligned with the center o f the right ohan
movement(Raffin et al, 2015a) projected on the scalp surface and then each optodes
were projected on the scalp surface (see Fig.4.1d).

A The subject was asked to sequentially tap the left thumb against the other digits around
2Hz, therefore thenain elicited hemodynamic response was indeed expected over the
right hand knob area. The finger tapping paradigm consisted in 10 blocks of 30s tapping
task and each of them was followed by a 30 to 35s resting period. The beginning/end of

each block was fiormed by an auditory cue.
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Fig.4.1 fNIRS measurement montage 1 and the anatomical model considered for DOT forward model
estimation.(a) Anatomical 3D MRI segmented in five tissues, namely, scalp (green), skull (brown), CSF
(light green), gray matter (pple) and white matter (black). (b) Optical fluence of one optode calculated
through Monte Carlo simulation of Photons within this head model, using MCXLab. (c) Sensitivity profile
of the whole montage in volume space. (d) Sensitivity profile, i.e., ivaation of sensitivity map of all
channels, along the cortical surface. Green dots represent detectors, including one proximity detector 0.7
cm for each source, and red dots represent sources. (€) double density montage 1 considered for this
acquisition. here were 50 channels in total, 12 of 3.8 cm (black), 24 of 3 cm (blue), 6 of 1.5 cm (yellow)

and 8 of close distance (0.7cm) channels.

Montage 2 A personalized optimal montage (see Fig.4.8) following the methodology we
previously reported iMachadcet al, 2018 First, the hand knob within right primary motor cortex

was drawn manually along the cortical surface and defined as a target region of interest (ROI)
using the Brainstorm softwa@adelet al, 2011) Then we applied optimal montage estimation
(Machadoet al, 2014a, 2018jn order to estimate personalized montages, built to maximize a
priori fNIRS sensitivity and spatial overlap between channels with respect to the target ROI. To

ensure good spatial overldpetween channels for local 3D reconstruction, we constructed

95



Chapter 4: Manuscript 1

personalized optimal montages composed of 3 sources and 15 detectors (see Fig.7b). The source
detector distance was set to vary from 2cm to 4.5cm and each source was constrained such that it
hasto create channels with at least 13 detectors. Finally, we also manually added 1 proximity
channel, located at the center of the 3 sources. Five subjects underwent fNIRS acquisitions with
personalized optimal montage during a similar finger tapping tagkeaone for montage 1, in

which 20 blocks were acquired by alternating a task (period of 10s) and a resting state period

ranging from 30s to 60s.

All 6 subjects have signed written informed consent forms for this study which was approved by
the Central Committee of Research Ethics of the Minister of Health and Social Services Research

Ethics Board, Quebec, Canada.
MRI and fMRI Data acquisitions

Anatomical MRI data were acquired on those 6 healthy subjects (25 +6 years oldhaigted)

and wereconsidered to generate realistic anatomical head models. MRI data were acquired in a
GE 3T scanner at the PERFORM Center of Concordia University, Montreal, Canadaightied
anatomical images were acquired using the 3D BRAVO sequence (1 x1 ¥1I8@raxial slices,

256 x256 matrix), whereas F&eighted anatomical images were acquired using the 3D Cube T2

sequence (1 x1 x1 mrwvoxels, 168 sagittal slices, 256 x256 matrix).

Participants also underwent functional MRI acquisition (without fNIRS) wbdgorming the

same finger opposition tasks considered in fNIRS. fMRI acquisition consisted in a gradient echo
EPI sequence (3.7 x3.7 x3.7 nimoxels, 32 axial slices, TE = 25ms, TR = 2,000ms). fMRI Z
maps were generated by standard-fesel fMRI andysis using FEAT from FSL v6.0.0 software
(Smithet al, 2004; Jenkinen et al, 2012)

fNIRS Data acquisition

fNIRS acquisitions were conducted at the PERFORM Center of Concordia University using a
Brainsight fNIRS device (Rogue Research Inc., Montreal, Canada), equipped with 16 dual
wavelength sources (685nm and 830nm), 32 detectors and 16 proximity detemtaboft

distance channels). All montages (i.e., double density and optimal montages) were installed to
cover the right motor cortex. Knowing a priori the exact positions of fNIRS channels estimated on

the anatomical MRI of each participant, we then us8® aneuronavigation system (Brainsight
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TMS navigation system, Rogue Research Inc.) to guide the installation of the sensors on the scalp.
Finally, every sensor was glued on the scalp using a clinical adhesive, collodion, to prevent motion

and ensure goodatact to the scalf¥'icel et al, 2014; Machadetal., 2018)
fNIRS forward model estimation

T1 and T2 weighted anatomical images were processed using FreeSurf@risiet al, 2002)

and Brain Extraction Tool2 (BETZBEmith et al, 2004) in FMRIB Software Library (FSL) to
segment the head into 5 tissues (i.e., scalp, skull, Cerebrospinal fluid (CSF), gray matter and white
matter see Fig.4.1a).

The same optical coefficients used(Micel et al, 2014; Machadet al, 2018)for the two
wavelengths considered during our fNIRS acifjois, 685nm and 830nm, were assigned to each
tissue type mentioned above. Fluences of light for each optode (see Fig.4.1b) was estimated by
Monte Carlo simulations with 108 photons using MCXLAB developeé&dnygand Boas, 2009;

and Yuet al, 2018 (http://mcx.sourceforge.net/chin/index.cg). Sensitivity values were then
computed using the adjoint formulation and were normalized by the Rytov approximation
(Arridge, 1999)

For each source detector pair of our montages, the correspdigiingensitivity map was first
estimated in a volume space, and then further constrained to the 3D mask of gray matter tissue
(see Fig.4.1c), as suggestedioas and Dale, 2005Then, these sensitivity values within the

gray matter volume were projected along the cortical surface (see Fig.4.1d and Fig.4.7c) using the
Voronoi based method proposed (&rova, Makniet al, 2006) We considered the mslrface

from FreeSurfer as the cortical sudad his surface was downsampled to 25, 000 vertices. This
volume to surface interpolation method has the ability to preserveguabmorphology{Grova,

Makni, et al, 2006) After the interpolation, the sensitivity value of each vertex of the surface
mesh represents the mean sensitivity of the corresponding valuiMetonoi cell (i.e., a set of

voxels that have closest distances to a certain vertex than to all other vertices).
fNIRS data preprocessing

Using the coefficient of variation of the fNIRS data, channels exhibiting a standard deviation larger
than 8% of the signal mean were rejectéchmitzet al, 2005; Schneidest al, 2011; Eggebrecht

et al, 2012; Pipeet al, 2014) Superficial physiological fluctuations were regressed out at each
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channel using the average of (&effktapa0@/xAlmi ty c
channels were then baipass filtered between 0.01Hz and 0.1Hz using a 3rd order Butterworth
filter. Changesimo pt i c al density (1 .e., &0D) weaticre cal c
Finally, &0D of finger tapping data were bl oc
sensors were glued with collodion, we observed very minimal motion during thisidogs. Real
background signal considered to generate realistic simulations also underwent the same

preprocessing.
Realistic Simulations of fNIRS Data

We first considered realistic simulations of fNIRS data to evaluate DOT methods within a fully
controled environment. To do so, theoretical task induced HbO/HbR concentration changes were
simulated within cortical surface regions with a variety of locations, areas and depths.
Corresponding optical density changes in the channel space were then com@applying the
corresponding fNIRS forward model, before adding real resting state fNIRS baseline signal as

realistic physiological noise at different signal to noise ratio (SNR) levels.

As presented in Fig.4.2a, we defined three sets of evenly distriesed within the field of view

of DOT reconstruction. The locations were selected with respect to the depth relative to the skull,
namely we simulated 100 oOsuperficial seeds o,
cortical regions in which we simukd an hemodynamic response were generated by region
growing around those seeds, along the cortical surface. To simulate generators with different
spatial extents (denoted here as Se), we considered four levels of neighborhood orders, growing
geodesically lmng the cortical surface, resulting in spatial extents ranging from Se = 3, 5, 7, 9
(corresponding areas of 3 to 40%nFor simplification, these cortical regions within which an
hemodynamic response was si mul at eaper.worledch be d¢
vertex within a ogeneratoro, a canonical Hemoc¢
with a simulated experimental paradigm which consisted in one block of 20s task surrounded by

60s pre/post baseline period (Fig.4.2b). SimulatedO/HDbR fluctuations within the theoretical

generator (Fig.4.2c) were then converted to the corresponding absorption changes of two
wavelengths (i.e., 685nm and 830nm). After applying the forward model matrix A in Eq.4.1, we

estimated the simulated, noise e e , task induced &OD in all c ha
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Fig.4.2 Workflow describing our proposed realistic fNIRS simulation framewo(&) 100 Superficial

seeds (black dots), 100 Middle seeds (red dots), 50 Deep seeds (blue dots) with spatial extent of Se = 3, 5,
7, 9 neighbourhood order within the field of view. (b) Convolution of a canonical HRF model with an
experimental block paradig (60s before and 50s after the onset). (c¢) Simulated theoretical HbO/HbR
fluctuations along the cortical surface within the corresponding generator. (d) Realistic simulations
obtained by applying the fNIRS forward model and addition of the average aals0of real fNIRS
background measurements at 830nm. Ti me course of

respectively are presented.

&0D of real resting state data were then used
signals. @er the 10min of recording, we randomly selected 10 baseline epochs of 120s each, free
from any motion artifact by visual inspection. To mimic a standard fNIRS block average response,
realistic simulations were obtained by adding the average of thesal liaseline epochs to the
theoretical noisé r ee si mul at ed &OD, at five SNR | evel
calculated through the following equation,

i A@osHo mo

R e — (4.13)
aQwE o®BVO ogpgt
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where30’'O 11D is the optical density changes of a certain wavelehgthall channels during

the period frommi to6 @ ft.i 0 ®'O Ot is the standard deviation ef)O during
baseline period along all channels. Simulated trials for each of four diffSiRtlevels are
illustrated in Fig.4.2d. A total number of 4000 realistic simulations were considered for this
evaluation study, i.e., 250 (seeds) x4 (spatial extents) x4 (SNR levels). Note that resting state

fNIRS baseline signal was preprocessed beddding to the simulated signals.
Validation metric

Following the validation metrics described({Brova, Daunizeatget al, 2006; Chowdhunret al,
2013, 2015; Hedriclet al, 2017) we applied 4 quantitative metrics to access the spatial and
temporal accuracy of fNIRS 3D reconstructions. Further details on the computation of those four

validation metrics are reportedsection 4.6 Supplementary material S1

Area Under the ReceiveDperating Characteristic (ROC) curve (AUG)as used to assess

general reconstruction accuracy considering both sensitivity and specificity. AUC score was
estimated as the area under the ROC curve, which was obtained by plotting sensitivity as a function
of( 1T speci ficity). AUC ranges from O to 1, the

Minimum geodesic distance (Dmirmmneasuring the geodesic distance in millimeters, following
the circumvolutions of the cortical surface, from the vertext #mehibited maximum of
reconstructed activity to the border of the ground truth. Low Dmin values indicate better accuracy

in estimating the location of the generator.

Spatial Dispersion (SDassessed the spatial spread of the estimated generaibutiest and the
localization error. It is expressed in millimeters. A reconstructed map with either large spatial
spread around the ground truth or large localization error would result in large SD values.

Shape error(SE)valuated the temporal accuradytloe reconstruction. It was calculated as the
root mean square of the difference between the normalized reconstructed time course and the
normalized ground truth time course. Low SE values indicate high temporal accuracy of the

reconstruction.
4.2.6 Statstics

Throughout all of the quantitative evaluations among different methods involving different depth

weighting factorsd in the results section, Wilcoxon signed rank test was applied to test the
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significance of the paired differences between each comparison. For each statistical test, we
reported the median value of paired differences, together withviidup (Bonferroncorrected).

We are only showing results at 830nm for simulations, since the ones from 690nm under the same
SNR level would have provided similar reconstructed spatiotemporal maps except for the reversed

amplitudes. However, reconstruction results on ratd thdeed involved both wavelengths.
4.3 Results

4.3.1 Evaluation of MEM v.s. MNE using realistic simulations

We first investigated the effects of depth weighting fadtoselection for depth weighted MNE.

To do so, we evaluated spatial and temporal performances of DOT reconstruction fora set of
(step of 0.1 from 0 to 0.9). Based on those results reported Bugii@dementary material Shd
Fig.4.S1, we decided to cadsred that most accurate fNIRS reconstructions were obtained when
consideringd @ andT@® for depth weighted MNE. Therefore only those two values were

further considered for comparison with MEM reconstructions.

Comparison of the performance of MEM aMNE on superficial realistic simulations are
presented in Table.4.1 and Fig.4.3, for 4 levels of spatial extég ( ofvfxhy, using boxplot
distribution of the 4 validation metrics. We evaluated 3 depth weighted implementations of MEM,
namely, MEM 0 TEhy @), MEM(0.3, 0.5) and MEM(0.5, 0.5), as well as 2 depth
weighted implementations of MNE, namely, MNE(0.3) and MNE(0.5).

For spatial accuracy, results evaluated using Dmin, we obtained median Dmin values of Omm for
all methods, indicating the peaf the reconstructed map, was indeed accurately localized inside
the simulated generator. It is worth mentioning that MEM(0.5, 0.5) provided few Dmin values
larger than Omm iIRY'Q o and"Y'Q v cases, which consisted of superficial and focal generators.
Since MEM accurately estimated the spatial extent, more depth weighting considered for
MEM(0.5, 0.5) could results in focal and deeper reconstruction, hence resultingaenoddmin

values. On the other hand, MNE would overestimate the size of the yingeglenerators,

therefore resulting in Omm Dmin, but larger SD values in similar conditions.

When considering the general reconstruction accuracy using AUC, for focal generators such as
YQ oand 5, we found significant larger AUC (see Table.4.1) for NEEB] 0.3) and MEM(0.3,

0.5) when compared to the most accurate version of MNE, i.e., MNE(0.3). When considering more
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extended generators, i.&Y,Q x and 9, MEM(0.3, 0.5) and MEM(0.5, 0.5) achieved significantly
larger AUC than MNE(0.3). However, the AUGF MNE(0.5) was significantly larger than
MEM(0.3, 0.3) for'YQ x as well as significantly larger than MEM(0.3, 0.5) and MEM(0.5, 0.5)
for'YQ w

In terms of spatial extent of the estimated generator distribution and the localization error, MEM
provided significantly smaller SD values among all the comparisons. Finally, for temporal
accuracy of the reconstruction represented by SE, MNE provided significantly lower values, but
with a small difference (e.g., 0.01 or 0.02, see results on real data agacefd this effect size),

than MEM among all comparisons whafQ ofv.

MEM(0.3/0.3) MEM(0.5/0.5) MNE(0.3) MNE(0.5)
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Fig.4.3 Evaluation of the performances of MEM and MNE using realistic simulations involving
superficial seeds for different spatial extent (Se = 3, 5, 7,Bxplot representain of the distribution of

four validation metrics for three depth weighted strategies of MEM and two depth weighted strategies of
MNE, namely: MEM(0.3, 0.3) in blue, MEM(0.3, 0.5) in green, MEM(0.5, 0.5) in red, MNE(0.3) in magenta

and MNE(0.5) inblack. s ul t s were obtained after DOT reconstr
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Se=3 Se=5 Se=7 Se=9
Superficial Seeds MNE (0.3) MNE (0.5) | MNE (0.3) MNE (0.5) | MNE (0.3) MNE (0.5) | MNE (0.3) MNE (0.5)
MEM (0.3, 0.3) 0.02* 0.06** 0.04* 0.03* 0.01 -0.01
AUC MEM (0.3, 0.5) 0.02* 0.05** 0.05™ 0.04* 0.05* 0.00 0.05*
MEM (0.5, 0.5) -0.01 0.03 0.00 0.01 0.04* 0.00 0.07* -0.01
MEM (0.3, 0.3) 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Dmin MEM (0.3, 0.5) 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MEM (0.5, 0.5) 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MEM (0.3, 0.3) -4.26% -8.31% -4.48% 763" -4.16%*  -5.43* | -3.85%  -628%
SD MEM (0.3, 0.5) -3.78* -8.23% 4% 71 -3.86™ 630" | 371%™  -6.24*
MEM (0.5, 0.5) -1.64% -5.56* 260"  -4.97™ -2.90** 479" | -2.84"  501%
MEM (0.3, 0.3) 0.01 0.01 0.01 0.01
SE MEM (0.3, 0.5) 0.01 0.01 0.00 0.00
MEM (0.5, 0.5) 0.00 0.00 0.00 0.00

Table.4.1. Wilcoxon signed rank test results of reconstruction performance comparison of MEM and
MNE in superficial seeds casdvledian values of paired difference are presented in the table. p values
were corrected for multiple comparisons using Bonferroni correction, * indicates p < 0.01 and **
represents p < 0.001. Median of the paired difference of each validation metri¢dsris@ded as follows:
green: MEM is significantly better than MNE, red: MNE is significantly better than MEM and gray: non
significance.

Similar comparisons between MEM and MNE were conducted respectively for middle seed
simulated generators and deep ssietulated generators. Results were overall reporting similar
trends when comparing MEM and MNE methods for middle and deep seeds, and as expected more
depth weighting resulted in more accurate reconstructions (described in details in supplementary
materia) Fig.4.S2 and Table.4.S1 for middle seeds, Fig.4.S3 and Table.4.S2 for deep seeds).

To further illustrate the performance of MEM and MNE as a function of the depth of the generator,
we are presenting some reconstruction results in Fig.4.4. Three gesevigh a spatial extent of

“Y'Q v, were selected for this illustration. They were all located around the right "hand knob"
area, and were generated from a superficial, middle and deep seed respectively. The first column
in Fig.4.4 shows the location @rthe size of the simulated generator, considered as our ground
truth. The generator constructed from the superficial seed only covered the corresponding gyrus,
whereas the generators constructed from the middle seed, included parts of the sulcus and the
gyrus. Finally, when considering the deep seed, the simulated generator covered both walls of the
sulcus, extended just a little on both gyri. For superficial case, MEM(0.3, 0.3) and MEM(0.3, 0.5)

provided similar performances in term of visual evaluatiénth@ results and quantitative
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evaluations § Y6 10 O & Q& T &, YO p@ot afc® uw &, YO 18t §. On the other

hand, for the same simulations, MNE(0.3) and MNE(0.5) resulted in less accurate reconstructions,
spreading too much around the truengrator, as confirmed by validation metric, exhibiting
notably large SD value§ Y6 &) @@, Oa Q¢ &, YO «fp v afp ® @ &, "YO

138t §. When considering the simulation obtained with the middle seed, MEM(0.3, 0.5) retrieved
accurately the gys part of the generator but missed the sulcus component, since less depth
compensation was considered. When increasing depth sensitivity, MEM(0.5, 0.5) clearly
outperformed all other methods, by retrieving both the gyrus and sulcus aspects of themenerat
resulting in the largesi Y& 1o yand the lowestY'O ¢® a &. MNE(0.3) was not able to
recover the deepest aspects of the generator, but also exhibited a large spread outside the ground
truth area as suggested by a 1af'g® o @ &. MNE(0.5) wa able to retrieve the main
generator, but also exhibited a large spatial spread’©@f p ® @ &. When considering the
generators obtained from the deep seed, MNE(0.3) only reconstructed part of gyrus, missing
completely the main sulcus aspect of theggator, resulting in low AUC of 0.57 and large SD of
10.34mm. MEM(0.3, 0.5) was not able to recover the deepest aspects of the sulcus, but
reconstructed accurately the sulci walls, resulting in an AUC of 0.89 and a SD of 2.71mm.
MEM(0.5, 0.5) recovered thdeep simulated generator very accurately, as demonstrated by the
excellent scored("Y6 T@oXYO ¢® @ &) when compared to MNE(0.5). For those three
simulations, all methods recovered the underlying time course of the activity with similar accuracy
(i.e., similar SE values). In supplementary material, we added Video.1, illustrating the behavior of
all the smulations and all methods, following the same layout provided in Fig.4.4.
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Fig.4.4 Comparisons of the reconstruction maps using MEM and MNE in realistic simulatiortsree

theoretical regions with spatial extent Se = 5 (1) emere selected near the haaubb at different depths.

The first column presents the locations and the size of the generator along the cortical surface. (a)
Superficial seed case with reconstructed maps reconstructed using all MEM and MNE implementations
considered in this study. (Middle seed case with reconstructed maps reconstructed using all MEM and
MNE implementations considered in this study. (c) Deep seed case with reconstructed maps reconstructed
using all MEM and MNE implementations considered in this study. 20% infladd@med maps are
presented on the left corner of each figure. 100% inflated right hemisphere are presented on the right side.
All the maps were normalized by their own global maximum and no threshold was applied.

Note that for this quantitative evaluatiai fNIRS reconstruction methods using a realistic
simulation framework, we considered fNIRS data at only one wavelength (830nm). Using single
wavelength in the context simulation based evaluation is a common procedure in DOT literature
(Dehghani, Whiteet al, 2009; White, 2010; Okawa, Hoshi and Yamada, 2011; Shimo&aala

2012, 2013b; Zhaet al, 2012a; Tremblayet al, 2018) since we may expeaverall similar

performances for 685nm wavelength under the same SNR level.

4.3.2 Effects of depth weighting on the reconstructed generator as a function of the depth
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and size of the simulated generators

To summarize the effects of depth weighting in 3DRE reconstructions, we further investigated

the validation metrics, AUC, SD and SE, as a function of depth and size of the simulated
generators. Dmin was not included due to the fact that we did not find clear differences among
methods throughout all sifation parameters from previous results. In the top row of Fig.4.5, 250
generators created from all 250 seeds with a spatial extéri€ofu were selected to demonstrate

the performance of different versions of depth weighting as a function of the adepbeof the
generator. Whereas in the bottom row of Fig.4.5, we considered 400 generators constructed from
all 100 superficial seeds with 4 different spatial extent§Y& ofvlxfw, to illustrate the
performance of different versions of depth weightas a function of the size of the generator.
According to AUC, depth weighting was indeed necessary for all methods when the generator
moved to deeper regions (>2cm) as well as when the size was larger fiian Moreover, any
version of MEM always exhited clearly less false positives, as indicated by lower SD values,
than all of MNE versions, whatever was the depth or the size of the underlying generator. We
found no clear trend and difference of temporal accuracy among methods when reconstructing

generators of different depths and sizes.
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Fig.4.5 Effects of depth weighting on the depth and size of the
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demonstrates the validation matrices, AUC, SD and SE, as a function of depth of generators. We selected
250 generators created from all 250 seeds with a spatial extent of SD = 5. Depth was calculated by the
average of minimum Euclidean distance from each vertex, within each generator, to the head surface.
Second row demonstrates the validation matrices, AUCAI8DSE, as a function of size of generators.
Involving 400 generators which constructed from 100 superficial seeds with 4 different spatial extend of Se
=3, 5, 7, 9. Line fittings were performed via a 4 knots spline function to estimate the smootheddrend

the shade areas represent 95% confident interval. Color coded points represent the values of validation

matrices of all involved generators.
4.3.3 Robustness of 3D reconstructions to the noise level

All previous investigations were obtained from siatidns obtained with a SNR of 5, in this
section we compared the effect of the SNR level in Fig.4.6, on depth weighted versions of MNE
and MEM, for superficial seeds only and generators of spatial eéxtént v. We only compared
MEM(0.3, 0.5) and MNE(0.bconsidering the observation from previous results that these two
methods were overall exhibiting the best performances in this condition. Regarding Dmin, paired
differences were not significant but MNE exhibited more Dmin values above Omm than MEM at
all SNR levels, suggesting that MNE often missed the main generators while MEM was more
accurate in reconstructing the maximum of activity within the simulated generator. Regarding
AUC, MEM(0.3, 0.5) exhibited values higher than 0.8 at all SNR levels, whbtiiE (0.5) failed

to recover accurately the generator T 'Y p. Besides, in Table.4.2, we found that the
difference of AUC between MEM and MNE increased when SNR level decreased, suggesting the
good robustness of MEM when decreasing the SNR level diffezence in SD also increased
when SNR levels decreased. Indeed, MEM exhibited stable SD values among most SNR levels
(except’YD Y p), whereas for MNE SD values were highly influenced by the SNR level. Finally,
for both methods, decreasing SNR levedsulted in less accurate time course estimation (SE

increased), slightly more for MEM when compared to MNE.
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Fig.4.6 Evaluation of the performances of MEM and MNE at four different SNR leveBoxplot
representation of the distribution of four validation metrics for MEM(0.3, 0.5) and MNE(0Q.5) involving
superficial seeds with spatial extent Se = 5. SNR levels (SNR =1, 2, 3, 5) are represented using different

colors.

SNR =1 SNR=2 SNR=3 SNR=5

Se =5 (~ 11 cm?) MNE (0.5) MNE (0.5) MNE (0.5) MNE (0.5)

AUC o305 | 044%™ [ 0.07% | 005 | 0.04*
Dmin % 05 | 0.00 0.00 0.00 0.00
SD 0 | -17.63% | -12.40% | 9.22% | -7.41%
=i RO NG NGOG

Table.4.2 Reconstructiongsformance comparison of MEM and MNE with different SNR levelldedian
of paired difference of validation metric (i.e., AUC, Dmin, SD and SE) values of Se = 5 are presented in

the table following the SNR increase from 1 to 5. ** indicates corrected p04.0.0
4.3.4 Evaluation of MEM and MNE on real fNIRS data

For all finger tapping fNIRS data considered in our evaluations, two wavelengths (i.e., 685nm and
830nm) were reconstructed first and then converted to HbO/HbR concentration changes along the

corticalsurface using specific absorption coefficients. All the processes from fNIRS preprocessing
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to 3D reconstruction were completed in Brainstd@iradel et al, 2011)using the NIRSTORM
plugin developed by our teanht{ps://github.com/Nirstorin For full double density montage
(montage 1)reconstructed HbR amplitudes were reversed to positive phase and normalized to
their own global maximum, to facilitate comparisons. In Fig.4.7.a, we showed the reconstructed
HbR maps at the peak of the time course (i.e., 31s) for MEM and MNE by consitierdhdepth
weighted versions, previously evaluated, i.e., MEM(0.3, 0.3), MEM(0.3, 0.5), MNE(0.3) and
MNE(0.5). The two depth weighted versions of MEM clearly localized well the "hand knob"
region, while exhibiting very little false positives in its swmding. On the other hand, both depth
weighted version of MNE clearly overestimated the size of the hand knob region and alsecexhibit
some distant possibly spurious activity. The fMRinap obtained during the corresponding fMRI
task is presented in F§y7.b, after the projection of the volumenzap on the cortical surface.
Fig.4.7.c showed the time courses within the region of interest representing the "hand knob". Each
curve represents the reconstructed time course of one vertex of the hand knolamegiba

amplitude was normalized by the peak value within the whole region.

a  MEM (0.3/0.3) MNE (0.3) b fMRI

f 10

Z-score

il MNE (0.5)
I—G-S
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Normalized amplitude (HbR)
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10 0 3
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Fig.4.7 Application of MEM versus MNE reconstruction of HbR during a finger tapping task on one
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healthy subject(a) Reconstructed maps of HbR (e.g., 20% inflation on the left and 100% inflation on the
right side.) from MEM and MNE with different depth @@nsations. Each map was normalized by its own
global maximum. (b) fMRI-thap results projected along the cortical surface. (c) Reconstructed time
courses of HbR within the hand knob region from MEM and MNE. Note that the hand knob region,
represented byhe black profile, was also matched well with the mean cluster of fMRI activation map on

the primary motor cortex. No statistical threshold was applied on fNIRS reconstructions.

Results obtained on 5 subjects for acquisition involving personalized optiRE fmontage
(montage 2) and corresponding fNIRS reconstructions are presented in Fig.4.8. For every subject,
fMRI Z-maps are presented along the left hemisphere only and thresholdeda# (p<0.01,
corrected using Gaussian random field theory), Thet sigaificant fMRI cluster along M1 and

S1 was delineated using a black profile. Reconstruction maps at the corresponding HbO/HbR
peaks are then presented. Similar accuracy between MEM and MNE, with good overlap with fMRI
results, was found for subjectsadd 5, while MNE was overestimating the spatial extent of the
generator. For subjects 1, 2 and 3, MNE exhibited poor spatial correspondence with fMRI results.
Averaged reconstructed time courses within the fMRI main cluster region are shown with standard
deviation as the error bar. Comparing to simulation results, MEM exhibited overall very similar
time course estimations to MNE in all cases. Considering the task duration was 10s, the
reconstructed peak timing of HbO/HbR appeared accurately within theaoth@s to 20s.
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Fig.4.8 Personalized fNIRS montage and comparisons between MEM and MNE reconstructions with
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respect to fMRI Zmap at individual levela) the region of interest defined as the hand knob, b) optimal
montage targeting the ROI consisting@urces (red) and 15 detectors(green) and one proximity (in the
center of sources not shown), c) normalized sensitivity profile of the optimal montage which calculated as
the sum of all channels sensitivity along the cortical surface, d) optimal montagkeai the scalp of the

one subject, using collodion. fMR}rdap of each subject during finger tapping task (threshold with Z >

3.1, Bonferroni corrected), black profile represents the main cluster along M1 and S1. MEM reconstruction
maps at the correspoimy HbO/HbR peak times, using depth weighted option 0.3, 0.3. MNE reconstruction
maps, at the corresponding HbO/HbR peak times, using depth weighted option 0.3. Reconstructed time
courses within the black profile, solid lines represent the main time anskthe shade areas represent
standard deviation within the region of interest. Reconstructed time courses were normalized by the

maximum amplitude, for each method respectively, before averaging.
4.4 Discussion
4.4.1 Spatial accuracy of 3D fNIRSeconstruction using MEM

In the present study, we first adapted the MEM framework in the context of 3D fNIRS
reconstruction and extensively validated its performance. The spatial performance of
reconstructions can be considered in two aspects, 1) cordecdyizing the peak of the
reconstructed map close enough to the ground truth area, 2) accurately recovering the spatial extent
of the generator. According to our comprehensive evaluations of the proposedvdegtted
implementations of MEM and MNE maeitls, accurate localization was overall not difficult to
achieve as suggested by our results using Dmin metric. AlImost all methods provided median value
of Dmin to be Omm in all simulation conditions except for the loWést'Y p condition where

more lo@lization error was found. On the other hand, recovering the actual spatial extent of the
underlying generator is actually the most challenging task in fNIRS reconstruction. When
considering the results of MNE on both realistic simulations and real fiagping tasks, either

from visual inspection (Fig.4.4, Fig.4.7 and Fig.4.8) or quantitative evaluation by SD (Fig.4.3,
Table.4.1 and supplementary section S2), we found that MNE overall reconstructed well the main
generator but largely overestimated theesof the underlying generator. MEM was specifically
developed, in the context of EEG/MEG source imaging, as a method able to recover the spatial
extent of the underlying generators, which has been proved not to be the case for MNE based
approachefChowdhuryet al, 2013, 2016; Peltgino, Hedrichet al, 2016; Hedriclet al, 2017;
Pellegrinoet al, 2020) A recent reviewSohrabpour and He, 202ih) the context of EEG/MEG
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sourceimaging has also demonstrated that the Bayesian approach with sparsity constraints is
required to accurately estimate the spatial extent. These important properties ofwegleM
successfully demonstrated in our results on fNIRS reconstructions. Thesemxgetformances

were reliable for different sizes and depths of simulated generators, and for real finger tapping
fNIRS data as well.

4.4.2 Implementation of depth weighting strategy within the MEM framework

In this study, we are proposing for the first time a depth weighting strategy within the MEM
framework, by introducing two parametebs: acting on scaling the source covariance matrix, and

S tuning the initialization of the reference for MEM. When conapato depth weighted MNE,

the MEM framework demonstrated its ability to reconstruct, different depth of focal generators as
well as larger size generators, exhibiting excellent accuracy and few false positives (see Fig.4.5).
When considering deeper focargrators (depth > 2cm), MEM(0.5, 0.5) clearly outperformed all
other methods (see AUC and SD values in Fig.4.5). In summary, for a large range of depths and
spatial extents of the underlying generators, MEM methods exhibited accurate results (large AUC
values) and less false positives (lower SD values) when compared to MNE methods. In practice,
we would suggest to consider eitther 1@ or 0.5 for the initialization of MEM in all cases and

only tuned . Thisis due to the fact that MNE(0.3 or 0.5) providagenerally good reconstruction

with larger true positive rate in most scenarios, therefore providing MEM an accurate reference
model & w) to start with. Even when considering the most focal simulated generatels (

0) case (see Fig.4.3, Table.4afd Fig.4.5), MEM(0.3, 0.3) and MEM(0.3, 0.5) were actually
exhibiting very similar performances. Our proposed suggestion tdtuaedd parameters was
actually further confirmed when considered results obtained from real data. For both montages,
MEM(0.3, 0.3) results in excellent spatial agreement with fMiRi&ps. Note that depth weighting

was also considered in DOT studies using M({&lver et al, 2003; Dehghani, Whitegt al,

2009; Whiteet al, 2009; Eggebrechet al, 2012, 2014)and a hierarchical Bayesian DOT
algorithm (Shimokawaet al, 2012, 2013a; Yamashitat al, 2016a) A spatially variant
regularization parametgrwas added to a diagahregularization matrix featuring the sensitivity

of every generator (forward model), and the value whs tuned according to the sensitivity value

of a certain depth. In practice, this strategy would result in similar depth compensation as ours, but

we preferred the depth weighting parametexhich mapped the amount of compensation from O
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to 1 (as desdoed in Eq.4.3) for easier interpretation and comparison. This is also a standard
procedure introduced in EEG/MEG source localization stu@teshset al, 1999; Linet al.,

2006) Finally, using the depth weighted MNE solution as the prior is a common consideration in
Hierarchical Bayesian framework based fNIRS reconstruci@hsnokaweaet al, 2012, 2013b;
Yamashiteet al, 2016a)

4.4.3 Temporal accuracy of 3D fNIRS reconstruction using MEM

Another important contribution of this study was that we improved the temporal accuracy time
courses estimated within the MEM framework, resulting in similar temporal accuracy the one
obtained with MNE. For instance, the largest significant SE differeaetveelen MEM and MNE

was only 0.02 fofY'Q o and 0.01 fofY'Q v. Corresponding time course estimations are also
reported for MEM and MNE in real data (Fig.4.7 and Fig.4.8), suggesting again very similar
performances. For instance, SE between MEM an&EMIKO time course was estimated as 0.02

for Sub05 in Fig.4.8. Moreover, we found no significant SE differences between MEM and MNE
for more extended generators (Se = 7,9). These findings are important considering that MNE is
just a linear projection themfe the shape of the reconstruction will directly depend on the
averaged signal at the channel level. On the other hand, MEM is a nonlinear technique, applied at

every time sample, which is not optimized for the estimation of resulting time courses.
4.4 .4Robustness of fNIRS reconstructions to the noise level

To further investigate the effects of the amount of realistic noise in our reconstructions on both
reconstruction methods, we performed the comparisons along 4 different SNR levélq) i¥.,

pltfotv. As shown in Fig.4.6 and Table.4.2, we found that MEM was overall more robust than
MNE when dealing with simulated signals at lower SNR levels. This is actually a very important
result since when reconstructing HbO/HbR responses, one has to conlgdst tavos-OD of two
different wavelengths exhibiting different SNR levels. For the simulation results, we reported
reconstruction results obtained from 830nm data, whereas when considering real data (Fig.4.7 and
Fig.4.8), we had to convert the reconstruction abswrpthanges at 685nm and 830nm into
HbO/HbR concentration changes. Therefore, our final results were influenced by the SNR of all
involved wavelengths. fNIRS is inherently sensitive to istébject variabilityNovi et al, 2020)

as also suggested in our application real data presented in Fig.4.8. Data from Sub05 were

exhibiting a good SNR level and therefore both MEM and MNE reconstructed accurately the main
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cluster of the activation, while MNE presented more spatial spread and false positive activation
outsidethe fMRI ROI. When considering subjects for whom we obtained lower SNR data, e.g.,
Sub02 and Sub03, MEM still recovered an activation map similar to fMRI map. In those cases,
MNE not only reported suspicious activation pattern but also incorrectly reecingie peak
amplitude outside the fMRI ROI. Our results suggesting MEM robustness in low SNR conditions
for DOT are actually aligned with similar findings suggested for EEG/MEG source imaging, when

considering source localization of single trial d@g&owdhuryet al, 2018; Aydinet al, 2020)

4.4.5 Comprehensive evaluation and comparisoof the reconstruction performance using
MEM and MNE

To perform a detailed evaluation of our proposed fNIRS reconstructions methods, we developed
a fully controlled simulation environment, similar to the one proposed by our team to validate
EEG/MEG source localization metho@showdhuryet al, 2013, 2016; Hedricht al,, 2017) The

fNIRS resting state data, acquired by the same montage ggei)tand underwent the same
preprocessing as conducted for the real data, was added to the simulated true hemodynamic
response for each channel. Indeed such environment provided us access to a ground truth, which
is not possible when considering real fiiRlata set. Previous studies validated tomography
results(Eggebrechet al, 2014; Yamashitat al, 2016apy comparing with fMRI activation map

which can indeed be considered as a gdotrath, but only for well controlled and reliable
paradigms. Since fMRI also measures a signal of hemodynamic origin, it is reasonable to check
the concordance between fMRI results and DOT reconstructions. Therefore, as preliminary
illustrations, we alsoompared our MEM and MNE results to fMRirdaps obtained during finger
tapping tasks on 6 healthy participants, suggesting overall excellent performances of MEM when
compared to MNE. Further quantitative comparison between fMRI and fNIRS 3D reconstruction,
was out of the scope of this paper and will be considered in future studies.

4.4.6 Availability of the proposed MEM framework

Several software packages have been proposed to provide fNIRS reconstruction pipelines, as for
instance NeuroDOTEggebrechtet al, 2014; Eggebrecht, Muccigrosso and Culver, 2019)
AtlasViewer(Aastedet al, 2015)and fNIRSSPM(Ye et al, 2009) To ensure an easy access of

our MEM methodology to the fNIRS community, we developed and released a fNIRS processing
toolbox- NIRSTORM (ttps://github.com/Nirstorip as a plugin of Brainstorm softwaf€adel
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et al, 2011) which is a renown software package dedicated for EEG/MEG analysis and source
imaging. Our package NIRSTORM offers standard preprocessing, analysis and visualization as
well as more advanced features such as persodaj@nal montage design, access to forward
model estimation using MCXlafiang and Boas, 2009; L. Yat al, 2018)and the MNE and

MEM implementations considered in this study.
4.4.7 Limitations and Perspectives

Previously, Tremblay et al, 2018 had comprehensively compared a variety of fNIRS
reconstruction methods using large number of realistic simulations. Since introducing MEM was
our main goal of this study, we did not consider such wide range of methodological comparisons.
We decided to cefully compare MEM with MNE since MNE remains the main method
considered for DOT, and is available in several software packages. As suggdstadbiayet

al., 2018 DOT reconstruction methods based on Tikhonov regaléoiz, such as least square
regularization in MNE, usually allow great sensitivity, but performed poorly in term of spatial
extent- largely overestimating the size of the underlying generator. On the other habdséd
regularizationStzen, Giannoula and Durduran, Z10kawa, Hoshi and Yamada, 2011; Kavuri

et al, 2012; Prakaslet al, 2014)could achieve more focal solutions with high specificity but
much lower sensitivity. As demonstrated in our results, the proposed MEM framework allows
reaching good sensitivitand accurate reconstruction of the spatial extent of the underlying
generator. Bayesian model averaging (BMA) originally proposed for EEG source imaging by
(Trujillo-Barrgo, AubertVaquez and Vald&Sosa, 2004a) also allows accurate DOT
reconstructions with less false positives when compared to MNE. Similarly, we carefully
compared MEM to Bayesian multiple priors approaché€imwdhuryet al, 2013)in the context

of MEG source imaging. Comparing MEM with more advanced DOT reconstruction methods,
including also the one proposed §amashiteet al, 2016a) would be of great interest but was

out of the scope of this study.

Considering the main contribution of this study was to introduce the MEM framework for 3D
fNIRS reconstruction, we decided to first carefully evaluate the performance of MEM, using well
controlled realistic simulations. We also included few real data set reconstructions to illustrate the
performance of the MEM reconstruction, whereas quantitative evaluation of MEM reconstructions

on larger database will be considered in our future ifrgegsdns. In previously reported studies
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(Zeff et al, 2007; White, 2010; Eggebrectttal, 2012, 2014; Zhaat al, 2012a) a high density
montage was considered which was proved to be able to provide high spatial resolution and
robustness to low SNR conditioifé/hite, 2010) evaluating the performance of MEM when
considering high density fNIRS montage would be of great interest but was out of the scope of this

present study.
4.5 Conclusion

In this study, we introduced a new fNIRS reconstruction method entitled Maximum Entropy on
the Mean (MEM). We first implemented depth weighting into MEM framework and improved its
temporal accuracy. To carefully validate the method, we applied a largeenn®#2000) of
realistic simulations with various spatial extents and depths. We also evaluated the robustness of
the method when dealing with low SNR signals. The comparison of the proposed method with the
widely used depth weighted MNE was performed Ipplyng four different quantification
validation metrics. We found thathe MEM framework provided accurate and robust
reconstruction results, relatively stable for a large range of spatial extents, depths and SNRs of the
underlying generator. Moreover, weplemented the proposed method into a new fNIRS
processing plugin NIRSTORM in Brainstorm software to provide the access of the method to

users for applications, validations and comparisons.
4.6 Supplementary material

S1. Validation metrics

Here is a dtailed description of the four validation metrics considered in our evaluation. Except
for the shape error (SE), other metrics were all calculated at the time mathan the simulated

30 Qime course reached its peak value (e.g., 12.2s after onset).

Area Under the Receiver Operating Characteristic (ROC) curve (AW@p used to assess the

overall detection accuracy of the reconstruction methods. We used a specific version of AUC that
has been proposed {@rova, Daunizealgt al, 2006)in order not to bias results towards false
positives. In further detail, ROC curves were generated by plotting the sensibility of the detection

as a function of 171 speci f i cdcdnstructiowmap ffrem Ottohlr e s h o
with a certain step value. In the context of source reconstruction, especially when the generator is

focal, the region of true positive is usually much smaller than the region of true negative, whereas

116



Chapter 4: Manuscript 1

nonbiased AUC evaluatio would require to sample the same amount of active and inactive
generators. To overcome this possible bias, we considered a ROC evaluation using the same
number of active and inactive generators that were randomly sampled within two different regions:
1)0 ™  :inactive generators were sampled within the immediate spatial neighborhood of the
ground truth; and 2) ¥ : inactive generators were sampled within the local maxima of the
reconstructed activity located far from the ground triite final AUC was then the average of

ol ando "%

Minimum geodesic distance (Dmimjvas represented by the geodesic distance, following the
circumvolutions of the cortical surface, of the vertex that exhibited maximum of reconstructed
activity to the border of the "generator'. It should be 0 when the peak of the reconstruction map

was lacated inside the simulated cortical region.

Spatial Dispersion (SDassessed the spatial spread of the estimated "generator' distribution and
the localization error using Eq.4.1. The ideal value (¥Q 1 &), was achieved when no
activation was reconstructed outside the theoretical ‘generator'. The larger the SD was, the more

spatially spread were the reconstructed maps.

B a®, 0O €6Qd "a
“YO V (4.14)
B QO "ar

whered . 'O "@Q is the minimum Euclidean distance between the vé@lexhe vertexQ

which is located inside the simulated ‘genera)’ @ "€, is the power of the amplitude of
reconstructed time course on vertéat timez. 0 is the total number of verticesithin the

reconstruction field of view.

Shape error (SE)evaluated the temporal accuracy of the reconstruction. Reconstructed time
courses within the simulation "generator' were averaged and normalized. The root mean square of
the difference between this time course and the normalized theoretical time cosiesstimated

and denoted as SE in Eq.4.15 as introducé@mowdhuryet al, 2013)
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vo 2 80 _ (4.1
Y 00 08 §¢oda Qi oM

where"Yis the length of the time cours®. 0 is the theoretical time course of the simulation.

G Q& O isthe averaged mean of the reconstructed time courses within the “generator'.

S2. Effects of depth weighting on MNE

We first investigated the effects of the depth weighting fattoselection for depth weighted
MNE. To do so, we evaluated the spatiadl @emporal performances of DOT reconstruction. As
presented in Fig.4.S1, we compared depth weighted MNE using depth weighting factors
TSI e frdoin superficial seeds case. In genebal, T®@ and 0.5 provided overall the
most accurate resul{ge., mediard Y6 t@andOd& ‘Q¢ md & ). For focal generators (i.e.,
"YQ ofv), b 1@ performed better thah T@® considering it was providing significantly
lower SD. However, in extended generators (¥Q xfw), reconstructions with T® were
exhibiting more accurate results, consisting in significantly positive AUC difference (0.05 and
0.08, p<0.001) and significantly positive SD difference (2.24 and 2.06, p<05001).1tand 0.1

only provided AUC higher than 0.8 in the cas€¥f2 o, whereas X and 0.9 failed in all
cases and even the median values of Dmin were significantly larger (median values aBound 2
cm) than other cases. Based on these results, we decided to consider only the depth weighting

values) 1@ and 0.5 fo depth weighting MNE in the comparisons with MEM reconstructions.
S3. MEM v.s. MNE with realistic simulations involving middle and deep seeds

In Fig.4.S2 and Table.4.S1, we are presenting the comparison of MEM and MNE in middle seeds
cases. First of all, we found that more depth compensation was required to provide good
reconstructions in all scenarios. Thus, MEM(0.5, 0.5) was compared to sheofb®INE -
MNE(0.5). Nonsignificant AUC and Dmin differences were found between them. However,
MEM(O0.5, 0.5) provided significant lower SD than MNE(0.5), median value of different&®f
L®, -4.80, -5.00, -4.95, p<0.001 fofYQ ofuixfwrespective). Fig.4.S3 and Table.4.S2 are

presenting the comparison of MEM and MNE in the comparison of them in deep seeds case.
Similarly, no significant AUC and Dmin differences were found. MEM(0.5, 0.5) provided
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significant lower SD than MNE(0.5), median valueddference of YO @& (6.33,-6.97,-
5.52, p<0.001 fofYQ ofulxhwrespectively. For temporal performance in these two cases,
similar to Fig.4.3, MNE(0.5) gave significantly lower S8B.01 or-0.02, p<0.001) than MEM

when"Y'Q ofv (small differenck No significant difference in SE was found¥iQ xha

Fig.4.S1. Evaluation of the performances of depth weighted MNE for different depth weighting factors
¥y = 0, 0. 1, DistriBution 6f validatio® met#i¢cs (AAUJC,Pmin , SD and SE) are displayed
using boxplot representations, for simulations involving superficial seeds only and for spatial extents Se =

3,5 7,9.

Fig.4.S2 Evaluation of the performances of MEM and MNE ugjmealistic simulations involving middle

seeds for different spatial extent (Se = 3, 5, 7, Bpxplot representation of the distribution of four
validation metrics for three depth weighted strategies of MEM and two depth weighted strategies of MNE,
namely MEM(0.3, 0.3) in blue, MEM(0.3, 0.5) in green, MEM(0.5, 0.5) in red, MNE(0.3) in magenta and
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