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1. Introduction

1.1.Overview

Most voluntary and involuntary actions that a human individual performs everyday are governed
by the human brain. The brain and the spinal cord formthateore nervous system in the human body
which formulate/execute the actions. Currently, diffusieighted magnetic resonance imaging (BW
MRI) is the only imaging modality that holds the potential to capture the microstructural tissue properties
in-vivo (within living) at an intravoxel millimetric scale for the human brain. BMRI holds the potential
to transform our understanding of neurological disorders and the capacity to help in healthcare. Throughout
the life span the brain alters in various wHjsand evolution has led for humans to have a longer life span
[2]. Increased life span has been directly correlated with an expectation of higher cases of dementia related
disorders for e.g. Alzheimr 6 s [B]. s dNausnb er of cases reported for
million in USA alone [4]. Multiple Sclerosis in 8§ itself accounts for over 400,000 cases with
approximately 10,000 new cases being received every[ye6t. Current global review studies suggest
that for exery 10,000 children 62 are diagnosed with autism spectrum dig@tder

Prevalence of neurological disorders has led scientists/researchers to cangitudital studies,
connectoméased studies to characterize governing factors between control and impaired subjects. The
Human Connectome Project (HCOB) 9] is one such popular study with over 2400 acquired scans with a
systematic protocol focusing on high quality and same subject repeat data. The Baltimore Longitudinal
Study of Agng (BLSA) [10, 11]is more focused towards characterization of long term effects of
neurological disorders, the data acquisition started in 1958 with over 1000 participants aged between 17 to
96 years. The imaging acquisit® began in the year 19710]. The protocols that govern imaging
modalities (e.g. MRI) are being acquired consistently with more variantsodélities being added as
technological advancements progress. Due to the successive changes of sites and scanner hardware

upgrades, it has become a critical processing step to harmonize tiRD\AEquisitions to support large
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scale statistical analysiPW-MRI holds great potential for developing our understanding of neurological
disorders large scale studies from multiple cohorts of population need to be harmonized for meaningful
interpretations.

The term &édharmoni zati ond aloaing date to deenieanmgfully as a
compared when there are multiple sources of datab
fit to DW-MRI do not get affected by the bias and variance of the scanner sites and hardware upgrades.
Harmonization Wl allow for an unbiased or reduced bias estimates of the tissue properties, for which a
plethora of advanced methods/models exist currently. Due to the complex acquisition schemeadief DW
the advanced methods are applicable for estimation of micragtucssue properties.

The microstructure/microarchitecture models can be classified into two major categories:
orientation models and compartment models. A few popular orientation models are persistent angular
structure (PASMRI) [12], Q-ball imaging (QBI)[13], diffusion orientabn transform (DOT)[14],
constrained spherical deconvolution (C3I§]. The weltknown compartment models in use are neurite
orientation dispersion and density imaging (NOD[I§] and spherical mean technique (SMIJ] etc.

The orientation models provide informationoab the geometrical microstructure at an intoxel level

and the compartmental models provide us with fractional estimates of the tissue that constitutes the voxel.
In general, the orientatiomethods are often collectively referred as high angular utsnol diffusion

imaging (HARDI) method§l8]. The HARDI methods are described in a more elaborate fashion in section
3.2.

The diffusion microstructure/microarchitecturethods have showed varied reproducibility when
compared ingemethod, intetmethod, intrasession, intesession, intescanner; where intranethod and
intra-session exhibit high reproducibility and the others exhibit low reproducififty20] In the context
of precision/accuracy for HARDI methods and compartment methods, there are three possible validations
1.) phantom based studies, 2.) histgitbased validation (animal studies) and 3.) seatan studis of
human invivo acquisitions. Although the methods are primarily intended for applicability on humans it is
exceedingly difficult to perform human histology validation due to lack of suEsets. Phantom studies

31



have indicated sound validation of mosthe methodf21, 22] However, the same is not true for histology
validation using datasets from animal stud3]. This indcates there is scope for development of new
microstructure methods that are focused towards dejpibility specifically towards intesession, inter

scanner and show a high precision for histolbgged validatidi23, 24} Earlier proposed models have

not shown high correlation with the same metrics bdarived from histology25]. The most widely sed

methods are classical mathematical transforms, and machine learning to drive these models has only been
mildly explored[25, 26]to improve reproducibility and show a highaarrelation. These gaps lay out the
foundation of this dissertation. Briefly, the gaps for mitmagure modelling can be segregated into 1.)
highly reproducible and harmonized estimates of microstructure tissue properties and 2.) microstructure
estimats that show high correlation with histolebgsed tissue estimates.

This chapter is segregatedardifferent sections. Section 2 covers the fundamental information
regarding DWMRI, hyperparameters of DWMRI, and its applications. Section 3 delves irhe
understanding of microstructural measures from imaging modalities and their associativg sytierg
histological measures. In section 4, we cover the majority of the harmonization and reproducibility
methodologies involved for the neuroimaging dataention 4. The section covers how the acquisitions
were normalized and registered collectively &malysis. Next in section 5 we cover the basics of deep
learning and how it can be applied to EMWR | ; covered in section 5. Sec

applicability of these approaches and outlines this dissertation into contributions.
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As a part of this dissertation, we lay out the characterization of empirical reproducibility in the
context of HARDI methods anttactography to understand the strengdmsl the fallacies of prior
established work from the literature. Further, we propose novel methods to reconstruct microarchitecture
from external validation data (animal studies). The external validation data shiweiding results which

motivated us toutilize them for proposal of multiple harmonizing approaches for microstructure

f Empirical Characterization: 3
Reproducibility for Novel Date.J—Dnven
Microstructure & methods for microstructure

Microarchitecture Contribution 2

Contribution 3

Contributinl

Figure 1.1. Overview of the contributions proposed in this dissertationContribution 1: was to
evaluate empirical reproducibility for microstructure in terms of HARDI methods and
tractography. Contribution 2: Proposition of novel data-driven methods using rare animal
histology datasets. Contribution 3: Intermodal learning to recover 3D microstructure from 2D
microscopic imaging. Contribution 4: Scanning acquisition parameter invariant learning
manifolds for generalizability of data-driven learning techniques. Contribution 5: Recovery of
multi -shell DW-MRI microstructural measures from singleshell DW-MRI

measurementn paralle| we also show that recovery of 3D microstructural measures from 2D histology
imaging is possible.
We briefly outline all the contributions that habeen performed as a part of this dissertation. A

brief overview for each contribution can also be observéigare 11.

1.1.1.Contrilution 1:Empirical characterization of reproducibility of microstructure

Due to the existence of a fhera of microstructure modelling techniques and multiple tractography
reconstructions, a reproducibility evaluation was necessitated. Hence, we elyptiacterized

microstructure modelling methods using single subject large seaiedracquired de. The acquired data
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had multiple repeats per session with repetitions of sessions and the same was acquired on different scanners
for evaluation.

Two well-known HARDI models were chosen-{gall and PASMRI) because they both belong to
the same categomyf orientation tissue models; however, they are at the extreme ends of a spectrum in
terms of anisotropic nature with-kall showing smooth angular strupt while PASMRI recovering
sharper angular structure. The two methods follow a fundamentally diffeleesssical transformation for
modelling. This study was performed on one of the largest single subject datasets with a total number of
more than 5400 bin volumes. The study design focused on imethod and intemethod comparison.

The metrics that we used for characterization were symmetric angular error, peak fraction and general
fractional anisotropy. Both the methods showed a high level of dsagnt when they were inter
compared for the same subject.

The global tractography (geometrically ceated tract micratructure) reproducibility challenge
was conducted on a single subject acquisition acquired across two different scanners, withOoveii80
volumes per scanner. The data was acquired in two different sessions per scanner and hence the
tractographic algorithms were assessed at three levels ofsedsion, intesession and intescanner
reproducibility. As a final outcome given allgarithms the variance was quite high for all the tracts.
However, considering the top five submissiansasured by intraclass correlation coefficient and dice
similarity measure 8 of the tracts showed high reproducibility, 4 showed moderate and 4 showed lo
reproducibility.

To understand the underlying challenges associated with studies of microstraotlire
microarchitecture, empirical characterization was the first step that we took. There are multiple HARDI
methods. For an intricate evaluation, we cleotvgo methods PAMRI and Qball to study for intra and
inter method disagreement. The contributiowasered in greater detail in chapter Il and Ill. As a pre
processing technique, we also explored if the reproducibility could be improved by propasaiwghier
detection and imputation technique covered in chapter IV.

The moniker of microarchitectutgegins with microstructure methods however, it was as critical
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to assess the reproducibility of tractography. To address this, we conducted a globabgehaifor the
assessment of 16 different tracts that depict the neural pathway structure of tinebinaimaNine Teams
submitted a total of 46 different algorithm pipelines that could reconstruct the streamlines. The outcome is

discussed in greater détim chapter V.

1.1.2.Contribution 2Novel methods tonproveprecision and reproducibility of microsturet using single
shell DWMRI acquisitions

Validation studies are often performed using corresponding histology withIRWmeasures. We
explore the potdral of an external validation dataset to drive edii@en machine learning approaches.

The venturded us to explore a harmonized reconstruction of the microstructure by utilizing paired
in-vivo data from different scanners of the same subject. Thalmaindn is further defined by inclusion of
scalar metrics as loss so that a joint harmonization frenmieis formed.

We inferred that the current approaches were limited when histological validations were assessed.
Hence, we proposed a novel deep learmmaghod that could recover the microstructure using external
validation data. This approach is coveiadmore detail in chapter VI. The approach motivated us to
harmonize the scanner site effects and propose a framework technique using deep leacoird firadict

harmonized microstructure. The framework is discussed more elaborately in chaptet VIllan

1.1.3.Contribution 3Combining DWMRI with 2D imaging to predict 3D measures from 2D imaging.
Integration of DWMRI and histology for microstructuregenstruction has encouraged us to think
about applications where there is a lack of IRI acquisitionmeasurement and only 2D imaging exists.
There are no known ways to extract 3D microstructure information from 2D imaging. Hence this
contribution is focaed towards obtaining 3D microstructural measures from 2D imaging acquisitions.
While contribution 2 éd us to proposal and implementation of harmonizing techniques, it
simultaneously depicted a pathway to a new challenge where the 3D microstructurabmeasial not be
derived from 2D imaging. Using rare datasets, we propose techniques that can3Bcmeasures using
2D imaging. This work is covered in more detail in chapter 1X and X. We hope that this work will find
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applicability where researchersdaced with data where only 2D imaging exists, for example postmortem

brain studies based on histojog

1.1.4.Contribution 4: Learning across the manifolds of single and-shealtiDWMRI for advanced 3D
microstructure reconstruction

Typical clinical DWMRI scan acquisitions are based on single shell-BNR1 data with a limited
number of gradient directions. &lpromising results from the prior work were limited in application to
advanced mukshell DWMRI acquisitions where the scanning parameters could vamyumber of
diffusivity shells, varying diffusivity values and varying number of gradient directiendiffusivity shell.
Therefore, we proposed and developed a learning manifold where the data could have varying scanning
parameters.

Such methodologiesilivbe critical for the new wave of research studies that are being conducted
for a richer understanagy of the DWMRI based microstructure. Research institutes often collect advanced
DW-MRI data where there are two or more diffusivity shells. A typicalngxe is also of the Human
Connectome Project where three shells of data per scan acquisition iestedol

Contribution 2 opened the possibilities for the applicability/utility for reconstruction of fiber
orientation based microstructural measuresijtyeas limited only towards operating on single shell DW
MRI. Although, the typical clinical acquistths are singkshell hardware advancement in the near future
will allow for multi-shell DWMRI at clinical level. This led us to propose the learning spaanifold for
multi-shell DW-MRI for reconstruction of fiber orientational measures. The proposdtbagtvere trained
and validated extensively on a rare histology with correspondingMRNVdataset. The proposed method

was tested based on reproducibifitgasures with kvivo imaging of the normal human brain.

1.1.5.Contribution 5: Recovery of microstructumglasures based on muthell DWMRI from single shell
DW-MRI
The second and fourth contribution paved the path for effective learning and reconswiiction

microstructural measures across multiple varying parameters. However, an interesting
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opportunity/hyothesis left to explore was the recovery of msiiell DW-MRI from single shell DW
MRI. The existing data from clinical studies primarily was acquiréth single shell DWMRI and in
present times is still a clinical standard. Hence, the hypothesis@fa®y of advanced mulshell DW
MRI microstructural measures from single shell D¥RI.

We show that such a recovery is possible and has more inforneatibent than prior existing
single shell techniques. This contribution is specifically useful fostiexj longitudinal studies of aging
where a vast amount of clinical single shell EMRI data has been collected to study effects of aging and
longitudinaleffects of neurological disorders.

Contribution 4, while applicable for advanced mshiell DWMRI acquisitions, is currently
limited because of the advanced acquisition scheme and this led us to the idea to explore the possibility of
recovery of multishell DW-MRI information from single shell DWMRI. The majority of the current
existing data via climial studie$10] being conducted are of clinical nature and typically have a single shell
DW-MRI acquisition with less data.

Therefore, we @veloped advanced dadaiven methods to recover muithell information from
single shell. The contribution is also intended talgdowering the acquisition time further as it quite often
it is not possible for a subject suffering from a neurologicatlitmm to be scanned for a longer period of
time.

The scope this dissertation is outlined with the following objectives:

1.) Empirical characterization of reproducibility of microstructure

2.) Novel methods to increase precision and reproducibility of microsteicising single shell

DW-MRI acquisitions
3.) Combining DWMRI with 2D imaging to predict 3D measures from 2D imaging.
4.) Recorstruct reproducible and precise microstructure using rahéll DW-MRI acquisitions

Multi-shell micrearchitecture reconstruction ugisingle shell DWMRI imaging.

37



1.2. DiffusionWeighted MRI for Neuroimaging

1.2.1.DiffusionWeighted MRI Acquisition Parameters
Achieving the right target contrast is the target for all medical imaging procedures. Thaaoveti

contrasts of T1, T2 and FLAIR pralg an elaborateomprehension of the understanding of the connected

Ayisuayu| jeubis

Figure 1.2. The gradient directions are sampled over a sphere and for every gradient direction a
3D DW-MRI volume is acquired. Observable are 25 gradient volumes with the arrows depicting

corresponding gradient volumes in thoselirections. Specifically, the middle axial slice of a human

brain is show for all gradient directions
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Gradient Volume V1 Gradient Volume V2

Figure 1.3. Middle axial slice of a subject for two different gradient volumes is visualized. ktan be
observed that the arrows highlight a region of interest for the corpugallosum where the signal
attenuation is different for both the gradient volumes.

tissue structure of the brain for both healthy and diseased subjects. However, these modalities are not limited
and cannot acquire information regarding to ivioael microsructural tisue properties. Diffusion
weighted MRI allows notinvasive imaging at millimetric resolution scale per voxel of the gray and white
matter tissu¢27]. DW-MRI allows for a reconstruct of the mieewchitecture due tthe signal aenuation

being the representation of the random or Brownian motion of water molecules in the human brain. The
human brain is 73% watf28]. Since the inception of DWIRI in mid-1 9 8 [29 ishas become a critical

tool for imaging invivo neuro micoarchitecture/microstructure clinically and for advancement through
research.

The most commonly used diffusion pulse sequence is pulsed gradient spin echo (PGSE), the
sequence was proposed by Stejskal and Tanner in [BO§5The diffusionweighting characterized by
gradient pulses, for a PGSE sequence are defined as:

I agq v £ Eq.1

Where is the gyromagnetic ratidQis gradient amplitudé, duration and’ separation where the

b is the diffusion weighting taking place.

The most common way that a diffusion sifjrcan be characterized by under a Gaussian
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Figure 1.4. Middle axial slice of a human subject is visualized fahree different gradient directions.
Each gradient direction corresponds to a unique diffusivity value. We can observe the change in
contrast due to the change in diffusivity value.

assumption

1 1mtr Eq. 2
Here,"Y is the signal present in the absence of diffusion gradient pulses. Therefotiened

PGSE sequence and the diffusion signalliesen probed widely by the scientific community and will be
usedin the forthcoming chapters of this thesis.

DW-MRI acquisitions vary in terms of number of gradient volumes and diffusivity values (b
values) Figure 12, Figure 13, Figure 14). For ease of discussion, we can categorize them into clinical and
advanced acquisition schemes. A major difference between the two is the amount of time required to acquire
the data. For e.gclinical acquisitions can typically be acquired in less than 5 minutes. The clinical
acquisitions are usually defined byalues of less than 1000 s/rhmith less than 30 gradient volumes.
Anytime the number of gradient volumes is greater than 45 d@msetd as high angular resolution BW
MRI (HARDI) [18]. A HARDI sequence can be considered as an advanced acquisition scheme. More
advanced acquisition schemes would be where multiplalues exist with varying number of gradient
directions. A higher number of gradient directions and multiple diffusivity values allow for a higher angular
and radial resolution which allows for measurement of more specific tissue properties. A typical voxel

resolution for DWMRI is 2.5mm isotropic.
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1.2.2.High Angular Resolution BMRI

These acquisitions have become more common in recent times for research purposes. These
acquisitions require longer periods of time where multiple diffusivity values are acquited warying
number of gradient volumegd.8]. Advanced acquisitions are capable of allowing the microstructure
reconstruction methods to be more precise, reproducible and infer crossing, fiber fanning microstructures
[31, 32] The HCP uses an advanced acquisition protocol with diffusivity values of 1000, 2000 and 3000
s/mn? are acquired with a total of 90 gradient volumes per diffusivity value. The HCP data is being acquired
at a voxel resolution of 1.25mm iso which is much higher than the clinical 2.5mm iso. The total volume per

voxel when compareid 1.95mn? vs 15.6mm roughly equivalent to 8 times of clinical resolution.

1.2.3.Spherical Harmonic & Simple Harmonic Oscillator Modelling -diRIW

There are varying scanning acquisition hyparameters in terms of gradient directions and
diffusivity values. As also describgdor in section 2.1 the DW/RI acquisitions can be broadly classified
into two major categories of single shell BMRI and multishell DWMRI. Single shell DWMRI can
typically consist of nowiffusion weighted image and varying number of gradient voltona fixed or
specific diffusivity value (e.g b = 1000s/Mmand 30 gradient directions, commonly used for clinical
acquisitions). Whereas, the mestiell DW-MRI would typically contain two or more than two diffusivity
values with varying gradient direotis per diffusivity shell. Briefly, it can be stated that mshiell DW
MRI consists of varying number of diffusivity shells, varying diffusivity values and varying gradient
directions. As the scanning acquisition parameters vary a lot, it is genegdili/heve a consistent signal
representation technique for further applicability to tissue models for detecting microstructure orientation
and sometimes intraoxel tissue compartmental measures as well. Spherical harmonics (SH) have been
well establishedor the representation of single shell BMRI [33] however they are limited to a single
shell and theoretically cannot capture the variations for a 1shdi DW-MRI acquisition. Simple
harmonicoscillator reconstruction (SHORE34] is a modelling representation technique that was proposed

to model muit-shell DWMRI ubiquitously without compromising on the single shell BDWRI
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representation.

1.3. Microstructural Measures

1.3.1.Diffusion Tensor Imaging

Diffusion tensor imaging (DTl)is one of the first tissue models that was discovered and primarily
shows the odniation of the white matter (WM) microstructure on a per voxel basis. Modelling the tissue
microstructure is an inverse problem as the signal attenuation characterizes the underlying tissue
microstructure present. Hence a tensor was hypothesized te fiédhe structure and can be observed as

an ellipsoid per voxdB5]. The DTl is estimated using a raBksymmetric positive definite matrix D:

Toee e« [o>
T Tee« e e Eq 3
Teor» T [Tro

The tensor matrix can replace the diffusion coefficient in the diffusion signal equation in the form

of:

1 A wftsl Eq.4
This equation can be further simplified to the form of:

i T% B. B- ‘H‘ﬂ’ Eq.5

The DTI allows for estimation of other useful metrics suctiagional anisotropy (FA) and mean
diffusivity (MD) which have become the ubiquitous in clinical EMRI and research of DWIRI. FA
describes the anisotropic nature of the orientation which is directly correlated with the amount of WM
present in a voxeMD describes the amount of diffusivity in the voxel which is used for characterizing
neuropathology in the brain.

DTI has become prevalent in clinical studies however it is limited to studying only the primary
orientation on a per voxel basis. It cannaiofge multiple fiber orientation86] on a per veel basis and

hence cannot be used to study crossing, fanning fiber regions which call out for more advancethatodel

can infer more information using advanced D¥RI imaging protocolsKigure 15) .
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A)

Single Orientation Fiber Diffusion Tensor Fanning Fiber Population Diffusion Tensor HARDI Fiber Model
Population

Q)

Crossing Fiber Population Diffusion Tensor HARDI Fiber Model

Figure I.5. A) Depicts a single fiber populaibn and its corresponding DTl model as an ellipsoid. B)

Shows a fanning fiber population and its corresponding DTl model vs the HARDI based fiber
model. C) We can observe a crossing fiber population and its corresponding DTl model vs HARDI
fiber model

1.3.2.HARDI Methods

With the imitation of DTI being failing to recover only a primary orientation in the WM. Multiple
approaches were proposed which utilized additional information from advanced HARDI acquisitions that
could recover multiple orientations on erpoxel basis. The mettion behind the proposed approaches
was to incorporate multiple diffusivity values and a high number of gradient volumes in the hope of
inferring a more elaborate microstructure. A few popular approaches that have been proposed ar
constrained sphericaleconvolution (CSD), persistent angular structure @®A8), Q-ball imaging,
diffusion orientation transform (DOT), diffusion spectrum imaging (DSI), simple harmonic oscillator
reconstruction (SHORE), solid harmonics (SoH) and theezemultiple others. IBbal challenge studies

were performed to assimilate a collective evaluation of these apprqaghes few of the FARDI model
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reconstructions on #mivo data can be observdgdure 16). Comparisons of the proposed approaches have
suggested intemethod disageement for voxel wise orientation reconstruction. A substantial number of
approachesave utilized the modelling capacities of spherttatmonics (SH) to model the DWRI

signal and the reconstruct the underlying tissue microstructure as well. The underlying tissue orientational

I} Diffusion Orientation Transform 1)-Q-ball Imaging

Figure 1.6. HARDI met hods visualization of amfrdm ec
Diffusion orientation transform. II) Q -ball Imaging Ill) Persistent Angular Structure V)
Spherical Deconvolution. It can be observed hat each method shows a different tissue
microstructure if compared for the same voxel across the different metids.
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structure has most often been referred to as the fibertatien distribution function (fODF or FOD) both
abbreviations are commonly used in the literature. Development of these approaches led to formulation of
metrics that could adapt to the new generation of models such as general fractional anisotrogye@kFA),
fraction (PF), angles between crossing fiietc.

The advanced reconstruction methods have so far utilized classical mathematical transforms and
mild explorations of datdriven techniques have been performed. There is a lack of methods that could be
driven by external validation data (e.g anirsialdies).

Single Shell Spherical Harmonic Mod&he assumption that only a single diffusivity shell of PW
MRI is being modeled allows for the modeling of EMRI on a sphere. Spherical harmonics (SH) are
spedcal functions that are defined on the surface sphere and allow for the formation of an orthonormal
basis. The necessity for such a modeling arises due to the variability in scanning acquisition parameters in
terms of the number of gradient directidosa DW-MRI scan. SH modeling allows for thepresentation
of the signal via coefficients that are orthogonal and independent of each other. The Gaussian model of
DW-MRI signal can be rewritten as below for SH EMRI modelling:

% Ba BY amdli 0 Ed.6

Herethew i s t he SH component with o616 and 6md repr
are the SH coefficients that wi || OWPMRIusigeal a r ep
me as ur e mebn ti sanddiffusednSveighted signal measurement.

The SH model for the DVWIR | signal utilizes a portion of
coordinates and are defined as:

“m mOo A
Z m0O A

12 PR e "Hi Plg ™ Eq.7

Here & represents the corresponding SH at polar coordinatesf#f% wher e 61 6 and
correspond to the order and phase of thelSHis the associated Legendreywmial. The SH is used to

form a basis set which can be used for estimatiomaféfficients. The basis set is a matrix of dimensions

ON x RO6 where ONO6 represents the number of grad
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coefficients. The basiet is defined as:

L p- E L e
|| é E é Eq. 8
L pyy E 1'-4 Py a

Here the elements of the basis matrix can be computed using equation __.
With utilization of the basis matrijhe DW-MRI signal equation can be formulated as an -over
determined system of equations:

L ||l= Eq. 9
Where 6B6 is the basis matrix and 6C6 are the

equations is based ontheasapt i on t hat the number of gradient di
as otherwise the system efjuations becomes unsolvable. This system can be solved using linear least
squares represented as:

Fooltl I Eq. 10
However, it has been shown by prior work that regularized linear least squares offer significant

representational advantages relativ]. It should also be noted that due to syminetcquisition nature
in terms of gradient directions only even ordered real SH are utilized. The number dfiedesffior a

given SH order ORO6 can be estimated by:

{ —5 Eq. 11

A

Here 6106 is representative of the maximum orde
45 gradient directions™8order is preferred as 45 coefficients can be estimated. It is adeanis to have
more than 45 gradient volumes as some gradient volumes could be noisy due tolszsehartifacts or
as such. The primary advantage that SH modeling offers is thaigthe sneasurements for a varying
number of gradient directions can teeovered with a consistent number of coefficients. Also, the signal
can be resampled to a different set of gradient directions using the coefficients due to their useful property
of orthonormal basis sets.
Numerous advantages are offered by SH basedlimgad DW-MRI signal for an effective feature
representation. However, SH based modeling is limited for-MMRI acquisitions where multiple
diffusivity shells are present. At best the Babis can be termed as an angular basis it does not consist of a
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radial basis.

Multi-Shell Simple Harmonic Oscillator ReconstructidMdith the added acquisitions of multiple
diffusivity shells for the signal to be captured in a single set of coefficierdadial scaling function is
applied to SH basis. The simple harmauwscillator reconstruction (SHORE) model was proposed for this

purpose and the DWIRI signal equation can be-meritten as below:

L d [ ol
% Bg Bi BY .rgeqgedt 150 EqQ. 12
Here6o C6 are the SHORE coefficients that wildl be
function which is combined withthe SHbagis. The radi al scaling function
1. e At A ?—_"HO'I%J_._!"— Eq. 13
Herethd i s a scaling parameter, q is the radius of

associated Laguerre polynomial. The SHORE modeling allows for estintdta basis ratrix similar to
SH based modeling which in turn allow for the estimation of coefficients using the branch of least square
methods. SHORE is usually compatible upfa6der after which it is considered unstable as per prior
work [37].Tractography

The diffaent regions of the brain are connected through the white mattersteretire also often
referred to as the microarchitecture organization of the brain. These connections serve as the passageway
for transmission of information between the differentwagiof the brain. Therefore, an understanding of
the tracts is fundaméad for studying normal and diseased subjects alike. The recovery etixtehfiber
geometry estimates is a prequisite for estimating the tracts of the white matter. Delineafitrese tracts
is termed as tractograplp§8]. For over two decades tractography has been utilized for over two decades
to study the different connections between regions of interest in the human brain. Also, tractography has
been used for presurgical guidance by neurosurge®8, 40] The tract delineation can be performed by
multiple method$41-43]. A visualization of tracts on the human brain is depictdeigare 17.

Tractography recatruction can be segregated into two parts where the first part is thearéla

fiber geometric reconstruction which can provide the orientational information about the fiber
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microstructure. The secondrpé&s the algorithmic that reconstructs streamdiror tracts by a continuous
connection of the fiber orientations. DTI is one of the most commonly used techniques for recovery of intra
voxel fiber structure for performing tractography. HARDI methods cavigle more elaborate information

for tractograplt algorithms and it is an active area of research. Existence of these tracts have been known
through posmortem or animal studi¢44]. Estimation of tracts through DAMRI was made possible first

in 1999[45].

The first technigue invented to delineate tracas wermed as fiber assignment through continuous
tracking (FACT). The technique relied on the primary fiber orientations being detected by DTI. The
delineated tracts were also shown to have a correspondence with known anatomical locations of the fibers
in a rat brain46]. FACT algorithmrelies on the primary orientation vector estindaper voxel using an
orientational microstructure estimate. The simplest example is from DTI as it provides only a single primary
orientation. Fiber tracking via FACT was formulated based on the primantatian as follows:

i1 BBX{w¥ 8 _Tvy Eq. 14

Here_r epresents the corresponding | ongest pri ma
number of neighboring data points that are being utilized. Intuitively, if the vaRiésdfigh then it implies
that neighboring voxels have fibers that are vaétined the next voxel can be selected. While if the value
of R is low then the fiber tracking is terminated as it implies discontinuity or that fiber orientations of
neighboring wxels do not align.

The FACT algorithm was well received and led to a disgof@ran entire field of tractography
where multiple methods have been proposed some utilizing Bayesian statistics and some utilizing the
information yielded by uncertainty maares. It became viable to state that there were too many
tractography methodéat had been proposed which led to benchmarking and challenges of tractography
algorithms[42, 47]

Challenges have become a preseotm in various capacities where some challenges tested
reproducibility, a few exhibited phantom based validati@i$ and a few tried to validate using histgjo

[44]. The challenge studies focused towards tractography hpeetfisally shown the current set of
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problems that existhow it differs on different scans from scanners, how some itigs are not
consistent.pue to the varying scanning acquisition parameters ofNdRY based acquisitions it is become
important to emblish that what type of scanning parameters lead to which kind of tractography based
algorithms.

DW-MRI is currently te only way to delineate these tracts #avasively and no imaging
modalities can directly acquire the underlying neural pathway ctiansof the human #wvivo brain.
Tractography can be classified into two major types of probabilistic and determinidiiectly relies on
the orientation estimates from the geomditaged microstructure reconstruction methods, which is one of

the primary reasons as to why extensive research is being performed for advanced reconstruction methods

Figure 1.7.Probabilistic tractography reconstruction which shows the neural pathways of an in
vivo brain on the same subject presented in two different views A) Coronal view B) Axial view. It
can be observed that it is a challenge to detect which of the fiber streamlinesspond with the
actual anatomy of the connectivity structure of the brain.

such as HARDI methods.olimprove precision and reproducibility of tractography, it is often constrained

usingmicrostructural measures of FA or GIFAL].
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1.4.Reproducibility & Harmonization of BMRI

AfThe extent to which consinsteexnpterrieanewnltt si sarree pc
definition of reproducibilityf48]. Generally, remducibility is a critical aspect of research due tovblatile
nature of research where it is often observed that certain experiments show high variance. If the experiment
does not exhibit the characteristic of reproducibility it is not possible fosgbeific proposition to be
applicable in a realvorld sdting. It cannot be stressed enough on the aspect of reproducibility; recently a
study published in Nature showed that over 70% of scientists were unable to reproduce the result of another
scientistand more than half failed to reproduce their own reqdi®. Advent of reproducibility is
necessitated for the cumulative growth of scientthowledge that is being produced every day. At the
simplest level of understanding one could empirically think that if a pair of measurements are being made
by repeating a specific experiment twice then the values should be reproduced with minim¥§WVeiteor
harmonization is a relative term, it is closed§ated to reproducibility but in a different context.

Har moni zation can be defined as a way for naAl
there are mul t 49| eA sso unmrpclees uosfe dcaatsaed0 scenari o woul d
populations from different regions/countries given the contextedfudi patterng49]. Similarly, in context
of imaging modalities harmonization becomes a critical context when studibsiageconducted across
multiple different scanner sit¢$0, 50-54].

Both harmonization and reproducibility aegually important caveats for DVWRI microstructure
modelling that still need to be addressed. Given a single subject reproducibility can be measured across
DW-MRI signal, different HARDI methods, tractography. In order to measure reproducibility, tieere a
multiple preprocessing steps that must be performed for uniform analysis even for a single subject. This

section is segregated further into reproducibititgtrics and harmonization methodologies.

1.4.1. Reproducibility Metrics
Reproducibility of DWMRI canbe measured at different steps of the hierarchy such as directly at

the signal measurement, microstructure metrics computed from different models such asdDTheo
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tractography based reconstructed tract. The collection of metrics used for measuremydducibility of
DW-MRI spans a wide variety ranging from mean squared error (MSE)rtelationbasedsimilarity
measurements over a sphere based on angairelation coefficient (ACC) to Die&orensen coefficient
(DSC).
The mean squared error fapair of measurements is defined as:
Ty F-B L L Eq. 15

The angular correlation coefficient for a pair of SH measurements (u, v) is defined as:

B. B Oz p
=FF = 5 — 8 Eq. 16
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Expected measure from ACC is on a scaleldb 1 where 1 indicates high correlation.

The DiceSorensen coefficient for pair of binary image measureniedisfined as:

szls
I'I"” F ol os

Expected measure from DSC is on a scale of 0 to 1 where 1 indicates high similarity.

Eq. 17

If the reproducibility is being measured for the EMRI signal directly where the scamg
acquisition parameters are the same then starstitidtics such as mean, standard deviation, MSE, root
mean squared error (RMSE) are applicable on the computed apparent diffusion coefficient5@b0g)
However, these metrics are not sufficient or are not always dirapijicable for use of measuring
reproducibility for microstructural metrics.

There are many techniques for modelling the microstructure ofMIRV which also often
characterize a differentrid of tissue property for the underlying tissue organizationeo¥tixel. The most
common orientational measure is provided by [35] where FA reflects the anisotropic naturetd fiber
population. FA as a scalar value allows for direct contjmrtaf standard statistics. However, the advanced
HARDI methods often characterize multiple fiber populations in a single voxel which cannot be effectively
captured by FA. The microstructuorientation characterized by HARDI methods is typically a seitodér
SH coefficients or it can be represented as a set of probabilistic values over a sphere. If reproducibility is

being measured for SH coefficients for a pair of voxels then HG{s used. ACC was first proposed by
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Anderson et. Al if15] and has been used widely [58-60]. Quite often the major peslof the fiber
distributionsare computed where they become 3D vectors per peak. It is usually uncommon to find more
than 34 peaks per voxel. However, the metrics change for as the nature of data which is being measured is
different. Symmetric angular emr (SAE) as iff19, 61-63]is used and success fraction (SF) g4 64]
For all compartmental measures susltpartial volume fraction of tissues and orientation dispersion index
since they are scalar values it is straightforward to apply standard statistics.
When dealing vith tracts reconstructed from tractography based algorithms, the metrics utilized
are different because the context changes to analysis of boaska streamlines. Commonly used metrics
for tractography reproducibility are bundle overlap, bundle overraadiDSC as can be observeddm,
41,43]
We mnsider reproducibility metrics at three different levels:
- Assessmentof direct signal reproducibility where it would be root mean squared error
(RMSE) or mean absolute error (MAE). This could be across the brain or at voxel level.
- Assessment of the reprodcibility of tissue microstructure. Here the metrics can change to
ACC, MSE, PFand SF. These are voxahised metrics.
- Assessment of reproducibility for tractography.Here the metrics change to volwiased

ones such as DSC, ICC, bundle overlap and bundlereach.

1.4.2.Harmonization Methodologies

Similar to the assessment opreducibility at different levels harmonization can be performed at
different levels as well (Refer Section 4.2). Prior harmonization methodologies have suggested techniques
to harmonizehe microstructure metrics directly such as[B8]. However, the approach is limited by the
analysis being focused on the singular metric. There are other approaches that have tried to harmonize the
DW-MRI signal diretly by calculation of rotational invariant features and registratietween inter
scanner sites. These approaches become limited to a specific study design. These gaps and limitations have

given the motivation to propose methods that are robust to peyofystudy design data acquisition and
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are not limited to a specifimetric to perform a largscale reproducible joint analysis.

Harmonization for analysis of multiple populations of scans coming from different scanner sites as
a problem has been apprbad from various fronts such as harmonization at scanner level asriaation
at computed metrics for effective analysis. Earlier works in the literature focused towards direct
harmonization of the computed metrics from DTI such ag30A51] The technique proposed[fl] is
known as ComBat and has been commonly used as a-dfétch correction tool for genomics.
Harmonizdion for DW-MRI as a prokem can still be considered as a recent one and has not been
approached as effectively till date. However, given existence of longitudinal studies such a§lB]L.SA
where over 20 years of longitudinal DMRI exists for studying the process of aging and other neurological
disorders; harmonization is necéased. Recently, signdlased harmonization techniques were proposed
where rotationally invariant features using spherical harmonics were utili68-54]. While the above
defined are a myriagf technigues for harmonization of DWRI data; harmonization from the perspective
of microstructure modelling has not been addressed yet. Challenge studies have also been conducted for

inter-site harmonization methodologies and a detailed review cardreerbto in[65-67]

1.5.Machine Learning in DWRI

1.5.1.Advent of Deep Learning
Neural networks h at ¢ o weéradcongdiveddalfa éentury 468, 69]the ideavasinspired
from the neural circuit wiring of a nervous system. A seamaview for the field of neural networks,
indicates that the original idea can beedaback to early 1800[0]. When the initial artificial neuron
model wagproposed the proposed model was not intended to learn rather present a biological understanding
for the neuronal activity in the brajil]. In fact as stated ifyO]il n a sense neur al net
around everonger, since early supervised neural networks were essentially variants of limeasimy
methods going back at least to the early 1800s (e.g., Legendre, 1805; Gauss, 1809, 1821); Gauss also refers

to his work of 17950.
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Neural networks greatly evadd in 1980'showeverthe ideas were limited by the hardware in that
era. Only in the currerfsoon to enfldecade has the progress been maximized with deep neural networks
[72]. The early phase of researche a r | y on2déep I@adnsg networks comprised of exploration of
different combintions of the fundamental blocks of deep learning network architectures (fouenger
of layers, widthandheight of convolutions, skip connections, different activation functiony [€&76].
Recent aggressiveesearch utilizing deep learning for computer vision now holds the potential for an

advantageous expansion for multiple fields. A brief overview of advent of deep learning is sivogumen
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Figure 1.8.Advent of deep learning and its progression from nottearning neuronal activity -based
models to learning models on neuronal activity. The learningpased models formed the basis for
the proposition of mu labditpcurentapplicabilitytardgeneralizlslityi n
to multiple fields such as natural language proessing, genomics and medical imaging.

The deep learning revolution skdtsnowballing once its advantageous applicability was showed
for image recognition tasks such as image classification. Simple network architecturesncposisfiew
layers of neurons were shown to be able to classify hand written digits at extregtelgchuracy as
compared to classical/traditional machine learning mddéls

Machine learning is oftedefined as the ability of computers to perform a specific task based on a

consistent set of patterns. Using a set of data or sample space where theodgtatbel class a machine
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can be trained to evaluate and learn from the data. The data is briokegt$of training and testing where
the training data is utilized by a machine learning model to learn a set of parameters that can be used for
performinga specific task. The testing data is withheld, and the machine learning model is evaluated on the
testing set of data. A simple example is a set of
or Adogso and a ma c lrdinedeon thiedatasetitorevpluatemnl etésting setrto pledict
whether the given image belongdtdh e c | as s o f Figure ®)gThere acemany categodad  (
machine learning models such as Bayesian model, dimensionality reduction algorithms, clustering
algorithms and deep learning models. Deep learning has exjaiyebhecome popular in the current
decade for image processing and similarly for medical ingaais well.

Gradually the applidaility of deep learning was extended to a collection of broad tasks such as
image and video recognitidii 7], object detection as landmarks in images and vifiég]s classification

of multiple object$79], generation of similadata via adversariahodelg80], segmentation of objecand

registration. Apart from computer vision tasks deep learning is also being utlizeaimpletely differat

InputImage Deep Neural Network

1-Cat
0/1

0—-Dog

Figure 1.9.Shows the workflow of a neural network where it can discern between a cat ordng.
The deep neural network is represented by lots of neurons that translate to learning parameters.

fields of natural language processi®d], genetic482], astonomy[83], and many more. Specifically, in

computer vision deep learning is also heavily being utilized for medical imaging computer visiaastasks
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well [84]. Medical imaging as compared to generic computer vision is much more complex due teddvan
nature of acquisivns for various imaging modalities of CT, functional MRI, EMRI, PET etc.The core
of this thesis is focused towards opening up the possibilities of how and what deep learning can bring to

the table for DWMRI.

1.5.2.Deep Learning foNB-MRI

Unlike various ther fields where deep learning has heavily evolved and become a norm for generic
2D image,video tasks and NLP.. The same does not hold true for the modality-dfRD\Wue to the
complex nature of the acquisition scheme. The radilasugular dependency the 3D volumes of DW
MRI do not allow for a straightforward application of ddtaen approaches which is unlike for generic
2D vision tasks where deep learning is applicable in a strboghrd fashion. MRI acquisitions are 3D
volumes and for DWMRI the dimensionality becomes 4D due to the gradient volumes. The increase in
dimensionality creates a challenge for application of-deten approaches due to limitations of hardware.
Complexity is further increased with inclusion miultiple diffusivity shells as the data dimensionality
becomes 5D. The primary challenge is the dimensionality of theMRVacquisitions and the secondary
challenge is the inconsistency of the acquisition style where the number of gradient volumedsisinitiydif
values vary o independent scanning acquisition parameters.-fratan modeling for DWMRI are at a
nascent stag5].

Generative adversarial networks have been used for acceleration of red@nstof MRI[85].
The authors couple the adversarial loss with an innovative content loss. [@@jileses the introduced
novelty above, additionally they propose to use astage architecture for better adaption of loss functions
and ensure learning on other features as compared to joint training. The results were interpreted on a cardiac
MRI dataset.Deep learning has aldmeen applied to diffusion tensor cardiac magnetic resonance for
resolving microscopic structural organization of the myocardi@i. A cascaded camlutional neural
network architecture was used for assessment as compared to other classical methods on a simulated

datasetThereafter, there are also a few dateven approaches to reconstruct microstructural measures
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[25] and address harmonization for BMRI for inter-site scanning acquisitide6, 88, 89]
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2. EmpiricalComparison of MulFiber Reproducibility of PASRI and @al with Empirical
Multiple bvalues HARDI

This chapter has been adapted from the published w§il].

2.1.Introduction

Diffusion tensor imaging (DTI)35] is widely recognized as a robust method and heavily relied
upon for interpreting brain structural connectivity in vivo, but it can only resolve a dominant single fiber
orientation. Advanced diffusion eighted magnetic resonance imaging (MRI), such asalQ[13],
Persistent AngularStructure (PASMRI) [12], Spherical Deconvolution (SD)15, 90} Diffusion
Orientation Transform (DOT91], seek to resolve this shortcomibyg modeling complex intraoxel
structure. With DTI, empirical reproducibility studi¢d2, 93] provided concrete information linking
observed behavior with theoretical noise sensitivities. Understanding thécairtpadeoffs between these
sequences is critical to design of optimal imaging protocol amalysis specification. Yet, to date,
comparative analysis of the advanced sequences (commonly known as high angular resolution diffusion
imaging- HARDI) has notbeen performance on large standardized dataset. The overall objective of this
work is to addess this shortcoming.

Herein, we focus on two methods;t@ll and PASMRI. Q-ball models the voxel wise orientation
diffusion function (ODF) by loworder spherideharmonicqd33], and is thus able to detect multiple fibers
as peaks in ffusion signal in a spherical coordinate system. A more explicitly models the intra
voxel diffusion by a discrete number of fiber compartm¢h®y. Prior work with Qball has shown that it
resolves multiple fibers in regions of fractional anisotropy (FA) < 0.4 and detects meelg with the
second direction of diffusion for FA > 0.15 atvhlues greater than 1500 s/mif@]. In [95], Q-ball
resolved crossing angles to approximately 45 degrees with lower accuracgliaées of higper than 4000
s/mmz2, and it was estimated that lowerdiues lead to under estimation igsing fibers.

Similarly, PASMRI has been shown to r ecovevaluewtilP00i pl e
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s/mm2 and has been shown more consistent tiali gn synthetic MRI dat§4]. PASMRI was further
established as a special case of SD described as maxinmapyespherical deconvolution (MESD) which
was shown to be more accurate than traditionah6te cost of increased computational t{i®&]. The
empirical literature has not yet shown how consistently PAS reproduces the crossing fiber angles.
Briefly, in this study (sed-igure 1110), we preprocess the data with eddy and topup (FMRIB
Software Library (FSL)[97, 98) for each scan session individually and, then all sessions were registered
to the Montreal Neurological Institute (MNrgplate in FSL to establish@ordinate system for inter
session analysis. Thereafter, the gold sets were created by concatenating all the single seahsegear b

the acquisition order and HARDI methods were implemented.

2.2.Methods

2.2.1.DW-MRI Data Measuremén

A healthy volunteer wascanned for three different sessions each two hours long at 3T (Achieva,
Philips Medical Systems, Best, The Netherlands) waB-ehannehead coil on consecutive days. The first
two scan sessions consist of four repetition@6ofradient directions per thevalues of 1000, 1500, 2000,
2500 and 3000 s/ mm2. For each shell, a scanner ave
was acquired. The last scan session had three repetitions of 96 gradient directionsgetbealues
above equivalent to 15 single scans. This data was acquired at the voxel resolution of 2.5mm x 2.5mm x
2.5mm with a matrix of 96 x 96 and 38 slicesieBy, scan parameters were: Mdiand=2; SENSE2.2;
TR= 2650 ms;TE=94 ms;partial Fourr.7. Fold over direction was-R with a P fat shift. For each set
of the 5 diffusion weighted shell s, an adnks ti onal
(i.e., fold over direction A° with A fat shift), 3 diffusion weighted directions watbvalue of 1000 s/mm2

along the imaging frame cardinal directions, and all other parameters were kept constant
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2.2.2.DataPreprocessing
The data for each session were corrected for patient movement, eddy current distortion, and
susceptibility distortion ttough topup and edd@7, 98] Every diffusion weighted scan in each session

had a sine b0 (scanner average of ten scans). In addition, each session also had four reverse phase encoded

Session 1
* B3000 964
«BIS0096. Eddy/ 6 DOF to
dx - -B2000962 Wt i B3000
*B150096L “old”
* B1000 962
B2500
Session 2 “gold”
* B3000 967 Three R ap s
eproducibili
*B250096£ Tﬁdd"" Bsnf;nm Sessions Normalize ?2ﬁ P . ty
3x - *B200096c R in MNI 20 Metrics
*B150096L
*B100096L B1500
“zold”
Session 3 81000
* B3000 964 _— < oor nzglg”
- to
BZ50096L T 5180

dx - +B2000962
* B1500 962
* B1000 962

Figure 1l. 10. 5830 volumes were acquired in 3 sessions that comprised 11 (4/4/3) repetitions of 5
shells, each with 96 diffun weighted directions and a scanner average of ten b0 images. All data

from each session was distortion correctedrad t he reregi stered i n MN
data for each shell was created by concatenating all data into a single acquisition, vehitach
empirical acquisition shell was also considered separately. PAS andl@ll were run on all data
and reproducibility measures were computed.

b0 volumes (scanner average of ten scans). Al(ibBkiding reverse phase encoded b0s) in a session were
concatenated together and fed as inputs to tdpupeddy, every scan in a session was concatenated and
then corrected using the results from topup (note that the acquisition did not have coswplsi phase
encoding acquisitions for the diffusion weighted directions). Afterwards, the distodretted b0s from

the first session were averaged and registered to a 2.5mm isotropic MNI T2 resample from 0.5mm weighted
template using 6 degree of é@om registration with normalized mutual information metric (fl98]).

The volumes for the next session were brought éostime space by averaging its b@gether and
registering it to the averaged bOs in the first sessioa.séime procedure was subsequently done to the last

session to bring all three corrected sessions to a corauiject specifidViNI space.
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All sessionsvere normalized by the b0 corresponding to the scan to account for amplitude drift. A
weighted mean bOwasr eat ed from al | bO scans in MNI space I
has been taken as inverse of the median of all bO scans in MNIessyaeer aged wi th t he mear
all sessions. The resulting normalization scan was computed by Ignngighe weighted mean b0 to the

ratio of diffusion weighted scan (in MNI space) to the b0 (in MNI space).

2.2.3.Segmentation:
The data was divided intd. kingle scans perimlue each consisting of 96 gradient directions with
a single b0. To createtherefence st andard (fAgold model 60), we con
order of acquisition to create a volume of 1067 gradient directions-pa&lud. For the analysis a white
matter mask was created a structural image using FSL's automated segmeothijast,[100]) and

subsequently registered to the diffusion data.

2.2.4.Q-ball Reconstruction

The Q-ball was reconstructed followidd01] and using spherical harmonic basis functi{38
using theCamino Diffusion Toolkif102]. Q-ball estimates the diffusion orientation distriion function
(ODF) by pproximating it through a FuaRadon Transform of the diffusion weighted signal. Herein, we

use the spherical harmonic order of 8 feb&)l, as per the guidance[ih01].

2.2.5.REPASMRI Reconstruction

PAS was reconstructed from maximum entropy spherical deconvol@@briWe used the reduced
encoding model for the MES203]. SimilartoQb al I , PAS esti mates the fApers
the diffusion propagator which resembles the DODF frofvedD) We usd a reduced encoding of &8 per
[103] which gives a good tradaff between cmputation speed and accayafor the PAS. The gold sets
(amalgamated 11 single scans) for the PAS were processed across multiple CPU cores with the data being

split at imaging slices.
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2.2.6.Peak Reconstruction

The peak reconstruction of the ODF and the PAS wesmned using sfpeaks froCamino which
is an i mplementation for searching the |l ocal ma X i
method[12]. Both PAS and Qball were restricted tetecting peaks of (princgh direction threshold)
greater than one unit of peak strength divided by the mean of all the detected reconstruction functions
(PAS/ODF). We used the recommended default parameters of the program sfpeaks. These parameters

follow the precedence ¢12].
2.3.Metrics

2.3.1.Reproducibility of Peaks

The consensus number of peaks was defined per voxel as the mode number of peaks across the 11
repetitions. The mean and standard deviatibagreement with conseas (1 versus 0 for disagreement)
was determined within the white matter mask for each shell. To assess bias, absolute agreement was
computed with the mean and standard deviation of agreement with gold standard number of peaks was

determined within the wke matter mask for each shell.

2.3.2. Peak Fraction

The consensus peak fraction was defined per voxel as the mean peak fraction for the first 3 peaks
across the 11 repetitions. The root mean squared error (RMSE) and bias (mean diffeeveren each

repetitionand the gold standard for each shell were computed and averaged over the white matter mask.

2.3.3.Reproducibility of Crossing Fiber Angle
For any case of voxel where two or more peaks were detected, we determine the minimum angle

beingresolved, A OCIAEGA MG O¥IQ G O ¥IQ) where peaks are represented as vectors i, j,
hh

k. The absolute error per voxel for the crossing fiber angle is defined™as a 'Q o0 Qi. We define a

crossing fibesucess fractioras the proportion of voxels which have error less than 20 degrees.
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2.4.Results

Table Il. 1 Reproducibility for the peak fraction
PAS Q-ball

b-Values | RMSE Std. Dev. RMSE Gold  Std. Dev. RMSE Std. Dev. RMSE Std. Dev.
s/mn? Consensus  in WM In WM | Consensus in WM Gold in WM

(Gold) (Gold)
1000 0.075 0.032 0.103 0.049 0.128 0.060 0.211 0.120
1500 0.070 0.031 0.094 0.046 0.124 0.060 0.202 0.118
2000 0.068 0.030 0.090 0.045 0.126 0.056 0.205 0.114
2500 0.066 0.030 0.086 0.044 0.125 0.052 0.208 0.112
3000 0.068 0.030 0.087 0.043 0.126 0.049 0.215 0.110

2.4.1.Consistency in Number of Peaks and Peak Strength
The consensus for the number of peaks per voxel is consistent as a functiealud for both
PAS and @oall (Tablell.1). PAS is more consistertian Qball for all experiments iffablell. 1, yet the
within white matter mask variance is similar. For both methods, substantial bias is evident between the

single repétion and gold standard data in terms of lower consistency with the gold standard versus with

Table Il. 2 Reproducibility for the number of peaks
PAS Q-ball
b-Values | Mean Std. Dev. Abs. Std. Dev.| Mean Std. Dev. in  Abs. Std. Dev. Of
s/mn? Consensus  in WM Agreement Of Abs. | Consensus WM Agreement  Abs.
(Gold) Agreement Agreement
in WM in WM
(Gold) (Gold)
1000 0.792 0.170 0.678 0.302 0.6834 0.183 0.531 0.315
1500 0.799 0.168 0.713 0.277 0.691 0.184 0.546 0.312
2000 0.799 0.169 0.729 0.261 0.681 0.178 0.531 0.307
2500 0.804 0.166 0.743 0.250 0.669 0.173 0.507 0.305
3000 0.793 0.167 0.737 0.244 0.652 0.168 0.475 0.302

the consensus. PAS exhibits a trend toward lower bias an increasalgebwhile gball appears to
increase. The RMSE of the peak fraction for 11 single sdanssa decreasing trend with increasing b

value for PAS while for €all remains consistent@blell.2). Peak fraction bias decreases with increasing
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b-values forPAS butremains consistent for-Qall.

2.4.2.Crossing Fiber Angles indexéth WA

There is an increase in the number of Crossi

increasing bvalue (referFigure 1111). For all bvalues, PAS resolves crossing fibers in the range of 65 to
90 degrees. At loweb-values, crossing fiber are detected up to an FA of ~0.6, buvalub of 3000
s/mmz2, the concentration of voxels witossing fibers has a FA of <0.4. The spatial mapsgare 1111
show qualitative agreement between tlddgstandard and single repetition, but there are clear kpatia
patterns of differences. These differences are reflected quantitatively in the bias sfi@iteih 1 and
Tablell. 2.

Figure 1112 presents a similar analysis fort@ll. The voxels with crossing fibers largely occur at
70 to90-degreeangles; however, a clear second population crosses at ~55 degrees. While crossing fibers
are often detected in voxels with FA up 1.4, the majority of detected crossing fibers lie in voxels with
FA < 0.2. Notably, number of crossing fibers increases witalbe.Similarly, with PAS, the spatial maps
for Q-ball show systematic difference in the number of fibers estimated with tthstgoldard relative @

single repetition, which is also reflectedTiablell. 1 andTablell. 2.
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Figure Il. 11. Results for PAS: (A) Two-dimensional histograms of crossing fiber angles detected
with the gold standard at each bvalue. (B) FA maps at each tvalue computed with DTI for the
gold standard. (C) Number of peaks detected for the gold standard. (D) Numbef peaks deteatd
for a single repetition.

2.4.3.Success Fraction and Error

PAS resolves crossing fiber most successfully when the angle is great&btidagreesHigure

I1.13 A), which occurs when the difference between gold is minimigéglite 1113 B). There is a trend
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Figure II. 12. Results for Q-ball: (A) Two-dimensional histograms of crossing fiber angles detected
with the gold standard at each bvalue. (B) FA maps at each tvalue computed with DTI for the
gold g¢andard. (C) Number of peaks detected fortie gold standard. (D) Number of peaks detected
for a single repetition.

for moreaccurate crossing fiber detection at high angles for lowetdes, ad more accurate low angle
crossing for higher dvalues. Qball exhibits overall lower success fraction thRAS and has a peak
sensitivity for65-75-degreecrossingskigure 1113 C). Lower angles crossingmore accurate with @Qall,

but Qball shows degrading performance n8@rdegreecrossing. The highestymlues resulted in the

lowest errors for €pall.
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Figure 11.13. (A) Crossing fiber success fraction for PAS and (B) mean error between each
repetition and the gold standard for PAS. (C) Crosshg fiber success fraction for Qball and (D)
mean error between each repetition and the gold standard for @all.

2.5.Conclusion

This is the first largescale empirical reproducibility analysis to comparddll at PAS at 3T in

vivo. Fa the acquisition stlied, PAS is more reproducible both in terms of number fibers per vicedalle(

II.1) and the peak fractio&blell.2). However, there is still substantial variability (15% ~ 20%eims

of consensus for both-Qall and PAS. It is important to note thath@ll and PAS detect different aspects
of intravoxd structure within identical data. Note the tdamensional histograms iRigure 1111 and
Figure I112 where PAS identifies more fibers in moderate FA voxels, whileaDresolves fibers within
voxels with low FA. Similarly, PAS MRI is more consistent for crossing fibers atnigdairangles while
Q-ball appears more consistent fower angles. A deeper consideration of the validity and consistency of
crossfiber populations across analysis method is clearly warranted and will be pursued.

Moreover, the study reveals that bothb&ll and PAS exhibit strong biases in estimated fiber
fractions with the number of signal averages considered. Specifically, compare the consensus
reproducibility versus the gold standard reproducibilityTable Il.1 and Table Il.2. Qualitatively, the
differences can be appreciated in terms of the peak mapgure 1111 andFigure 1112 and seen in the
rendering ofFigure I114. Visually, the single scan estimates forb@ll appearconsistent with prior
expectations of fiber crossing locations; while the face validity differences for PAS are less clear. Deeper

consiceration of Qball and PAS estimation with signat-noiseratio (SNR) and/or number of repetitions
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is clearly warrantg (as has beedtone for DTI[92, 93]
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Figure II. 14. lllustration of the differences in model fit for the gold standard datasets with: (A)
PASMRI 1 1000 s/mm2, (B) @ball i 1000 s/mm2, (C) PASMRIi 3000 s/mm2, and (D) Gball 1

3000 s/mm2.

In summary, this study provides direct empirical evidence of systematic differences between Q

ball and PAS. Although -palue clearly impacts estimatioof fiber structure,ite choices in analysis

approach (Gball versus PAS) and number of scans (single repetition versus gold standard) have a more

substantial impact on data interpretation. Additionally, the types of crossing fibers detected by the method

were difference in tens FA, crossing angle, and number of peaks. There is clear opportunity for innovation

minimizing the impact of SNR, and unifying models-of intra

in data interpretation to improve consistency,

voxel structure. In the meantime, PASuwia appear to be a pramtic alternative to @all for detecting

intra-voxel structures in voxels with moderate FA.
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3. Empirical Estimation of Int\doxel Structure with Persistent Angular Structure asimhiQ
Models of Diffusion Weighted MRI

This chapter has been adapted frompthielished work irf104].

3.1.Introducton

Diffusion weighted magnetic resonance imaging (MRI) enablesma@sive millrmetric mapping
of local tissue orientation via sensitiyio directional diffusion on the micrometer scale. The tensor model
in diffusion tensor imaging (DTI) has been wildly successful for interpreting this signal in cerebral white
matter tracts and reconstructing major fiber pathways in the brain as iitveeto fiber orientationg35].
To address DTI 6s short c o mvoxegstructirey HigheAggular iResolutidn ¢ o mp
Diffusion Imaging (HARDI) methods acquire and bza& additional data to estimate multiple fiber
population orientatins per voxel. These methods reveal more elaborate information about theisra
structure, e.g., Diffusion Orientation Transform (DJWUL], Spterical Deconvolution (SD)15, 105]

Persistent Angular Sicture (PASMRI) [12] or Q-ball [13].

Previous largescale reproducibility studies with DTI have been essential for understanding the
empirical behawr of the tensor estimator (e.§62, 63). We perform an irdepth comparison of PAS
MRI and Qball as representative vants of HARDI methods. PASIRI models the intravoxel diffusion
using a discrete number fiber compartment$106], while Q-ball esimates an orientation distribution
function (ODF), which is assumed to reflect the underlying fiber orientation distribution through its impact
on diffusivity [101]. PAS has been shown to be more consistent thiall@n synthetic data at lower or
clinical bvalues of about 1200 s/mnjg4]. Meanwhile, Qball is effective at higher-alues (~3000
s/mm?2 or greatefll9]. Previous work on @all has also shown that it resolves multiple fibeentations
for fractional anisotropy (FA) regions < (94]. While a minimum angle of fiber orientations has not been
established for PAS yet,-Qall has been known to resolve angles down to 45 degrees with diminishing
accuracy dpending on adequate signal to noise ratio (S[®B). Herrin, we compare the empirical
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reproducibility of PASMRI and Qball focusing on bralues of1000 and 3000 s/mm2. We have also

compared the models in terms of agreement between PAD&lQ

In [106], the authors show that PAS can more consistently resolve crossing fiber voxels compared
to Q-ball. PAS has also been shown capable of detecting up to two crossing fibers with robustreess in th
method in presence of noisy d§t@7]. In[108], improvement in probabilistic index of connectiPICo)
tractography was shown using a Bingham distribution with compelling PAS resulpsuamhhwith Gball.

A drawback noted was that PASRI showed a spurious perpendicular peak for fanning structures based
on bootstrap validation. I[109], the authors state that the fiber orientation distribution methods have a
high agreerant with probabilistic tractography and PASRI specifically having a sparse connectivity
matrix. It has been strongly suggested for further validation using neon@lex biological phantoms

technique$110].

Previously, the bias and variance of PAS andal) methods have been assessed using relatively
small datasetfl2, 13, 101, 111]Region of interest (ROI) analysis has shown @l retains angular
information when bvalue is brought down to the range of 200@500 s/mmZ112]. Average angular
resolution of @ball has been estimated to be betweehattel 30 based on analysis presentedia3].
While analyses of bias have been performed using repeated phantom/synthd8&]datxification of
these results are important with in vivo datab&)l can identify crossing fibers, yet it fails in scenarios
where there are fanning or splitting of fibers[164], a comparative reproducibility study of tractography
between PASMRIandQb al | was performed for specific ROI 6s.
reproducible with PASVIRI being slghtly superior. Phantom studigsl0] on Qball using tractography
have suggested the need for more reliable validation methods. Here, we offer an extensive empirical scan
rescan dlidation set on a single subject acquired at multipl@loes so that the diffusion model fitting
methods can be studied on a range of acquisition sequences and quantities of data followsogl&arge

validation work done with DT]62, 63]
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3.2.Methods

Briefly, the data were prprocessed for each scan session individually and successively registered
to the Montreal Neurological Institute (MNI) space templ&tigyre 111.15). Gold standard modelsere
created for each method anddlue by concatenating the 11 scans peglloe and fitting with each method.
Comparisons were performed across repetitions to assessice/reproducibility, while comparisons

between the gold standard scans were padd to assess bias.

3.2.1.DW-MRI Data Measurements

A healthy volunteer was scanned in three different sessions on successive days on a 3T Phillips
Scanner with a 32hannel head coil. The first and last scan sessions consisted of four repetitions of 96
gradientdirections per fvalues at each of 1000 and® s/mmz2. The second session had three repetitions
of the protocol. Foreachbal ue shell, ten minimally weighted ref
Voxel resolution for the data is 2.5mm x 2.5mm.%@m with a matrix of 96 x 96 and 38 slicefielscan
parameters were: MulBand=2; SENSE=2.2; TR= 2650 ms; TE=94 ms; partial Fourier=0.7. Fold over
direction was AP with a P fat shift. For each set of 5 shells, an additional diffusion scan was aegthired
reverse phase encoded volumes (i.e., foler direction AP with A fat shift) with a minimally weighted
volume and 3 diffusion weighting directions with-gddue of 1000 s/mm2 along the imaging frame cardinal
directions, and all other parameters evé&ept constant. All data were acquired inaadance with the
Vanderbilt University Institutional Review Board (IRB) guidelines and with the signed consent of the

volunteer.
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3.2.2.Preprocessing

Each session was rected for eddy current motion, patient heaovement and susceptibility
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Figure lll. 15. Flowchart depicting the pre-processing pipeline

di stortion with [1A% 116]£vety diffusion weighted steeltlwhy preceded by & non

diffusion weighted image (b0) averaged ten times on the scanner, and each session had fophaseerse
encoded b0 volumeger del ph86se éncobdddnig0Ode in a ses:s
as inputs to topup. For eddy all scans in a session were concatenated and then corrected together using the
results from topup). Oncetopupardiléy had been per f or nefirstsebsonwer@r r e ct
registered to a 2.5mm isotropic MNI T2 which was resampled from a 0.5mm weighted template using six
degree of freedom registratiptil 7]. The volumes for the next session were brought to the same space by
averaging the b0O6s together and registerssiogy the ¢
The same procedure was subsequently dortke last session to bring all three sessions into a common

subjectspecific pose aligned with MNI space.

Thereafter, all the sessions were normalized by the b0 corresponding to the scan to account for
ampitude drift Figure 111.15). A weighted mean b0 was created from all bO scans in MNI space by a
weighted average of all bO0O6és. The weight was take
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space averaged withh e mean of DbOO6s fr om al Iscarsvas ®mputedsby The
multiplying the weighted mean b0 to the ratio of diffusion weighted scan (in MNI space) to the b0 (in MNI

space).

3.2.3.DataSegmentation:

Individual target images (T1 weighted ssawere affine registered to the MNI305 aftbi8] and
bias corrected with NAL19] using Advanced Normalization Tools (ANT420] on the atlas and the target
images. Norrigid registration was perfored from atlas images to the target image using Advanced
Normalization Tools (ANTs) and symmetric image normalization algorithm ($y/2D)]. Image and label
volumes for the atlas were then deformed to the target spate bivcubic and nearesteighbor
interpolation and fused with ndacal spatial STAPLE122, 123]and Adaboost correctigid24]. Each
individual voxel in the brain wasbelled to one of the 133 labels obtained from the ratltis labelling
using the BrainCOLOR protocfil25]. T1 image labels were brought back to original target space with the
ANTSs inverse transformatioi\ll WM labels were concatenated together to create a Vgknirhe mask
has been used for all reported results with the only exception of the visual glyphs where we have shown all

data for the particular slice.
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In order to avoid circularity of defining white matter by FA and then examining FA in white matter,
we defined the white matter mask based on ratiitis segmentation of the -Tideighted MRI Figure 111.17
& Figure 111.16). As the histograms show, the structural definition spans théregidth of white niger
configurations from homogenous major tracks, to crossing fibers, and even to some regions of partial

volume (e.g., very low FA).

b-1000 Fractional Anisotropy in WM mask b-3000 Fractional Anisotropy in WM mask

Number of Voxels
Number of Voxels

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Fractional Anisotropy Fractional Anisotropy

Figure Il1l. 16. Histogram of FA values in the white mask for both bvalues of 1000 and 3000 s/min

3.2.4.Q-ball Reconstruction

Figure 1. 17. Spatial maps of middle axial slice A) white matter mask B) fractional anisotropy in
white matter mask C) wherefractional anisotropy < 0.3 in white matter mask.

Qball 6s orientation distribution fadunkcréddonon ( OD
transbrm [13] using a sphere in-gpace on raw diffusiodata. In[101], the authors showed that a faster

and robust dpall model can be formed and regularized using spheraaidnics.
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The spherical harmonic-lopll has exhibited different behavior with spherical harmonic orders,
which keep even orders to retain symmetrgvidus results have revealed spherical harmonic order shows
dependence on the number of gradient dirastiand bvalue [20]. Additionally, lower order harmonics
lead to less angular resolution. High spher@imonic orders and highvalues yield decrease in angular
error for high SNR sequences fowalues up till 6000 s/mmR0]. Herein, the parameters chosen were
order 8 for the spherical harmonics and the default regularization parameter which it was

used for the implementatidgt26].

3.2.5.REPASMRI Reconstruction

PAS is a special case of spherical deconvolution. The radius of sphere defined for PAS is a constant
parameter and set to 1.4 as was determingii2jh Reduced encoding PAS was shown to have a good
tradeoff between speed and accurdty{l], and reduced encoding was used herein to iwgro
computational efficienc PAS was reconstructed from maximum entropy spherical deconvo[@6dn
with the reduced encoding modéfl1] with areduction factor of 16. Tédhgold standard sets of the PAS
were computed in an fAembarrassingly parallel d comj
CPU6s so as not to affect the algorithwasusedfor ensur

the implemetation[126].

3.2.6.Peak Reconstruction

Peak search was performed using sfpeaks from cd6h Local maxima ardetermined within
afixedsear ch radius using Powell 6s met hod. [1Zfrom r adi u:
the default 0.4 which was used ford@ll. The number of peaks being determined for both the methods was
set to 3. The pdthresh defines a ratio of peak strength to mean of the basis function valueovdasiset t
both the methoddn brief, the parameters chosen for the two methods have been the suggested optimized
parameters for these methods given the acquisition parameters. Lowering of the pdthresh could lead to
detection of spurious/false peaks.

Note that the search radius ofpgfaks is note the same parameters as the radius constant in the PAS
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model. Peak finding algorithms have a separate search radius parameter however it is set as per the model.
Maximum entropy models require a higher radius becatifee definition of the rodel as pefl5, 91]
While the default parameters of the sfpeaks have beerfars@ball. Usage of higlreradius such as 1.4

for Q-ball will lead to unstable or spurious results.

3.3. Metrics

3.3.1.9uccess Fraction

Success fraction (SF) has been effectively applied to characterize synthesized data on a small scale
in vivo datasef64], originally termed as consistency fraction in the article. Success fraction declares two
intra-voxel measurements to be in agreement if (1) the number of fiber populations is equivalent and (2)
the peaks are within an angular tolerance[64, 18 degres was used as the tolerance; herein we use 20
degrees.

All metrics have been binned at intervals of 0.1 by FA. The binned values have been represented

by the mean with standard deviations across the bin.

3.3.2.Peak Fraction

The peak faction is a representati@f the function value detected from the PAS or the ODF. We
have restricted the analysis to scenarios of <= 3 fiber populations per voxel and that had been defined during
the peak search algorithms as well. The ODF/PAS valuesnsemlized in cases whefiber populations
detected were > 1. It has been defined as a function of FA and is also mapped to the number of voxels. We
have chosen to represent this for all the eleven single test modelsgdaelfor both the methods, wiee
f_i”n are the normald peak fraction (PAS/ODF) values of the peaks detected and fi is the function value
(PAS/ODF) of the peak detected:

B =f/(fi+ftfs) Eq. 18

3.3.3.Symmetric Angular Error

Symmetric angular error presents an insight to bias of the reproducibility of the fiber populations
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being detected from the PAS aneb@ll functions and a differenepspective from the SF as it combines it

with quantitative peak fractions. It informs usoat quantitative error presence even in cases where the
gold standard model detects two populations and the test model detects three. Consider two vectors, a gold
standard vector, jn, and test model vectors, km, along with gold standard weights, gs} aveights, tm.

The symmetric angular error (SAE) is a representation of the orientation error between all the peaks of the
gold model and the test model:

HUITH | 7 Eq. 19

t]. HITH T

3.4.Results

With the onefiber case, SF for PAS and6all shows increasing consistency as a function of FA

(Figure 11118 A). It should be noted that SF for PAS at-adiue of 1000 s/mm2 is significantly lower. At

o0 - One Fiber Case ) Two Fiber Case Three Fiber Case
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Figure 1ll. 18. SF separated in fiber population cases from PAS and -Qall at b-values of 1000
s/mm2 and 3000 s/mm2. A) Single fiber population detected by gold standard methods. B) Two
fiber population detected by gold standed methods. C) Three fiber population detected by gold
standard methods. Error bars represent standard deviation across each bin.

the extremes of FA (0-8.9 or 0.10.2), limited sample sizdsad to higher variance in the estimates (e.g.,
PAS at a bvalue of 3000 s/m2). With the twefiber case Figure 111.18 B), SF is maximal at intermediate

FA (0.350.55PAS and ~0.55 for @all). With the thrediber case, SF is generally low for both methods
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while Q-ball at a bvalue of 3000 s/mm2 showsd highest SF.
Figure 111.19 explores both the number of voxaétentified along with the FA, and peak fraction-bQll
shows more voxels with single fiber populations than PAS at betiues Figure I11.19A). As the b

values increase, PAS exhibits a slight increase in the single fiber voxels whd# fihds a substantial
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Figure 1ll. 19. Peak Fractions of the methods across eleven single scans pearlues of 1000 s/mm2
and 3000 s/mm2. A) Number ofoxels mapped as a function of FA. B) Two fiber population f1 as
function of FA with number of voxels as the third dimension. C) Three fiber population f1 as
function of FA with number of voxels as thethird dimension. D) Three fiber population f2 as
function of FA with number of voxels as the third dimension.

decrease. With the twiiber case, PAS estimates a wide spread of peak fractio® @).5or a range of FA
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(0.2-0.8), but Qball findsa very narrow, peak fraction of (8(b6) for a more limited range of FA (6(36)
(Figure 111.19 B). The number of twdiber voxels moderately increases wittvélue br PAS and Gball.
For the thrediber case, there is sutasitial decrease in detected fibers with PAS, but an increase with Q

ball. For a bvalue of 1000 s/mm2, PAS finds 3 fibers for an FA @6, but for a bsalue of 3000 s/m)
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Figure Ill. 20. Symmetric angular error is shown for A) PAS at bvalue of 1000 s/mm2, B) €ball at
b-value of 1000 s/m2, C) PAS at bvalue of 3000 s/mm2, and D) all at b-value of 3000s/mm?2.
Error bars represent standard deviation across the bin.

PAS detects 3 fibers only FA < 0.4. Forba@ll, the FA range mains the same (lA0-0.5) with a peak
fraction of ~one third for both-fsalues Figure 111.19 C & D).
The single fiber cases exhibit symmetric angular error less thanfibatticases for both PAS and

Q-ball (Figure 111.20). Symmetric angular error decreases with iasegl FA for all scenarios. PAS shows
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lower symmetric angular error thant@ll (Figure 111.20A vs. B andFigure 11120 C vs. D). Interestingly,
symmetric anglar errors are lower for the three crossing fibers relative to the two crossing fibers. Yet, note

that 7836 and 661 voxels were detected with threedifmrPAS and €pall at bvalue of 1000 s/mm2

b1000

b3000

Q-Ball

AT

Figure lll. 21. Enlarged ROI contains genu of corpus callosum and left prérontal area: A) Q-ball

is shown for the middle axial slice at bsalue of 3000 s/mm2. Enlargements are presented for: B)
PAS at bvalue 1000 s/mm2, C) &ball at b-value 1000 s/mm2PD) PAS at bvalue 3000 s/mm2, and
E) Q-ball at b-value 3000 s/mm2. (1) Structural differencesdtween PAS and Gball. (2) Fanning
fibers in Q-ball while crossings detected by PAS. (3) Loss of structure for PAS. (4) Reduction in

fanning for Q-ball.

while they were 2941 and 816 at/alue of 3000 s/mm2gspectivelyFigure 111.21 presents gualitdive

comparison.
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Figure Ill. 22. A) SF gold standard model PAS and test models-Qall at b-value of 1000 s/mm2. B)
SF gold standard model PAS and test models-Qall at b-value of 3000 s/mm2. C) SF gold standard
model Q-ball and test models PAS at kvalue of 1000 s/mm2. D) SF gold standard model-Qall and
test models PAS at bvalue of 3000 s/mm2Error bars represent standard deviation across the bin.

ball and vice versa. SF follows the same trimdhll four scenarios for the single fiber population. For the

single fiber case, SF is highehen the PAS treated as the baseline (red cuRrgsre I11.22A vs C and

Figure I11.22B vs. D). Yet, for tle twofiber model, Qball ground truth generally agrees with PAS at high
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b-value (>0.5),but a substantial fraction (~80%) of PAS tfiloer cases are not seen inball (black

curves:Figure 11122 A vs C andFigure 11122 B vs. D). The three fiber cases are not consistent for either
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Figure 1lI. 23. Middle -axial slice spatial map for intramodel comparison. A) PAS gold standard
model and Qball test models at bvalue 1000 s/mm2. B) &ball gold standard model and PAS test
models at bvalue 1000 s/smm2. C) PAS gold standard model and-kall test models at bvalue 3000
s/mmz2. D) Qball gold standard model and PAS test models at-t/alue 3000 s/rM2. (1) False
positives being detected by PAS.

baseline or kvalue scenario (blue curveBigure 111.22). We can appreciate these levels of agreement

qualitatively in Figure I11.23. The major white matter tracts have single fiber detected and have high SF
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with both approaches used as gold standdfagi(e 111.23 first column). The impact of the number of

voxels shown with two fibers on the overall SEEhown in the second columnkifjure 111.23.

Table Ill. 3. Mean SNR and the error observed per session for the acquired dataset.

Session Mean SNR Std SNR Single b0 equivalent
Session 1 32.81 0.1091 10.3768
Session 2 27.84 0.0830 8.8065
Session 3 32.81 0.1091 10.3768

3.5.Discussion

This study focuses on capturing the differences between PAS-ball iQterpretations of a single
acquisition type using the established best practices. We interpret therdiéfsobserved in the results to
be fundamentally attributed to algorithms, and hence discuss the relative sensitivity/reproducibility of each
approach. Note that the observed differences betweleall@nd PAS may arise not only from the data
model, butalso fom their dependencies on experimental factors (e.g., noise level, angular sampling), on
the selection of reconstruction/model parameters (e.g., order/radius), peak determination algorithm
parameters. We have made the data freely available on mtito.cdlow deeper exploration of these
considerations.

In the literature, €ball has been shown to detect crossing angles in-fibgti regions down to 45
degrees at#alues of 8000 s/mm2. Given sufficient SNR using high quality phantom data,-batl Q
improves on accuracy with-alues > 4000 s/mmf95]. Typically, these bvalues are not clinically
feasible. Crossing fiber angles have been detected witall@or FA less than 0.f24]. Meanwhile, PAS
resolves greater crossing fiber populations on sparse diffusion data and is able to resolve crossing fibers at
lower bvalues which are clinically feasibjé4].

Herein we find that both the methods perform well when-sethparing each single scan with

concatenated multiple single scans (gold standard model). Specifically, both methods work well on single
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fiber population scenarios (however, this is not the iagipbn for which the methods were designed to
address)Kigure 111.18) [12]. However, Gball performs better than PAS for single fiber scenarios, which

is interesting because it is probable that PAS is detecting false positives. Confaigrngl{l.18 & Figure

I1l. 20) we see that specifically for lower FA there is high standard deviation which is indicative of the false
positives for PAS. all performs consistently for this scenario.

With the evaluatedmaging sequences,-lgall and PAS reliably detect niudle fibers only for
crossing regions with no more than two fiber populatidrigure 111.18). Note that PAS and -Qall both
show low reproducibility for extreme FA values which is a likely artifact. The inference is that tbeafete
of fiber population might not be accurate. At high values of FA, it is more probable that single fiber
populations would be expectedthrar than two fiber populations. While the lower FA regions show
disagreement for two fiber populations which i¢ as extreme as for higher FA values. Suggestively it
could be noise that is making the methods underperform in those regions. It is silske ploat the methods
are not able to resolve more complex architecture, which might be present in the lowen@iaisegions
as there is evidence of very low reproducibility in three fiber populations regions or more. Comparison with
histological valdation may indicate which methods are more accurate in regions of disagrgggn&a7]

It is likely that usage of these voxels might lead to spurious tracts or false continuations.

Comparing Figure 111.18) and Figure 111.20), we find an interesting difference. The symmetric
angular errorKigure 111.20) shows that most of the errors detected for three fiber populations are less than
the twofiber population scenario. Yet this is contradicted by the FSgue 111.18) which slows us that
there is hardly any agreement for three fiber scenarios. Though our analysis suggests that they are not
reproducible there might bepassibility to improve them and increase their reproducibility. Robust fitting
of HARDI methods with removalf@utlier volumes could lead to improvements.

The peak fractions of Qall show a seltonsistent, but distinct, value in most scenarkigure
I1l. 19). While PAS shows them consistently as well but across a wider range. It eapdated from Q
ball that they will be consistent values because a smooth furf€tidiR) has been normalized. While PAS
is a spikier function and hence the wider range of fiber fraction. Characterization of the reconstruction of
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PAS and ODF may lead tdoatter understanding but it is beyond the scope of this article which deals with
fiber population and their angular error. A deeper understanding of the differences between ODF and FOD
methods are needed, in particular peak fractions lead to quite diffaterpretations for the different
approaches. This is not surprising as the Olietion is quite smooth and not intended to directly model
the fiber fraction. For typical clinicatalues (~1000 s/mm2) for PAS offers advantages for sensitivity and
reproducibility. Q-ball can achieve similar reproducibility performance as PAS givesterate increases
in SNR or direction$95]. For higher bvalues, Qball detects more detailed mieanchitecture in the brain
(Figure 111.16) at the higher fwalue which implies more voxels detected withssiag fibers. Thiss
supported by the fact that symmetric angular error is lower for single and two fiber populations for higher
b-values Figure 111.20). PAS appears to be a more readbdmahoice given higher reproducibility of
crossing fiber majorly of the two fiber populatiofggure 111.18) and Eigure 111.20). However, care should
be taken in interpretation of both methods as to which regions they are applied as both anetlostable
at the extreme of FARjgure 111.17).

Prior conference analysis of the d4i®], showed that PAS resolves crossing fibers more
consistently than @all at moderate and higher crossamgles. Accuracy and consistency for botball
and PAS have been shown to increase with increasing SNR (our empirical data is oyt ZNBJt the
observed methodological effects are not mitigated by largatilies of data as indicated as at the
comparison between gold standard models computing using all availablgidatz 111.17) and Eigure
111.18). In [111], PAS was constent in # cases with SNR > 16, but for-Qall to reach this level of
consistent/accuracy SNR >24 (which ours is not, and is not often seen in clinical scans). Note that the SNR
of the presented data were 11.828 in the centrum semiovale (WM), in {blegpaliwvhie matter, and 5.838
in the cortical gray matter in the b0 images. Also shown are values of single b0 equivalent as our scanner
provides with an av e Mablp#dl.3andTablelll4)bHreidcs, sirigle b0 equalebt0 ( r e f

is (SNR calculated)/ 10. The SNR has been calculated using Réedatifference methofll28]. PAS

accuracy and consistency is better thabal) for crossing fibers at our low/clinically feiale SNR regime,
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Q-ball is more consistent than PAS in smdiber regions at a lower SNR. This is interesting to note,
probably due to the false positives iAF

Table Ill. 4. Mean SNR and the error observed across aflessions for the acquired dataset.
Session Mean SNR Std SNR Single b0 equivalent

All sessions 33.12 0.0945 10.47

Q-ball shows fanning fiber voxels while PAS detectarphand narrow peaks as visually evident
by the glyphs (see (1kigure 111.19). Higher number of crossing fiber xels are seen for PAS when
compared to €ball glyphs which also reinforces the fact that there are more 2 or rhere/fixels for PAS
(see (2)). Highlighting architectural differences between the two methods. The effactioélzan be seen
on both themethods as it increases from 1000 s/mmz2 to 3000 s/mmz2. It is evident that fanning of the fiber
reducesand peaks lmmme narrower for @all and PAS both (see (3, 4)). However, foib&l it is
beneficial for PAS it is detrimental. It is noticeable quéilrely that the fanning structure being captured
by PASMRI at b-value of 1000 s/mm2 is lost once th&ddue is inceased (see (3). This loss of structure
is also being quantified by the symmetric angular error mefigu(te 111.18). The crossing fiber voxels
being detected till FA of 0:8.9 at bvalue of 1000 s/mm2 has dropped to FA < 0.6.

At high values of FA (FA > 0.6), there is noticeable disagreement betwbdhapd PAS which
is evident even for the twiiber case Figure 111.20). PAS detects multiple fibers even when the tensor FA
is high, which would appeartindicate fale positives Figure 1l11.21, see (1)). Meanwhile, -Qall
consistently finds a single fiber in cases where the tensor FA is high.

In summary, the analyses for sindileer populations are in good selfreement with RS,
however there is the possibility of false positiveshdll performs qualitatively better with fair interodel
agreement. For twbber populations, the methods arefair selfagreement except for extreme high or
low FA regions. Overall PAS shows meoreproducibility and the intenodel agreement is reasonable for
mid-ranges of white matter FA (0.4 < FA < 0.6). The tHiber population case shows low safjreemat

indicating model instability for both PAS andt@ll. There is little agreement beten both the methods
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in terms of crossing fiberg-(gure 111.20, Figure 111.21). Visually also the agreement is less than expected

given crossing fiber regions or two and more fiber population voxels.
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4. SHARD: Spherical HarmdBasedRobustQutlier Detection for HARDI Methods

This chapter has been adapted from the published w§iR &)

4.1.Introduction

Diffusion weighted magnetic resonance imagingVIMRI) measurements provide contrasts
sensitive to the micrarchitectural environment at a millimeter scale. The data have been widely used to
model brain structural connéaty using diffusion tensor imaging (DT[B5]. However, DTl is limited in
that it only provides a single fiber/peak orientation per voxel. More recent methods which can be labelled
collectively as high agular resolution diffusion imaging (HARDI) provide models capturing information
on the existencef multiple fiber orientations per voxel. Yet, HARDI is not a singular technique; rather,
numerous methods exist to model EMRI data with more complex intraoxel models such as-kall,
spherical deconvolution, PABRI, diffusion orientation transforrfi2-14, 90, 101]

Generally, acquisitiom consisting of 45 or more diffusion weighted volumes can be termed as
HARDI acquisitions[130]. With increasedchumber of gradient volumes per acquisition the probability of
artifacts that might invade the acquisition also increases. Artifacts occur not only due to noise or system
instablities of a scanner but also from physiological motion of the sulj8di, e.g., signal dropout, signal
intensity spike, ghosting and striping (degure 1V24). A single artifact in a gradient volume can be
detrimental for voxelvise fitting methods and cdead to increased bias and variance for the methods. It
has been shown that a single corrupted gradient voluneeH&RDI acquisition can introduce an error of
approximately 10% in Fractional Anisotropy (FA) and General Fractional Anisotropy ([3B2) using
robust spherical harmonics16all imaging[101]. Generally, the practical quality control advice for BW
MRI is to either rerave gradient volumes or perform correction using interpolation techn[dG2%
Hence, it is critically importarfor the artifacts to be detected and either removed or imputed for reduction
of bias in HARDI methods.

Previous work on robust estimation®@T1 has been characterized with weighted least squares fit
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and robust Mestimatord133, 134] Briefly, outlier detection models have been designed to exclude and
then compute DTI with the remaining measurements. Subsequently, iteratively reweighted linear least
squares (IRLLS) were developed to increase the speed withilB3]l To date, a consensus has not been
reached for HARDI outlier detection. One approach uses compressed sensisggaoe gesanhjng as an
alternative to excluding gradient voluni@86], which is effective when there is signal dropout beeaf

bulk motion. An adaption of the robust estimation of tensors by outlier rejection (RESTOS3Eyses
spherical harmonics for outlier detection and exclusioghdr order model outlier rejection (HOMOR)
[137]. HOMOR is effective at removing outliers at highevdlues (up to 3000 ®mm2 where RESTORE
suggests invalid outliers), while HOMOR maintains similar performance to RESTORE at lower/chnical b
values. Outlier detection and replacement has also been incorporated in-ffararaetric framework of
eddy[138]. E d d ypéarametricommodel achieves superior performance over RESTCHRE Here we

focus on outlier detection independent of registration and distortion correction. In light of the advanced
work with tensors, one could construct statistically robust variants of each traditional HAREI. mod
However, such efforts would require specific coding for each HARDI variant and potentially dramatically
increased computational times given the need faroreputation of fitting procedures on a voxdke

basi s. Her e, we f ol | ooutlieidetectib®siOgad derative lmeanleast bquafes r
model, but our approach uses resichaded raveighting with a ridge regression with L2 penalty. HOMOR
does not impute the data and is a detection technique while our approach is both a detbictfacement

model on a voxel by voxel basis.

Here, we propose a robust outlier imputation model that uses an iterative regularized weighted
linear least squares (IRWLLS) fit which functions per voxel. The IRWLLS model uses even order weighted
sphericalharmonics which can be used to calculate residuals with the original signal intensities. The
weights are based on squared residuals and squared standard deviation (SD) of residual between signal
intensities and regular spherical harmonics across the aotjuired volume of the brain. Based on a certain
threshold multiplied with the SD of the entire brain residuals, the outliers can be detected and imputed with
weighted spherical harmonic intensities. This work reveals that an imputation model canubéousef
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detecting artifacts and it minimizes error when compared with an in vivo acquired ground truth (good scan).

Corrupted Scan

Figure 1V.24. Comparison of good and corrupted scan data from an empirical in vivo acquisition.
The red arrows in the secondow highlight areas of artifact.

In an empirical demonstration, the improvement is noticeable foalQn terms of angular correlation

coefficients.
4.2.Methods

4.2.1.DW-MRI Data Mesurements and Pygrocessing

A single healthy volunteer wasanned for a single session at 3T (Achieva, Philips Medical System
Systems, Best, The Netherlands) with acBannel head coil. Two scans were acquired each with 64
gradient direction for a-kalue of 3000 s/mm2 each with a minimally weighted refereb®& @cquisition
parameters voxel resolution=2.5x2.5x2.5 mm3 MBHNnd=2; SENSE=2.2; TR= 2650 ms; TE=94 ms;
partial Fourier=0.7. In one of the two scans, the volunteer was specifically askeweéaheir head at
random intervals. This was done to introduartifacts in the acquired scan. One third of the gradient

volumes show major artifacts in the middle axial slice and can be noticed easily visuallyFigefer
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IV.24).
The acquired data wer preprocessed for patient movement, eddy current distortions and
susceptibility distortion using eddy and toda9,140] The bO0O6s were concatenat .

input to topup. Both the scans were concatenated together and then used as input to topup which was

pipelined to eddy. The corrected dat asingftiro99, eddy v

S

e Pre-processed Raw :
' Diffusion Data il
Regularized Linear Least ‘
uares fit of Spherical
::rm\icstobwoata- x:(ATA+u)—1Ab

Residual = DW Data — SH
Data

o = SD (Residual across
entire brain volume)

WRLLS
- x= (ATWA+ )2 aWb
Criteria:
Residual < Threshold * o
Threshold was set at 3

Identified Qutliers
Imputed on raw DW data

Figure IV.25. SHARD Al gor it hmds i t etrphase of SHARD (whitd hoxes, .
involves a regularized spherical harmonic fit to the preprocessed diffusion data, which enables
estimation of the standard devi at i ocondpbake (drdere |
boxes) uses iterative rewghted spherical harmonic fitting to identify and deweight outliers on a
voxel wise basis. Finally (red boxes), outliers are identified from the reweighted spherical harmonic
fit, median filtered, and imputed with their model fit values. The resulting datacan be used in
subsequent HARDI model processing (black box).
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117]. The two scans were normalized by the corresponding b0 to account for the amplitude drift.

4.2.2.SHARD Algorithm

The pe-processed data was fitted to spherical harmonics of order 6 to generate 28 basis functions.
The SD was calculated of the residuals between theMRWVdata signal intensities (S/So) and the spherical
harmonic fitted signal intensities for both the scaing(Figure IV25). The spherical harmonic basis
functions were fitted to DWVIRI using a regularized linear least squared fit (RLLS) and is also known as
a ridge regressh with L2 penalty. Regularization constant was fixed at 0.@80th@ knowrused value
from Q-ball. This algorithm functions on a voxel by voxel basis iteratively. Weights have been calculated
as square root of inverse ofsu of squares of G and residual per vo
weights as the graeht directions. The original DWIRI data are fitted using weighted spherical harmonics
basis functions of order 6. A weighted regularized linear least squiar@/RLLS) has been used
iteratively till the convergence criteria are satisfied. The criterar e s et t o t hree devi e
residual. Failure of satisfaction of the criteria leads to recalculation of weights using any signals that were
imputed At every iteration, the outlier binary map is updated. Once the procedure has been cdompleted
the entire brain volume a final outlier map is generated. This outlier map is denoised/interpolated using a
two-dimensional median filter to get rid of spaus outliers that were detected during the iterations of the
SHARD algorithm. Denoised outlienap is used for imputation of the original BMRI measurements
which are replaced by the sampled weighted spherical harmonic signals for the true outlieeyghat w
detected. This algorithm can be used for either exclusion or imputation functionalitybottioHowever,

in regard tahis work it has been used an exclusion and imputation model.

4.2.3.Validation of SHARD in Simulation

The ground truth (good scan) wakeda and artificial noise was added per voxel at gradient
directions that were chosenrandondyS 6 def i nes the signal intensity f
0 Sdefines a noiweighted diffusion volume. For a randomly chosen gradient directioatability (p)

was randomly generated. If p >= 0.5 then the corruption factor was used ®$l8id and if it was p < 0.5
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then corruption factor was used to multiply S/So. This experiment was repeated 64 times per corrupted
direction while increasing nuber of corrupted directions up to the maximum number of gradient directions

that were acquiredri t h t hi s data set. This synthetic corrup
for future reference and in the figures as well. We used stevalidéion process the first one being the

root mean squared error measured against the grounchtmaiss all the signal intensities (S/So) over the

entire brain volume comprising of al/l gradient di
and O6NOG is the total number of slices that were ac
B1BY b «»0 <« Dm0 <™
=|“ﬂrr+|+—nl i “fﬁ Eq. 20

The second step validation is using angular correlation coefficient (ACC) which it tvagke
coefficients of the HARDI method -Qall (2). ACC is a convenient way for calculating correlations of
functions of all directions over a spherical harmonic expansion. It provides an estimate of how closely two
orientation distribution functions () relate to each other. It was first estimated omxelvby voxel
basi s. Oud is -hadlel tesaef ffiumicd n ton vHllicoEiciedts/fdmthes t he
ground truth (good scan) data. It can be inferred that the ACC if takerdretwo separately calculated
Q-ball coefficients fron ground truth data its value will be equivalent to 1. This was empirically determined
as well. This metric has been represented across the entire brain volume using RMSE and the mean.

B= B w0=rpip

=FF . . Eq. 21

]
B 0zn  8B: BS  wozg

When performing this robust experiment on the ground truth (good scan) and the motion scan data
the same methodology as above has been Hesebrer instead of multiplying or dividing signal intensities

by a corruption factor, random permutations of the gradient volumes were chosen from the motion scan
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data. The permutations ranging from 1 to 64. At each level of corrupted directions, ¢nenexpwas

repeated 64 times for robustness.

4.3.Results

4.3.1.True and False Positive

True positives have been defined as outliers that are correctly identified by the model (true outliers
are known because they are simulated) while false are the ones tiheieared but they are not in actual.
The number of false positives being detected for both the slash model and when tested with motion scan
data are close to 1000 voxels combined across all the uncorrupted gradient véligues|{27A and
C). Specifically, when motion corrupted scan volumes are swapped, it is noticeable that there are visual
inconsistencies. The true positives in the corrupted gradient volumes astertlysgreater and at a much
higher ratio than the number ofida positives being detecteligure IV27B and D). The number of true
positives drop in cases of cdrtacorrupted volumes and are accounted to gradient volumes that are not
corrupt in the motion scan data. The ratio is ~1:60 wisng motion data scan to introduce corruption.
The ratio is even higher in the scenario of slash model true positives angdaigves. Qualitatively, the
abovementioned result is renforced as it is apparent to notice that there are fewer olidierg detected
in the uncorrupted gradient volumesSidure 1IV26B and D). This result is regardless of slash model

corruption of volumes or swapping corrupted volumes from motion scan data.

4.3.2.RMSE of Signal Intensity

The RMSE of 64 epeated measurements with random permutations that the oveselaier
using this algorithm for prprocessing is always less than the original effaggure 1IV28A and B). This
can be observed for both slash model corruptimhnaotion scan corruption. A distribution plot of the 64
repeated measurements for the first 20 corrupted directions shows that either the RMSE is reduced or it is
the same when compared with the original erfogyre 1IV28C and D. The RMSE increases for the

original corruption and after imputation with the increase of corrupted gradient directions. However, the
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RMSE after imputation is generally less by approximatel6 Gy the S/So. The base error that is
introduced by SHARDr the ground truth with no corrupted volumes is approximately 0.015 for S/So
(Figure IV28D). The distributio plots show that there is a higher likelihood of having a lower RMSE as

compared to original RMSE after imputation.

Outller1

(¢}
Oulller1

Figure IV.26. Middle axial slice shown for the diffusion data and the binary outlier map. i*j denotes the
weighted gradient volume corresponding to gradient directins. A) Ground truth data when corrupted with
an artifact containing gradient volume from the motion scan. B) Outlier detected on the corrupted gradient
volume in (A). C) Simulated good scan data wén corrupted artificially by random multiplication and divi sion
of signal intensity using a corruption factor (Slash Model). D) Outliers detected with the artificial corrupted

gradient volume in (C).
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Figure IV.27. Count of outliers detected in corrupted gradient volumes (True Positive and
uncorrupted gradient volumes (False Positive). A) False positive, outliers detected in the
uncorrupted gradient volume when using corrupted gradient volumes from motion scan. B) True
Positive, outliers detected in the uncorrupted gradient volumes wkth has random volumes
swapped in from the motion scan. C) False positive, outliers detected in the uncorrupted gradient
volume when using Slash model corruption factor for random gradient volum& D) True Positive,
outliers detected in gradient volumes whe using Slash model corruption factor for random
gradient volumes.
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4.3.3.RMSE of ACC

RMSE of ACC across the entire brain shows us that the error is consistently reduced when
compared to the ground truth ACEidure 1IV29A and B). This result holdsue for both slash model and
corruption using motion sn data. It is noticeable, however, that the error reduction in the scenario of
motion scan data is comparatively lesser as compared to error reduction in slash model. The RMSE of ACC
increases withncreasing number of corrupted gradient directions andogs the RMSE of ACC after
imputation. However, the constant error reduction can be noticed at about 0.03 for the slash model and 0.02

for the motion scan data.
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Figure IV.28. A) RMSE of corrupted and imputed signal intensities across the brain ten
compared with the ground truth. Corrupted gradient volumes were swappedrbm the motion
scan. Each point represents RMSE across 64 measurements. B) RMSE of corrupted and imputed
signal intensities when compared with ground truth. Gradient volumes wereorrupted with a
corruption factor artificially (slash model). Each point represents RMSE across 64 measurements.
C) Violin plot of 64 repeated measures of RMSE per bin with random permutations before
imputation for the first 20 corrupted gradient volumes.The corrupted volumes were swapped from
motion scan data. D) Violin plot of 64 repeated measures of RMSE per bin with random
permutations after imputation for the first 20 corrupted gradient volumes. The corrupted volumes
were swapped in from motion scardata.
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4.4.Discussion

The SHARD algorithm is a promisimge-processing technique for mitigating outién HARDI

data. The base error that has been observed in the groundrtgutite (v 29D) with no corrupted volumes
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The usage of spherical interpolation of data has been quite popular in thetirees for[132,

137]. In this scenario while using a weighted version of spherical harmonics only a reduction 0.06 in terms

of RMSE could achieved when imputing original signal intéesit There is potential room for

improvement with usage of different interpolation techniques. Though there have been outlier detection

models which have used spherical harmonics of ord@B4]. A parameter optimization analysis could
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prove to be beneficial purely focused towards spherical harmonic orders. Another possible room for
improvement is whether to introduce a weaghtmean of the signal intensity along with the spherical
harmonic fitted signal intensity which could further reduce the error between the original and the imputed
signal.

A median filter approach slice wise has beffective, but it is a twedimensionalsolution. A
positive improvement could be made using a tuliegensional spatial regularization which could tighten
the exact outliers being detected to the specific artifact. This could lead to a crucial increment in accuracy
of temporal artifacts that otd possibly invade the data. At the same time doing so should also remove
single spurious outliers that are detected. Labelling a single voxel as an outlier is a difficult question to
answer and simply labelling them as arlieumight only lead to incmaent in errors between original and

i mputed signal. Clustering of outliers holds pote

S/S. Outlier

Figure IV.30. A) Middle axial slice containing a striping artifact in the ground truth. B) Outlier
mask detected by the SHARD model.
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4.5.Conclusion

The SHARD algorithm can detect sufficient outliers in corrupted gradient volwmehl contain
artifacts or ontain signal dropout regions while not impacting the uncorrupted gradient volumes. Instead
of exclusion of the detected outliers they can be safely imputed with the weighted spherical harmonic
modelled signal intensities withb introducing additional eors. Further validation and testing of this
algorithm is necessary on a larger data set and using multiple HARDI models that are present. A comparison
with the present outlier imputation techniques is clearly warranted. Ithbeuihteresting to estimatgich

techniques can detect and impute outliers without introducing additional errors.
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5. Tractography Reproducibility Challenge vidthpirical Data (TraCED): The 2017 ISMRM
Diffusion Study Group Challenge

This chapter has been adapted from the puddisvork in[41].

5.1.Introduction

Diffusion weighted magnetic resonance imaging @MRYI) is a technique whichllaws for non
i nvasive mappi ng o farchitéctere d onilmeetnic rdsolutian.rsirg vaxalise fiber
orientation reonstruction methods, tractography can provide quantitative and qualitative information for
studying structural brain omectivity and continuity of neural pathways of the nervous system in vivo.
There have been many algorithms, global, iterative, detastigsirand probabilistic, that reconstruct
streamlines using fiber reconstruction methods. Tractography was confeiédsing one of the first
fiber reconstruction method, diffusion tensor imaging (D[R%]. However, DTl has a weKnown
limitation: it cannot resolve complex fiber configuratgd142]. With the advancement in acquisitions
protocols allowing for betteresolution and higher number of gradient values new methods for
reconstruction of local fiber have been developed. These methods are commonly referred to as high angular
resolution diffusion imaging (HARDI), e.qg.;lopll, constrained spherical deconvoluti@SD), persistent
angular structure (PA$12, 13, 90] HARDI methods enable characterizatiomudfre than a single fiber
direction per voxel, but have been often shown to be limited when more than two fibeatiomguéxist
per voxel[19, 143] While there is definite gain in sensitivity when using HARDI methods, there remain
critical questions atheir reproducibility[144].

There have been many validationoeté that aim to assess the anatomical accuracy of tractography.
Early studies investigated how well tractography followed large whiteemathjectories through
gualitative comparisons with dissected human sanijs]|, or previous primate histogical tracings
[146]. Later works on the macaqgpie! 7] or porcing148] brains highlighted limitations and common errors

in tractography. Recently, the sensitivity and specificity of tractography in detecting connections has been
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systematicdy explored against tracers in the monk&$9-151], porcing[152], or mousg153] brains. The

main conclusions drawn from these are (1) that algorithms always show a tradeoff in sensitivity and
specificity (.e. those that find the most true connections have the most false connections) (Earshert
connections are more reliably detected than4@mge, (3) connectivity predictions do better than chance
and thus have useful predictive power, and (4) toaagty performs better when assessing connectivity
between relatively largscale regions rather than identifying fine details or connectivity.

Despite the wide range of validation studies, there have been few reproducibility studies of
tractograply [21, 154, 155] Rather than ask how right (or wrong) tractography is, we ask how stable are
the outputs of these techniques? Becauséogeaphy is an essential part of track segmentation, network
analysis, andhicrostructural imaging, it is important that reproducibility is high, otherwise power is lost in
group analyses or in longitudinal comparisons. In this study, given a standaod|lgiirealistic, diffusion
protocol, we aim to assess how reproducitdettrgraphy results are between repeats, between scanners,
and between algorithms.

Publicly organized challenges provide unique opportunities for research communities to fairly
compae algorithms in an unbiased format, resulting in quantitative measuhesrefiability and limitation
of competing approaches, as well as potential strategies for improving consistency. In the diffusion MRI
community, challenges have focused on redageintravoxel fiber geometries using synthetic dg2a]
and physical phantonj2l, 156] Similarly, diffusion tractography challengé$4] have provided insights
into the effects of different acquisition settings, vew&de reconstruction techniques, atrdcking
parameters on tract validity by comparing results to ground truth physical phantom fiber coofig{2ati
155]. Recently, more clinically relevant evaluations have been put forth. For example, a recent MICCAI
challenge benchmarked Diractography of the pyramidal tract in neurosurgical cases presenting with
tumors in the motor cortgd57]. Towards this direction, the current challenge utilized a {acgde tgle
subject reproducibility dataset, acquired in clinically feasible scan times. This challenge was itdended
study reproducibility to describe the limitations for capturing physiological and imaging considerations
prevalent in human data and evaluiite newest generation of tractography algorithms.
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This paper is organized as follows. First, we present tiadysis structure of this challenge to
characterize which tracts are the most reproducible. Second, we characterize the variance across the
tractaraphy methods by design features and compare the potential containment of tracts on a per algorithm

basis.

5.2.Methods

5.2.1.DWMRI Data Acquisition

Neuroimaginglhe data were acquired with a mdtiell HARDI sequence on single healthy human
subject. The two scamrs were both Phillips, Achieva, 3T, Best, Netherlands. These are referred to as
scanner 6 A0 eashellsthatBvére acquined: b£1000 ¥mm2, 2000s/mm2 and 3000s/mm2 with
20, 48 and 64 gradient directions respectively (uniformly distributedeokremisphere and independently
per shell, this was done in consideration of scanner hardware.). The oHraefas were kept consistent
for all shells. They are as follows: Delta=~48ms, delta=~37ms, partial fourier=0.77, TE = 99 ms, TR ~=
2920 ms andaxel resolution=2.5mm isotropic. Atotal of 15rere i ght ed di ffusion volu
interspersed as 5 pshell were acquired. Additionally, for scanner A & B, 5 reverse pbaseded b0
images and 3 diffusion weighted directions were acquired tmalitortion correction. The additional 3
diffusion-weighted direction volumes were acquired for ease afiaitipn from the scanner. They do not
contribute to the prprocessing of the data in any way.

Additionally, a Ttweighted reference image (MPR&) was acquired for each session per
scanner (4 volumes total). A single volume of T1 was used which wasteregi to the first session of
scanner A where the session had already been registered to the MNI template. This was done using a 6
degree of fre@om rigid body registration.

For the initial data release, a technical issue resulted in-favense phasencoded b0 images for
scanner A. Note that at the end of t-dequiredforddth enge,
sessions with Sewverse phasencoded b0 images and 3 diffusion weighted directions. These data were
released as supplementangterial, but not included in the presented challenge data. Following the protocol
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for tractography i1158], we delineated six tracts cingulum (CNG) Left/Right (L/R), inferior longitudinal

fasdculus (ILF) (L/R), inferior fronteoccipital (IFO) (L/R). The mean intrelass correlation (ICC) inter

scanne values for the original challenge data and the updated challenge data were 0.86 and 0.89,

respectively. The mean difference between method<vi&sin terms of ICC. As expected, the inclusion

of full rever se phase e n analdncreaged in consistSncyarelative to mdch 6

larger differences between methods.

DW-MRI Data Preprocessing as illustrated Figure V31, the 5 repeated acquisitions from each

of the four sessions (two repeated on scanner ABand we r e
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Figure V.31.Non-rigid image registration of GM probability maps of three subjects. Each color
box highlights the corresponding region of interest. Right colonn shows detailed differences in
cortical folding patterns across the subjects
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and topugd140, 159, 16Q]Intensity normalization was performed by dividing each diffusion weighted scan
by the mean of all neweighted diffusion volume (B0O) pasession. The &rage BO from scanner A of the
first sessions was rigidly (six degrees of freedom) regisfédeq to a 2.5 mm T2 MNI template (this was
done to ensure resampling from registratieas done on botdatasets). Next, the average BO from the
scanner A second session was rigidly registered to the average BO of the registered scanner A first session
BO which had already been registered to the MNI space. Successively, the sessionarirenBswere
registered to the sessions of scanner A. Thedbors were rotated to account for the registration of the
DW-MRI data[161].

The T1 weighted MPRAGE was rigidly registd to the average registered b0 from the first session
of scanner A. This transformation was applied to the T1 maintaining 1 mm isotropic resolution, thus
providing a highresolution segmentation that may be converted into diffusion space by perfosinidea
downrsampling. Multiatlas segmentation with ndocal spatial STAPLE fusion was used for the
segmentation of the T1 V123, u6f Fitaky, MulB-d&las CRUISEe r e n't
(MaCRUISE) was used to identify cortical surfa¢&63]). These were provided for ease of algorithm
implementations.

An informed consent under the Institutional Review Board (IRB) was obtained to conduct this

study.

5.2.2.Challenge Rules and Metrics

For each of the 20 HARDI datasets (5 repetitions@saions x 2 scanners), participants were asked
to submit a tractogram (i .e., fifi bemodeleddiben b i | i t
structures (uncinate (UNC) L/R, fornix (FNX) L/R, genifutloe corpus callosum, cingulum (CNG) (L/R),
corticoginal tract (CST) (L/R), splenium of the corpus callosum, inferior longitudinal fasciculus (ILF)
(L/R), superior longitudinal fasciculus (SLF) (L/R), and inferior frentmipital (IFO) (L/R)(1)). Each
tractogram is a NIFTI volume at the field of view amdolution of the TAveighted reference space where

the floatingpoint value (32bit single precision) of each voxel is[Bi7] and indicates the probability of the
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voxd belonging to the specified fiber tract. Thus, map@nts submitted a total of 320 (5 x 2 X 2 x 16)

NIFTI volumes using the acquisition of both the scanners. Assessment of fiber fractions was supported (i.e.,

the sum across all tracts is <=1 with theaénder as background). However, strict probabilitibere each

voxel may have a high probability of 2 or more fibers with a sum greater than 1 were permitted as well.
Tractograms within a submission were compared based on reproducibility of the mtaatlqss

correlation coefficient (ICC) statisticerfcontinuous values and Dice similarity scores based on maximum

probability assignment at 0.5). Intsassion, intesession, same scanner, and HsEanner scanner metrics

have been reported for quaative interpretation. The ICC and dice value of qud& number of

combinations of pairs of repeats were used as data points for violin plots depicting resultssefsitra,

inter-session and integscanner. The unique combinations of repetitions weré@ and 100 respectively

for the three levels of peoducibility.

5.2.3.Containment Analysis

A key question is whether the differences in tractography are driven by different considerations of
the volume of the track, i.e., the larger the volume is, the tikalg the track may include the underlying
true tra&. For example, it is plausible that a set of tractography methods could see the same underlying
probabilistic connection pattern and choose to threshold it based on different preferences for thefvolume
tracks. If the preference was driving the tracapipy differences, then tractograms would essentially be
able to be nested from smallest to largest. To examine this hypothesis, we define the property containment
index (CI) for two tracts where

3 w4
F = s +-%s D Eq. 22

o <« |m> DY

For the purposes of this discussion, we define the tractoggtito be the binary volume resulting
at a 0.05 threshold of the meanadf results submitted for each algorithm. A visual understanding of

containment index can be observedFigure V32.
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Figure V.32. A) Where the shape X is impeccably contained in Y and Y is contained in Z. The
resulting containment CI(Y, X) = 1, CI(Z, X) = 1 and CI{Z, Y) = 1. B) Shape Y is a noisy

representation of slape Z where CI(Y, Z) =0.84. C) Shape Z is different from shape Y in a different
orientation and the CI(Z,Y) = 0.17

Then, an opti mal ordering (fAinestingodo) of tract

containment engy (CE, i.e., sum of Cl forllatracts versus the tracts earlier than the one under

consideration):
Ty
HHE HOF [ HYTHE Ho Fhre <l <
N gy P8 SF" 4P« ON gy I8 S 4P ¢

Where perm denotes the permutation opezi::r:ator and Entry is a lat efhtered tractograms.
Conceptually, this procedure finds the ideal order to stack the tractograms inside each other where the first
tract is Amost insided thacsubhsedmest owmeéesiaded @6h
the averag containment index of all nesting for the ordered entries that are smaller than or equal to an entry
provides a quantitative way to examcontgnmégmiedext i ngo
so that the first entry has a Cl of 1). Thennavan see how the nesting holds u

outer (#04606) entry.

5.3.Results

Table V5 presents a more detailed technical contribution of each of the works:
- Team 1, Team 5, Team 6, Team 8 and Team 9 used alktiele of bvalues provided in

the dataset. Team 2 used all shells with data from an additional 30 subjects from the HuneztoGwnn
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Project. Team 3 used shells offdlues 1000 and 2000 s/mm2. Team 7 and Team 4 only used the shell of
b-value 3000 s/mm-2.

- Additional preprocessing has been used by four teams. Team 4: Datapsasipledo
1mm isotropic resolution. Team 6 usethge denoising techniques angpsampledhe data to 1.25mm.
Team 5 and Team 9 used different styles of segmentation of therdatated for analysis.

- In terms of the fiber detection model, Team 6 and Team 3 used variants of tensor models
while the dhers have used different variants of constrained spherical deconvolution. Notably Team 8 used
a compartment analysis model usgsgherical harmonics.

- Considering the tractography parametetise range of step sizes that have been used lie
between 0.2L.25mm. Threshold angle lies in the range o#R0egrees.

- Single fiber assumptions were considered with the condition of @& by teams Team 1
andTeam 4. A notable observation here is that a general assumption was made by Team 6 to reject voxels
which were less than 0.15 FA.

- Team 2, Team 6 and Team 8 ppsbcessed the tractography results for removal of
spurious fibers bylefining different andpecific constraints.

- Of note, Team 2 treated the tractography problem as a segmentation problem and
developed a thet which was trained on the HCP data. While Team 9 used aatlaftiapproach to
tractography. The other teamsewdl the general approaghprobabilistic or deterministic tractography.

An overlay of all 46 submissions, for all estimated fiber pathways can be obsEigek: (V33
Column 1 & 3). Only théeft side has been shown as the rigjde is a similar observation. There are vast
differences that can be noticed in the estimated pathways. The volume of the brain occupied by each tract
from different submissions varied dramatically. When all 46 susioms are overlaid, tracts occupy-14
53% of the brain volumetrically (averag®4%). Specifically, the union of all entries for FNX (L/R), CNG
(L/R), IFO (L/R) and SLF (L/R) cover (30.7, 25.8), (40.9, 37.2), (42.4, 46.1), (50.6, 53.3) respectively,
while CST (L/R), ILF (L/R), UNC (L/R) and Finor and Fmajor cover (23.6, 25.4), (33.4, 33.6), (14.3,
17.4), 44.3 and 34.1. Note that individual submissions appear qualitatively reasbitabke {33 Column
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2 & 4).

Figure V.33. Left: An overlay of all the 46 submissions fom all sessions that were acquired using
both scanners per tract Right: An overlay of a single submission using aflessions that were
acquired using both scanners per tract A) Uncinate left B) Fornix left C) Cingulum eft D)
Corticospinal tract left E) Inferior Longitudinal Fasciculus left F) Inferior Fronto -Occipital
Fasciculus left G) Superior Longitudinal Fasciculudeft H) Fminor.

The number of al gorithmeamlsld beamn 2:4,iTeam8:2, Tekama m wii
4: 12, Team 5: 1, Team 6: 6, Team 7: 1, Team 8: 6 and Team 9: 3. It can be observed that the ICC range
for the set of algorithms on a per teamiba®es not show a lot of variance. The ICC range of algorithms
per tearmare Team 1 (0.60L0.77), Team 4 (0.520.58), Team 6 (0.7i70.85), Team 8 (0.81L.0.89), Team
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9 (0.277 0.69), Team 3 (0.64, 0.73), Team 2 (0.85), Team 7 (0.88) and Team 5 [8&7pams that

submitted more than 3 algorithms show an average differeh0.1 in terms of ICC.
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Figure V.34. Violin plots of intra -session submissions across both the scanners per tract. AL®i
similarity coefficients B) Intra-class correlation coefficients. The top row depicts the median of the
top five intra session submissions. The tracts are in the following order (L/R): a) Uncinate b) Fornix
¢) Fminor & Fmajor d) Cingulum e) Corticospinal tract f) Inferior longitudinal fasciculus g)
Superior longitudinal fasciculus h) Inferior fronto -occipital tract

Violin plots (depict the probability density of the data) of ICC and Dice for -session
reproducibility, intersession, and integcanner measures of reproducibilitg @resented ifigure V34,

Figure V35andFigure V36respectively. Since the observations are highly similar in the-aferdgioned
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figures we only present a detailed commenF@ure V34 which holds trudor Figure V35 andFigure
V.36 as well. This figure helps in identifying the low, moderate and high reproducibility tfdetsntra

session distributions (Figure 4B) across entries for UNC (L/R) and (ENRJ are bimodal with a median

Figure V.35.Violin plots of inter-session submissions across both tlseanners per tract. A) Dice
similarity coefficients B) Intra-class correlation coefficients. The top row depicts the median of the
top five inter session submissions. The tracts are in the following order (L/R): a) Uncinate b) Fornix
¢) Fminor & Fmajor d) Cingulum e) Corticospinal tract f) Inferior longitudinal fasciculus g)
Superior longitudinal fasciculus h) Inferior fronto -occipital tract

of the lower mode less than 0.4 ICC. The CST (L) has a smaller fraction of the entries with ICC less than
0.4, while the remainder of the entries have only a few outlier entries less than 0.4 FTeessitnFigure
V.35) and interscannerigure V36) distributions were similar, with a slight increase in outlier entries for

IFO (L/R). The patterns in the dice were similar when using a quality threshold of less thae0.4 d
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