UC San Diego

UC San Diego Electronic Theses and Dissertations

Title

Quantitative diffusion magnetic resonance imaging of the brain : validation, acquisition, and
analysis

Permalink
https://escholarship.org/uc/item/5ss7j07\
Author

White, Nathan S.

Publication Date
2010

Peer reviewed|Thesis/dissertation

eScholarship.org Powered by the California Diqital Library

University of California


https://escholarship.org/uc/item/5ss7j07v
https://escholarship.org
http://www.cdlib.org/

UNIVERSITY OF CALIFORNIA, SAN DIEGO

Quantitative Diffusion Magnetic Resonance Imaging of

the Brain: Validation, Acquisition, and Analysis

A dissertation submitted in partial satisfaction of the requirements of the degree Doctor of

Philosophy

Cognitive Science

by

Nathan S. White

Committee in charge:

Professor Marta Kutas, Chair
Professor Anders Dale, Co-chair
Professor Rick Buxton
Professor Terry Jernigan

Professor Eric Halgren

2010



Copyright (or ©)
Nathan Scott White, 2010

All rights reserved.



The Dissertation of Nathan S. White is approved, and it is acceptable in quality and form for

publication on microfilm and electronically:

Co-chair

Chair

University of California, San Diego

2010



DEDICATION
This dissertation is dedication to my parents who taught me never to give up on myself and to

always remember the important things in life.



TABLE OF CONTENTS

SHgNATUIE PO .. ettt e et et e et e e et e e e e e iii
DEAICALION ... et ce et et e e e e e e e e \Y%
Table OF CONTENTS. .. ...t e e e e e e e e e e e %
LISt OF FIQUIES .t e e e e e X
ACKNOWIBAGEMENES ...ttt e e e e e e e e e e e e e Xii
1 Xiv
ADStract of DISSEItatiON. .. .......ie ittt e e e e Xvii
Chapter L INtrodUCTION ...t e e e e e e e e e e e e 1
I [ 0o [N Tox 1o o PP 1

1.2 ReSEArCh SUMMAIY ... e e 2

1.3 Original ContribULIONS ..........uoiiniie e e e e 3
Chapter 2 A HiStorical NOtE .......ovviei i e e e e e 5
2.1 Brownian IMOTION ......uue et it et et e et e e e e e 5

2.2 DIffusioNn NIMIR L. on e e e e 6

2.3 DIffusion MRI ... e 7

2.4 RETEIBINCES ... .ttt e et e e e e e e e e e 8
Chapter 3 Diffusion MRI PFINCIPIES ......vivviriiii e e 11
K J0 11 0o ¥ i o] PP 11

3.2 Molecular Diffusion PhYSICS ........ccoviiie i e, 11

3.2.1 Diffusion CoeffiCient ..........cooeeiii i 11

3.2.2 Water diffusion in neural tiSSUE ............coceviiiiiiniine e, 12

3.2.3 Hindered and restricted diffusion ................coooiiiiiiiinnns 13

3.3 Diffusion MRI MEaSUIEMENT .......uvenie et e e e e e e e 15



3.3.1 Pulsed gradient spin echo experiment ................cc.ocevvieennnen

3.3.2 Fourier relationship and the ensemble average propagator ........
3.3.3g-Space formalism ..........coiiiiiii

B4 RETEIBNCES ..ttt et e e
Chapter 4 Diffusion MRI TeChNIQUES ........coiiii i e e
A1 INTFOAUCTION L.ttt et e e e et e e e e e e e e e e e e
4.2 Diffusion MRI TeChNIQUES .....oiviie i e e e e e
4.2.1 Model-free methods ...........cooeiiiiniii e

4.2.1.1 g-Space imaging (QSI) .......ccooiviiiiiii e,

4.2.1.2 Diffusion spectrum imaging (DSI) .............oooeee

4.2.1.3g-Ball imaging (QBI) .......cooviiiiiiii e

4.2.1.4 Spherical harmonics (SH) ...........ccoveiii i,

4.2.2 Model-based methods ...........cooiiiiiiiiii

4.2.2.1 Diffusion tensor imaging (DTI) .........coooovviininnnn,

4.2.2.2 MUlti-tensor imaging .........c.oeeevviieeine e enienen

4.2.2.3 Spherical deconvolution ..............ccooviiiii i cnnn,
4.224CHARMED model .......c.coovviiiiii i

4.3 Present Limitations and Motivation ..............ccoooviiiiiiin i e,
4.4 RETEIEICES ... vt ittt e e e e e
Chapter 5 Histological Validation of Fiber Orientation Distributions .....................
5.1 ADSIIACT ..ttt
5.2 INFOTUCTION .. .e e e e e e e e e e e e e
5.3 METNOUS ...t

5.3.1 Material and data acquisition ..............cccviviiiiiiii i,

Vi

18

19

21

21

21

22

22

23

24

25

25

25

26

27

28

28

29

35

35



5.3.2 REQISIIAtION ... vue it et e e e e
533 ROISEIECION . o.vue i
5.3.4 Computation of HIST-FODS .........ccoiiiiiiii i e
5.3.5 Computation of DT-FODS .......cooviiiiiiiiie e e,
5.3.6 Computation of QSI-FODS .........ccooiiiiiiiiiii e

B RESUIES .ot et e e e e

5.4.1 ROI specification .......ccooviiii i,

5.4 2 Qualitative comparison of DT, FOD, and myeloarchitecture ....

5.4.3 Quantitative histological validation of FOD estimates ............

TSI B Yot U Y o ] o

5.6 ACKNOWIEAGEMENTS ... it et

LA = (=T (=1 11

Chapter 6 Optimal MRI Acquisition for Fiber Orientation Distribution Estimation ....

T 053 1 =Yt

8.2 INETOAUCTION ettt e e e e e e e e e e s
8.3 MBENOOS ... et e e e s
6.3.1 Linear convolution model .......c.covvieiiiii e e

B.3.2 SH DASIS .+ttt ettt e e s

B.3.3 ESHIMALION .ottt et et e e e e e e e e

6.3.4 Ideal effiCIeNCY ......ovviee i
6.3.5 Realizable effiCiency ..........cccovi i

6.4 RESUILS aNd DISCUSSION ...vineie ittt et e e et et et e e e e aaeearans

8.5 CONCIUSION ...ttt e e e e e e e e e

6.6 ACKNOWIEAQEMENTS ....v it e e e e e e e e e

vii

42

43

43

44

46

47

50

53

53

58

58

59

61

61



B. 7 RETOIENCES ...ttt e e e e e e e 78

Chapter 7 Real-time Motion COrreCtion ..........ocvveviiiinii e e 81
T L ADSITACT ..ot e et e e e e e e 81
7.2 INErOTUCTION ..vve e et e et e e e e e e et e e e s 82
T3 MEENOUS ... e 84

7.3.1 Spiral navigator aCquUiSItioN ............coouveiviiieine i cnenenn, 84
7.3.2 Integration in 3D IR-SPGRand 3D FSE ...........covvvviiiinnns 86
7.3.3 EKF motion tracking and correction ................coooceeii 87
7.3.3.1 Dynamic state space model ..................ccoeei e, 87
7.3.3.2PrediCtion .......ooiiniie i e 90
7.3.3.3UPUALe ..o 90

7.3.3.4 COIreCtiON ....ov vt e e 91

7335 Filtertuning ......c.oooviiii i, 92

7.3.3.6 ROItracking .........cooovviiiiiiii e, 94

7.3.4 Offline sSImulation ............ccoii i e, 96
7.3.50nline in VIVO EXPErimeNtS ........covuieieiiieie e e, 97
7.3.5.1 In vivo validation experiment .............coovvevvenenn 97

7.3.5.2 Repeated staged motion experiment ..................... 98

7.3.5.3 Real life experiment ..........cooiiiiiiiii i, 99
TARESUILS ...t e e e e e e e e e 100
7.4.1 Offline SIMUIALIONS ........oiv i 100
7.4.2 In vivo validation experiment ...........ccocoveiiiiiiiiiiieiiiieenn, 101
7.4.3 Repeated staged motion experiment ............c.coovevieninnnennn. 103
7.4.4 Real life experiment ..o, 105

viii



7.5 DISCUSSION ettt e e e e e e e e e e e e e e e e e 106

7.5.1 Offline sSimulation ..o 107

7.5.2 In vivo validation experiment ............ccooiiiii i, 109

7.5.3 Repeated staged motion experiment ...............covveiiiineinnnn. 110

7.5.4 Real life experiment .........oooiiiiiii i 110

7.5.5 Advantages / limitations ...........c..cooeiiieiii i e, 111

7.5.6 SUMMANY ©.o i e e e e e e e e e e e e 113

7.6 APPENAIX ettt e e e e e e e 113
7.7 ACKNOWIEAGEMENES ...\ttt et e e e e e e e e 117
T8 RETEIENCES ...ttt e e e e e e e 117
Chapter 8 Future Directions: Restriction Spectrum Imaging .............cooovveiieinnnes 120
TR 11 (oo [¥ o3 { [o] PP 120
B2 MENOS ... et e 121
8.2.1 Data aCqUISItioN .......c.oeiri i e e e 121
B.22RSIMOdel ... e 121

8.2.3 EStIMALION ..ot e e e e 122

8.3 Preliminary resulls ......coovii i, 123
8.4 DISCUSSION ...ttt e et e et e e et et e e e et e e e e e 124
8.5 ACKNOWIEAGEMENES ... \ie et e e e e e 125
8.6 RETEIBNCES ...ttt e e e e 125
Chapter 9 CONCIUSION ... vt e e e e e e e e e e e e e e eeeaes 127
9.1 CONCIUSTON .ttt et e e e e e e et e e e e e 127



LIST OF FIGURES

Figure 3.1. Diffusion in biological tiSSUe ..........cooi it e, 14
Figure 3.2. Stejskal-Tanner pulse gradient spin echo experiment ............ccccceoevvrvnnenne. 15
Figure 3.3. Spin phase distribution for the PGSE experiment .............ccccceieeveninn.n. 16
Figure 5.1. Anatomical ROIs containing crossing and coherent fiber orientations ........ 44
Figure 5.2. Three-dimensional DT and FOD reconstructions ..............c..ccoveviienvnnnns 45
Figure 5.3. Computation of a single HIST-FOD ..........coooiii i 47
Figure 5.4. Comparison of FOD estimates against myeloarchitecture ....................... 48
Figure 5.5. Quantitative comparison of fiber orientations distributions in ROI-2 ......... 50
Figure 6.1. Magnitude of spherical harmonic coefficients ...................cocoiii i 71
Figure 6.2. Relative ideal efficiency of OLS FOD eStimator ...............cocevuevennennnn. 73
Figure 6.3. Effect of gradient sampling scheme of realizable FOD efficiency ............. 75
Figure 6.4. Effect of scanner-specific hardware constraints ...............ccoevvivineeennn. 76
Figure 7.1. SP-Nav pulse-sequence and reconstructed image ..........cccooevveiveeennnnn. 85
Figure 7.2. Spiral-navigated pulSe-SEQUENCES .........oit it e e 86
Figure 7.3. Dynamics state space model of the EKF ..., 88
Figure 7.4. Online EKF schematic for patient-specific ROI tracking ....................... 94
Figure 7.5. Results from phase | of the EKF tracking procedure ............cc..ccovveenne. 95
Figure 7.6. EKF tracking results for 1D motion Steps .......cocoveviviiieviiiiiiiiiie e, 99
Figure 7.7. Average EKF tracking error for compound motion steps ............c.......... 100
Figure 7.8. Results from the in vivo validation experiment ...............c.ccoevveieeennns 102
Figure 7.9. Example EKF MOtion eStimates .......c.cvvvveiiiieiie i i cee v e e eeeeeens 103
Figure 7.10. Reconstructed images for the repeated staged motion experiment ........... 104

Figure 7.11. Comparison of the PROMO ON and NO MOTION 3D IR-SPGR scans ... 105



Figure 7.12. Real life images taken from two healthy young males .........................

Figure 8.1. RSI restriction maps at the level of the corpus callosum .........................

Figure 8.2. RSI direction maps in the striatum

Xi



ACKNOWLEDGEMENTS

It is my pleasure to acknowledge all those that have contributed to this dissertation. |
want to start first and foremost by thanking the chair of my committee and principal advisor,
Professor Marta Kutas, for her unwavering support and guidance throughout my entire
academic career at UCSD. Without her mentorship and generosity over the years, none of this
work would have been possible. I truly cannot thank her enough for everything she has done
for me.

I also want to thank my technical advisor Professor Anders Dale who has been the
cornerstone of my academic growth over the last five years. Ander’s technical guidance and
intellectual brilliance have been fundamental to the formation of this dissertation. He’s taught
me many lessons over the years and | consider his mentorship invaluable. | have nothing but
the utmost respect for Anders and | look forward to continued research with him.

I am also indebted to the support of the other members of my committee. In particular,
Professor Rick Buxton for his expertise in magnetic resonance imaging principles, and
Professor’s Eric Halgren and Terry Jernigan for their respective expertise on magnetic
resonance imaging applications in brain science. Their input and helpful discussions have also
played a key role in the formation of this dissertation.

Last but not least | want to thank all my friends and family that have supported me in
life: my father Alan White, my mother, Marja White, my two brothers Ben and Elijah White,
and of course the love of my life Kate McNulty. At the end of the day it’s been you Kate that’s
given me the love and support when I needed it most.

Chapter 5, in full, has recently been accepted to the journal PLoS One: Quantitative
Histological Validation of Diffusion MRI Fiber Orientation Distributions in the Rat Brain,

Trygve B. Leergaard, Nathan S. White, Alex de Crespigny, Ingeborg Bolstad, Helen

Xii



D’Arceuil, Jan G. Bjaalie, and Anders M. Dale, 2009. The dissertation author was a shared
primary investigator and first author of this paper (along with Trygve B. Leergaard).

Chapter 6, in full, is a reprint of the material as it appears in Human Brain Mapping:
Optimal Diffusion MRI Acquisition for Fiber Orientation Density Estimation: An Analytic
Approach, Nathan S. White, and Anders M. Dale, 2009. The dissertation author was the
primary investigator and first author of this paper.

Chapter 7, in full, is a reprint of the material as it will appear in the January issue of
Magnetic Resonance in Medicine, 2010, entitled: PROMO: Real-time Prospective Motion
Correction in MRI using Image-based Tracking. Nathan White, Cooper Roddey, Ajit
Shankaranarayanan, Eric Han, Dan Rettmann, Juan Santos, Josh Kuperman, and Anders Dale.
The dissertation author was the primary investigator and first author of this paper.

Chapter 8, in full, is part of a presentation at the 17" Annual Meeting of the
International Society of Magnetic Resonance in Medicine (ISMRM) in 2009, entitled:
“Restriction Spectrum Imaging (RSI): A New Approach for Resolving Complex Tissue
Microstructures with Diffusion MRI”, Nathan White, Trygve B. Leergaard, Alex de
Crespigny, and Anders Dale. The dissertation author was the primary investigator and first
author of this abstract, and the material is currently being prepared for submission for

publication.

Xiii



VITA

1999 Bachelor of Science, Boston University.

2002 Medical Product Development Certificate Program

University of California, Irvine — Extension
1999 - 2003 Staff Research Associate, University of California, Irvine

2003 - 2004 Research Assistant, Massachusetts General Hospital,

Harvard University
2010 Doctor of Philosophy, University of California, San Diego
US PATENTS
“Dynamic motion estimation using hidden markov model processing and implementations in
motion insensitive magnetic resonance imaging (MRI) and other applications.” Nathan S.
White, Anders M. Dale. US provisional patent application: SD 2006-154. Filed April 13,

2006.

SELECTED PUBLICATIONS

N.S. White, A.M. Dale. Optimal diffusion MRI acquisition for fiber-orientation density
estimation: an analytic approach. Hum Brain Mapp. 2009 Nov;30(11):3696-703

Trygve B. Leergaard’, Nathan S. White', Alex de Crespigny, Ingeborg Bolstad, Helen

D’Arceuil, Jan G. Bjaalie, Anders M. Dale. Quantitative histological validation of diffusion
MRI fiber orientation distributions in the rat brain. PLoS One. 2009. In press. ' shared first

author.

Xiv



Nathan White, Cooper Roddey, Ajit Shankaranarayanan , Eric Han, Dan Rettmann, Juan
Santos, Josh Kuperman, and Anders Dale. PROMO: real-time prospective motion correction

in MRI using image-based tracking. Magn Reson Med. 2009. In press.

N.S. White,T.B. Leergaard, I. Bolstad, J.G. Bjallie, H.D’Arceuil, A. de Crespigny, A.M. Dale.
Quantitative Histological Validation of Fiber-orientation Distributions Based on High-angular
Resolution Diffusion Imaging. ISMRM, May 2008, Toronto, Canada.

A. Shankaranarayanan, E. T. Han, C. Roddey, N. White, R. Busse, J. Kuperman, J. Santos, D.
Rettmann, E. Schmidt and A. Dale. Motion insensitive 3D T2 and T1-weighted imaging with
a real-time, image-based PROspective MOtion correction technique (3D PROMO) and
automated re-acquisition of motion-corrupted k-space segments. ISMRM, May 2008, Toronto,

Canada.

J.C. Roddey, A. Shankaranarayanan, E. T. Han, N.S. White, A.M. Dale. Motion insensitive
imaging using 3D PROspective MOtion (PROMO) correction with region-of-interest tracking.
ISMRM, May 2008, Toronto, Canada.

N. S. White, A. Shankaranarayanan, E. T. Han, A. Gaddipati, C. Roddey, and A. M. Dale.
Prospective Motion Correction using Non-linear Predictive Filtering. Joint Annual Meeting
ISMRM-ESMRMB, May 2007

Shankaranarayanan, C. Roddey, N. White, E. T. Han, D. Rettmann, J. Santos, E. Schmidt, A.
Dale. Motion Insensitive 3D Imaging using a Novel Real-Time Image-based 3D PROspective
MOtion Correction Method (3D PROMO). Joint Annual Meeting ISMRM-ESMRMB, May
2007

White, N.S., Alkire, M.T., Haier, R.J. A voxel-based morphometric study of non-demented
adults with down syndrome. Neurolmage 2003 Sep;20(1):393-403

White, N.S., Alkire, M.T. Impaired thalamocortical connectivity in humans during general

anesthetic-induced unconsciousness. Neurolmage 2003 Jun;19(2):402-411

XV



FIELDS OF STUDY

Major Fields: Biomedical Engineering, Magnetic Resonance Imaging, Cognitive Science.

Studies in Biomedical Signal Processing

Professors Paolo Bonato and Carlo J. De Luca

Studies in Magnetic Resonance Imaging

Professor Anders M. Dale

Studies in Cognitive Neuroscience
Professors Marta Kutas and Dr. Michael T. Alkire

XVi



ABSTRACT OF DISSERTATION

Quantitative Diffusion Magnetic Resonance Imaging of

the Brain: Validation, Acquisition, and Analysis

by

Nathan S. White

Doctor of Philosophy in Cognitive Science

University of California, San Diego, 2010

Professor Marta Kutas, Chair

Professor Ander Dale, Co-chair

Owing to its exquisitely sensitive contrast mechanism, diffusion magnetic resonance
imaging is a powerful non-invasive approach for studying the microstructural properties of the
human brain in vivo. Magnetic resonance images are made sensitive to the microscopic
displacements of water molecules that take place in brain tissue as part of the natural, physical
diffusion process. Tissue water is used as an intrinsic probe, revealing important clues into the
subtle architectural features of normal and pathologic brain tissue. Typical inferences include

the intravoxel orientation distribution of neuronal fibers and changes in diffusion resulting

Xvii



from cell swelling in acute stroke. However, despite the many important advances made in the
field of diffusion magnetic resonance imaging over the past decade, quantitative inference in
the human brain remains somewhat limited due to the lack of direct quantitative validation
against realistic biological architectures and practical limitations in data collection due to sub-
optimal design parameters and artifacts caused by patient motion during scanning. In addition,
current methods to resolve neuronal fiber orientations are unable to disambiguate fiber
structures at different microscopic length (size) scales. In this dissertation | present a series of
studies addressing each of these important limitations, starting with a general real-time image-
based technique for motion correction in magnetic resonance images and ending with a series
of studies on inferring complex fiber orientations from diffusion data, addressing issues such

as quantitative histological validation, optimal acquisition, and improved multi-scale analysis.

Xviii



Chapter 1

Introduction

1.1 Introduction

The human brain is an immensely complex organ, containing over 10 billion neurons
with each neuron forming roughly 10,000 connections with other neurons. Biomedical
imaging has become a powerful approach to sort through this maze of information and provide
insight into the intrinsically complex functional and structural properties of the brain.
Magnetic resonance imaging (MRI) in particular is an increasingly popular imaging modality
because it allows for non-invasive, in vivo assessment of the entire brain in a matter of
minutes. By using the natural diffusion-driven displacements of water molecules as an
intrinsic probe, magnetic resonance imaging of water diffusion, called diffusion MRI,
provides researchers and clinicians with an unparalleled view of the fine architectural features
of both normal and pathologic brain tissue.

Yet despite the tremendous advances made in the field of diffusion MRI over the last
decade, a number of important research questions remain unanswered. Specifically, how well
can the microscopic displacements of water molecules, as assessed with diffusion MRI, be
used to estimate complex neuronal fiber orientations compared with gold standard histological

techniques, especially in regions with complex tissue geometries? Furthermore, can these



measures be obtained in a reasonable amount of time on today’s clinical MRI machines, and if
so, what is the most efficient way to do so? Are there any alternative analysis strategies for
obtaining more informative quantitative biomarkers of tissue microstructure from diffusion
MRI measures? And finally, given the well-known practical limitations of patient head motion
during MRI scans, especially during scans that are made sensitive to the microscopic motion
of tissue water, are there more efficient methods for mitigating the detrimental effects of
patient motion during MRI scans in general? The work presented in this dissertation will

provide at least some preliminary answers to all these questions.

1.2 Research Summary

This dissertation is divided into three main parts. In Part | (Chapters 2-4) | provide a
basic overall introduction to the field of diffusion nuclear magnetic resonance (NMR) and
magnetic resonance imaging (MRI) (Chapter 2), the fundamental physical principles
governing the approach (Chapter 3), and a brief synopsis of some of the most current state-of-
the-art diffusion MRI techniques (Chapter 4). Having established the requisite historical and
technical background on the subject, in Part Il (Chapter 5-7) | present the work that | view as
the major contribution of this dissertation.

In the first chapter of Part Il (Chapter 5) my colleagues and | quantitatively compared
and validated the extent to which complex neuronal fiber orientations can be derived from
diffusion MRI measures using gold standard histological techniques in ex vivo rat brain tissue.
Having validated the measures, in the next chapter (Chapter 6) we address the question of
what is the most efficient clinical MRI scan protocol that can be used to derive these neuronal

fiber orientations in vivo. Finally, in the last chapter of Part Il (Chapter 7), my colleagues and



| describe a novel real-time motion compensation technique for obtaining MRI scans in vivo
that are insensitive to patient motion during the scan acquisition.

In the final Part 111 (Chapter 8) of this dissertation, | describe a novel and preliminary
analysis strategy for diffusion MRI scans that can be used to resolve and disambiguate
neuronal fiber orientations at various microscopic length-scales. | view this later work as an
initial step towards bridging the gap between the classic material science application of
diffusion NMR to quantify the morphology of various porous materials (pore sizes, spacing,
etc), and today’s wide-spread application of diffusion MRI to resolve the orientation structure

of brain tissue in vivo.

1.3 Original Contributions

In his doctoral dissertation at Harvard University and Massachusetts Institute of
Technology, David Tuch wrote a wonderful brief history of diffusion nuclear magnetic
resonance and magnetic resonance imaging, which inspired me to start with a similar
introduction to this dissertation (Chapter 2).

Chapter 5 was performed in conjunction with colleagues at the University of Oslo,
Norway (Trygve B. Leergaard, Ingeborg Bolstad, and Jan G. Bjaalie), and Harvard University
(Alex de Crespigny and Helen D’Arceuil). Alex de Crespigny and Helen D’ Arceuil collected
the original datasets, while Trygve B. Leergaard, Ingeborg Bolstad, and Jan G. Bjaalie,
conducted the stereological analysis of the histology data. | conducted the MR image analysis
and Trygve B. Leergaard and | shared responsibility for production of the manuscript, which
appears in the journal PLoS One, entitled: “Quantitative Histological Validation of diffusion

MRI Fiber Orientation Distributions”.



Chapter 6 is a theoretical paper conceived by my advisor (Anders Dale) and I, which
can be found published in the journal Human Brain Mapping, entitled: “Optimal Diffusion
MRI Acquisition for Fiber Orientation Density Estimation: An Analytic Approach”.

Chapter 7 was performed in collaboration with colleagues at General Electric Inc.
(Ajit Shankaranarayanan, Eric Han, and Dan Rettmann), and Stanford University (Juan
Santos), as well as members of our own lab (Cooper Roddey and Josh Kuperman). Ther spiral
navigator pulse-sequence and real-time communication code was written by Ajit
Shankaranarayanan, Eric Han, Dan Rettmann, and Juan Santos. The motion tracking
procedure was originally conceived and tested by my advisor (Anders Dale) and I. Cooper
Roddey was responsible for the C implementation of the motion tracking code, and Josh
Kuperman help collect much of the imaging data. | was responsible for production of the
manuscript, which can be found in the journal Magnetic Resonance in Medicine, entitled:
“PROMO: Real-Time Prospective Motion Correction in MRI Using Image-based Tracking™.

Chapter 8 is an extension of the abstract | submitted to the 17" Annual Meeting of the
International Society of Magnetic Resonance in Medicine in 2009, entitled: ““Restriction
Spectrum Imaging (RSI): A new Method for Resolving Complex Tissue Microstructures in

Diffusion MRI”’.



Chapter 2

A Historical Note

2.1 Brownian Motion

In his seminal paper entitled “A brief account of microscopical observations made in
the months of June, July, and August 1827 on the particles contained in the pollen of plants,
and on the general existence of active molecules in organic and inorganic bodies”, the Scottish
botanist Robert Brown reported observing the seemingly “random oscillatory motion” of
pollen grains of Clarkia pulchella suspended in water when viewed under the microscope (1).
While he initially hypothesized this peculiar behavior must somehow be specific to the male
sexual cells of plants, similar observations made later using inorganic materials such as
fragments of glass and very small rocks compelled him to conclude that this seemingly
random dance was rather a general property of all particles suspended in solution. The
physical basis of such Brownian motion remained a mystery until the mid to late 19™ century,
when a general kinetic theory of matter began to emerge, the pioneers of which included the
minds of Rudolf Claussius, James Maxwell and Ludwig Boltzmann. Together, they proposed
the radical idea that such Brownian motion was actually driven by thermal energy, and vis-a-

vis particle motions in solution are manifest as heat.



It wasn’t until the early part of the 20" century when Albert Einstein, apparently
unaware of Brown’s earlier observations and eager to prove the existence of all atoms, derived
the important statistical laws governing such a kinetic theory (2). His laws, which were also
independently formulated by Marian Smoluchowski around the same time (3), not only
accounted for the temperature and viscosity of the solution, but also the size of the particles. In
his work Einstein combined what was known about thermodynamics and statistical mechanics
at the time to obtain the first experimentally testable theory for Brownian motion. Some four
years later in 1909 the French physicist Jean Baptist Perrin performed the seminal experiments
validating Einstein’s theory and proving once and for all the existence of atoms, work which
later earned him the Nobel Prize in physics 1926. The macroscopic behavior of Brownian

motion as formulated by Einstein is the physical process known today as diffusion.

2.2 Diffusion NMR

The phenomenon of nuclear magnetic resonance (NMR) was first discovered in 1946
by the seminal works of Block, Hanson and Packard (4), and Purcell, Torrey, and Pound (5).
Together they observed that when certain atomic nuclei® are placed in a magnetic field, they
begin to align with and rotate around the applied magnetic field with a frequency of precession
proportional to the field strength, the so called “Larmor frequency”. Block, Hanson and
Packard demonstrated how the oscillating nuclei absorb electromagnetic energy when
delivered at the Larmor frequency, while Purcell, Torrey, and Pound demonstrated how the
nuclei re-emit this energy when in the process of returning to their equilibrium state. Four

years later, Hahn published a seminal paper (6) on the formation of NMR spin echos, in which

! Specifically, any nucleus with an odd number of protons and or neutrons which results in an intrinsic
magnetic moment and angular momentum called “spin”.



he showed how the phase incoherence of precessing nuclei in the presence of magnetic field
inhomogeneities could be recovered using a 180° radio-frequency (RF) pulse. In so doing,
Hahn noted that only part of the signal could be recovered due to the diffusion of spins to a
different location along the magnetic field. Car and Purcell (7) later quantified the expected
NMR spin echo attenuation due to discrete changes in spin position, and this was extended to
continuous diffusion description by Torrey (8), in what is now know as the Block-Torrey
equation.

In 1965, Stejskal and Tanner developed an experimental framework to directly read
out the diffusion function using a pair of pulsed gradient magnetic fields before and after
application of Hahn’s 180° refocusing pulse (9). This opened the door for a wide range of
studies over the next twenty years aimed at studying the molecular self-diffusion properties of
both non-biological (10-13) and biological materials (14-17). In the early 1990’s Cory (18)
and Callaghan (19) began to observe diffraction-like effects in porous materials at high
diffusion wavelengths, as predicted by the original diffusion propagator formalism of Stejskal
(11). These diffraction-like effects demonstrated how the morphology of porous materials

(pore size, shape, etc) could be inferred through NMR “g-space” measurements (20).

2.3 Diffusion MRI

In 1973 a chemist at the State University of New York at Stony Brook named Paul
Lautebur published a short paper in the journal Nature? entitled “Image formation by induced
local interactions: examples employing nuclear magnetic resonance” (21). In it, he described

how to separate NMR signals from different spatial locations in the sample by superimposing

% The paper was originally rejected by the editor for not having a sufficiently broad appeal for
acceptance into the journal Nature.



a small magnetic field gradient on top of the main magnetic field. Owing to the Larmor
principle, this procedure thus labeled the position of the nuclei with their variable resonant
frequencies. Armed with this simple, yet elegant Fourier encoding strategy, Lautebur was able
to demonstrate the formation of NMR images, which today are known throughout the medical
community as magnetic resonance images, or MRIs.

Soon after Lauebur’s discovery, in 1977 Peter Mansfield at the University of
Nottingham in England, developed a technique for rapid magnetic resonance imaging called
echo-planar imaging (EPI), which required only one signal excitation per image, reducing the
scan time by orders of magnitude (22). Then, following the formal conceptualization and
demonstration of diffusion MRI by Taylor and Bushell (23), Denis LeBihan collected the first
diffusion images obtained in vivo on both healthy human subjects and patients with
neurological disorders using a whole-body 0.5T scanner (24). Years later Michael Moseley
and others (25,26) at the University of San Francisco published a historical paper which
demonstrated the important clinical significance of diffusion MRI in detecting early cerebral

infarct associated with acute stroke.
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Chapter 3

Diffusion MRI Principles

3.1 Introduction

In diffusion MRI (dMRI), the microscopic translational motion of water molecules
occurring as part of the physical diffusion process is used as an intrinsic probe that can reveal
fine geometric and microstructural features of both normal and diseased tissue. In this chapter,
I provide a brief review of the basic physical principles of dMRI, starting with molecular
diffusion physics and ending with the classic MR experiment through which diffusion is
measured, namely the pulsed field gradient spin echo (PGSE) experiment of Stejskal and
Tanner (1). The concept of the “diffusion coefficient” and “diffusion propagator” is introduced
as well as the distinction between “hindered” and “restricted” diffusion processes in neural

tissue. Terms such as the “b-value” and “q-space” are also introduced.

3.2 Molecular Diffusion Physics

3.2.1 Diffusion coefficient

The basic statistical laws of Brownian motion were laid out in the early 20" century

with the seminal works of Einstein (2) and Smoluchowski (3). Together, albeit through

11
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different means, they introduced the important statistical concept of the “displacement
distribution” of diffusing particles. The displacement distribution is a macroscopic descriptor
of the diffusion process that quantifies the statistical likelihood of observing a given particle
displacement over some finite diffusion time A. They showed that in a free medium, the

displacement distribution is Gaussian with a mean-square displacement given by

<r2>:2dDA, [3.1]

where d = {1, 2, 3} is the physical dimension of the diffusion space, and D is the classical

diffusion coefficient appearing in Fick’s first law (4). The diffusion coefficient takes into
account the temperature and viscosity of the medium as well as the mass of the particles on
their average displacement. The Einstein-Smoluchowski relation in Eq. [3.1] asserts that if
one were to release all the particles at some origin in three-dimensional space (d = 3) at time

zero, after some time A, one can expect to find about 68% of them (or one standard deviation)
within a sphere of radius I =+ 6DA | centered at the origin. Note that the physics of diffusion
makes no distinction between the diffusing particles and the suspended medium, and thus the

same diffusion theory applies for particles diffusing in their own medium, such as water

diffusing in water — a process known as self-diffusion.

3.2.2 Water diffusion in neural tissue

At normal brain temperatures (37° C), the diffusion coefficient D of free water is
approximately 3 x 10 mm® s™', which translates into a root mean-squared displacement r

along one dimension of approximately 17 um in 50 ms. However, in neural tissue, during their
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diffusion-driven displacements, water molecules constantly collide with, bounce off, and
interact with various obstacles, such as neuronal fibers, cell membranes, and large
macromolecules. The net effect of these obstacles is to not only reduce their overall root
mean-squared displacement compared to free water, but to cause their displacement
distribution to vary as a function of direction in which it is measured. Thus, while free water
diffusion is isotropic, water diffusion in neuronal tissue is anisotropic with a displacement
distribution that is no longer Gaussian. Yet it is this complex diffusion behavior and
directional anisotropy that ultimately provides the inferential power through which subtle
geometric and microstructural features can be derived from the diffusion measures. That is to
say, if the water displacement distributions were trivial, they wouldn’t carry much information

about their local environment.

3.2.3 Hindered and restricted diffusion

A single volume element (voxel) in a typical diffusion MR image is on the order of
~10-30 mm’, and will therefore contain thousands if not hundreds of thousands of cells and
various tissue components depending on its location in the brain. As mentioned above, water
diffusion in this space is highly complex and will depend on many factors including the
viscosity, composition, geometry, and permeability of each compartment (axons, dendrites,
cell bodies, etc.). At very short times scales, viscosity and composition play the dominant role
in the diffusion displacements, while at long time scales geometry and permeability start to
dominate, as the diffusing molecules are allowed time to probe their environment. It is
generally thought that the reduced mean-squared displacement of water molecules in neural
tissue compared to free water can be attributed to increased viscosity, macromolecular

crowding, and restriction effects for intracellular water (5)
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Figure 3.1. Diffusion in biological tissue is impeded by tissue components. In the extracellular space
(red), tissue components provide an overall hindrance to water diffusion resulting in an increased
tortuosity of their paths. In the intracellular space (blue), water diffusion is mainly restricted by cell
membranes, although some effect of exchange between the compartments may persist.

and increased tortuosity effects for extracellular water (6-8). An increased tortuosity to water
diffusion in the extracellular space is consistent with the view that cellular components
provide an overall hindrance to diffusing molecules in this space, rather than a restriction,
which makes sense given the prevailing notion of the brain’s extracellular space as an
important communication channel between nerve cells allowing water, nutrients, electrolytes,
etc. to navigate between cells without getting trapped per se. Cell membranes on the other
hand provide restrictions to diffusing water such that their mean-squared displacement
becomes invariant to the diffusion time at long A (neglecting for the moment the effect of
exchange). Thus, at long A, the mean-squared displacement of intracellular water provides
information on compartment sizes (9), and has been used as a surrogate measure of axon
diameters (10). However, so far, evidence of restricted diffusion in vivo remains elusive
(11,12), which may be due in part to the effects of exchange (12) and in part due to hardware

limitations of most clinical MRI scanners.
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Figure 3.2. Stejskal-Tanner pulsed gradient spin echo (PGSE) experiment.

3.3 Diffusion MRI Measurement

3.3.1 Pulsed gradient spin echo experiment

The classic diffusion MRI experiment is the pulsed gradient spin echo (PGSE)
experiment pioneered by Stejskal and Tanner in 1965 (1). The basic idea is to magnetically
label the hydrogen protons (spins) carried by water molecules at some initial time zero and
then try to undo the effects of the label at some later time A. The extent to which the label
can’t be reversed is related to their net displacement, and thus can be used to measure the
apparent diffusion coefficient (ADC) in tissue. The term “apparent diffusion coefficient” was
originally introduced by Le Bihan (13) to highlight the fact that the measured diffusion
coefficient in neural tissue may include contributions from other biological processes such as
perfusion.

To measure diffusion, the PGSE experiment builds on the classic Hahn spin-echo
sequence (14) to include a pair of gradient pulses with a magnitude G and duration 6 before
and after the 180° refocusing RF pulse (Fig 3.2). After an initial 90° pulse excites the spins
into phase (Fig. 3.3a), the first gradient pulse is applied, which encodes the position of the

spins along the gradient with a particular phase offset relative to each other (Fig. 3.3b).
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Figure 3.3. Spin phase distribution for the PGSE experiment during three hypothetical situations: 1) no
diffusion (top row), 2) diffusion parallel to the applied diffusion gradients (middle row), and 3)
diffusion perpendicular to the applied diffusion gradients (bottom row). Only diffusion parallel to the
gradients during the diffusion time A result in a net phase dispersion and an associated signal
attenuation.

Then, the spins are allowed to diffuse, during which time a 180° pulse is used to invert their
phase and set up the formation of a spin echo (Fig. 3.3¢). However, prior to the echo readout,
and at time A after the start of the first gradient pulse, a second gradient pulse is applied with
same magnitude and duration as the first gradient pulse (Fig. 3.3d). This second pulse will
“rewind” the phase of the first, provided the spins remained in their original location at the
time of encoding. If not, and the spins moved incoherently (i.e. diffused) to a different location
along the gradient, then a net phase incoherence will result, reducing the echo amplitude and
causing a net signal attenuation. Note that a coherent flow along the gradient would result in a
net phase offset, rather than an overall phase dispersion. Note also that the echo attenuation
results only from the vector component of diffusion that takes place along the gradient

direction (Fig 3.3).



17

The degree of signal attenuation for a single isotropic Gaussian spin ensemble with

diffusion coefficient D is given by the well-known Stejskal-Tanner equation (1)

S/S, =7 (AP _ gD 3.2]

where S/, is the normalized signal attenuation, S, is the signal measured in the absence of
any gradients (G = 0), y is the gyromagnetic ratio of protons, and b = y°G*6” (A—ﬁ/ 3) is
called the diffusion weighting factor, or “b-value” (13). Conceptually, the b-value controls the
overall degree of diffusion sensitivity (expected degree of signal loss), which is dependent on

the strength of the initial phase labeling }/2G25 ?, and the effective time allotted for the spins

to diffuse (A—5/3).

3.3.2 Fourier relationship and the ensemble average propagator

The classic Stejskal-Tanner equation in Eq. [3.2] allows one to relate the signal
attenuation to the diffusion coefficient of a Gaussian diffusing ensemble of spins through use
of the b-value. However, recall that the Gaussian assumption can easily be violated in
neuronal tissue due to restriction effects and heterogeneity of tissue components. Recognizing
the importance of generalizing their result to the more general case of non-Gaussian diffusion,

Stejskal-Tanner also provided an elegant relationship between the spin displacement

probability density function 5(F,A), also called the “ensemble average propagator” to the

normalized signal attenuation (1)
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S/S, =IF_>(r,A)e‘”"Grdr, [3.3]

where IS(I’,A) is the probability a spin will experience a net displacement r in time A. The

average propagator in Eq. [3.3] makes no assumptions on the form of the diffusion process,
and reduces to the classic Stejskal-Tanner in Eq. [3.2] when the spin displacement distribution

1s Gaussian.

3.3.3 g-Space formalism

Building on the classic pulsed-field gradient spin-echo (PGSE) experiment of Stejskal

and Tanner (1), Callaghan (15) and Cory and Garroway (16) proposed to rewrite Eq. [3.3] as a

Fourier transform (F) with respect to the reciprocal wavevector q = yGJ (27[ )_1

[3.4]

This allows one to conceptualize the acquired data as a “g-space” image of the displacement
distribution, whose reconstruction can be obtained through simple Fourier inversion of the
normalized diffusion signal. However, the Fourier relationship in Eq. [3.3] relies on a few key
assumptions. First, the width of the gradient pulses 6 is considered to be infinitesimally short,
such that the area of the gradient pulse is time-independent and can be approximated as Go.
This condition is called the “narrow pulse field approximation”. Second, the diffusion time A
must be sufficiently longer than & (A>>9), such that nearly all the spin diffusion takes place

during the diffusion time and not during the gradient pulses (cf. Fig 3.2). These assumptions
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will be called into question in Chapter 4 when reviewing certain diffusion MRI analysis

techniques.
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Chapter 4

Diffusion MRI Techniques

4.1 Introduction

Diffusion in biological tissue is a complex process. Equally complex is the process of
inferring biological information from diffusion MRI (dAMRI) measurements. In this chapter, I
provide a brief overview of some of today’s current state-of-the-art dMRI techniques, what
they purport to measure, and some of their advantages and disadvantages. The main goal of
this chapter is to provide the requisite background into the specific techniques referenced in
the remaining chapters of this dissertation (Chapters 5-8), as well as to provide the motivation

for such work.

4.2 Diffusion MRI Techniques

Generally speaking, most dMRI techniques fall within one of two categories. The first
category of methods attempt to characterize some aspect of the diffusion process, either
through measurement of the water displacement probability density function (PDF), also
called the ensemble average propagator, or through measurement of the apparent diffusion
coefficient (ADC). These methods can be either model-free or model-based. The second

category of methods attempt to estimate microstructural features directly through application
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of some type of biophysical model for water diffusion in neural tissue. Below I review some

popular techniques in both categories.

4.2.1 Model-free methods

4.2.1.1 g-Space imaging (QSI)

Building on the classical pulsed gradient spin echo experiment (PGSE) of Stejkal and
Tanner (1), Callaghan (2) and Cory and Garroway (3) proposed the g-space framework to gain
insight into the microscopic diffusion properties of complex materials. g-Space imaging (QSI)
is a model-free (unbiased) method for obtaining the water displacement probability density
function (PDF) through Fourier inversion of the normalized diffusion signal, without recourse
to a mathematical model for the displacements. It was observed early on that the “diffraction”
peaks of the g-space signal and the reconstructed displacement PDF for reflecting molecules
trapped within simple geometries, such as spheres and cylinders, may (at sufficiently long A)
be used to derive information on the size and shape of the confinement (4-6). Kuchel and co-
workers (7) found similar diffraction-like effects in suspensions of human red blood cells,
which were indicative of their cell diameters and intracellular spacing. However, the
diffraction peaks were not as sharp as in other porous materials, most likely due to the
variability of cell sizes and the effects of exchange between intracellular and extracellular
compartments. Diffraction-like peaks resulting from restricted diffusion have yet to be
observed in vivo, but King et al. (8,9) and Assaf et al. (10) demonstrated that other quantities
derived from the displacement PDF, such as the root mean-squared displacement or
probability of zero displacement still reveal important structural parameters of CNS tissue,
such as the compartment size. Today, there remains growing interest in using QSI for studying

spinal cord trauma (11,12) and multiple sclerosis (13,14).
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The main limitation of g-space imaging is an experimental one. Recall the Fourier
relationship between the displacement PDF and normalized diffusion signal requires the
diffusion sensitizing gradients have an infinitesimally short duration § (the “narrow pulse field
approximation”), and that all the spin diffusion takes place during the diffusion time A, rather
than during the gradient pulses themselves, i.e. d<<A (cf. Chapter 3). This subsequently
requires very large amplitude gradient pulses with rapid rise times that even the most
advanced whole-body (head) gradient systems cannot provide. For this reason, the classic -
space framework is primarily limited to ex vivo applications on small bore animal scanners

with powerful gradient coils.

4.2.1.2  Diffusion spectrum imaging (DSI)

Diffusion spectrum imaging (DSI) (15) is a model-free technique closely related to
conventional QSI, but adapted for three-dimensional (3D) in vivo applications on clinical
scanners. In DSI, the diffusion data are acquired on a Cartesian grid in g-space, and the 3D
water displacement PDF, or “displacement spectrum”, is reconstructed for each voxel using
the inverse Fourier transform. Rather than use the reconstructed PDF for estimating
microstructural features, it is often integrated in the radial direction to obtain a measure that
reflects the overall likelihood of water diffusion along any arbitrary solid angle in 3D space.
This derived quantity, called the water displacement orientation distribution function (ODF)
(16) is often used as a surrogate measure of neuronal fiber orientations (15), and is gaining
popularity for in vivo white matter fiber tracking applications (17).

Similar to QSI, the main advantage of DSI is that it provides a model-free description
of the diffusion process without recourse to a mathematical model or prior description of the

water displacement function. However, in order to resolve the displacement spectrum, DSI
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requires collecting hundreds of images on a 3D Cartesian lattice in g-space, which increases
scan time significantly (several hours for whole brain coverage), and precludes its application
for routine clinical use. Also, at a more fundamental level, DSI applies the formalism of
conventional QSI without satisfying any of its essential requirements. For example, it’s not
uncommon for a typical DSI acquisition to have relatively long gradient pulses (6=50ms) that
fill up almost the entire diffusion time, i.e. A=3. This means that essentially all the molecular
spin diffusion takes place during the gradient encoding, resulting in a displacement spectrum
that reflects a quantity more in line with the center-of-mass propagator (18), rather than the
ensemble average propagator. Deriving microstructural information from the displacement
spectrum is therefore complicated and warrants careful interpretation (19). With that said, in
light of the fact that the center-of-mass propagator can be viewed as a convolved (smoothed)
version of the ensemble average propagator (18), the course-scale orientation structure of the
displacement spectrum may still be well preserved, and thus the peaks of the ODF may still

reflect the general orientation structure of the tissue.

4.2.1.3 g-Ball imaging (QBI)

g-Ball imaging (QBI) is a model-free approach for recovering the diffusion ODF
using measurements collected on the sphere in g-space (20). Such spherical acquisitions, also
called high angular resolution diffusion imaging (HARDI) acquisitions, require far fewer
measurements compared with the lattice sampling of DSI, and thus can reduce the scan time
significatly. As such, the g-ball technique is generally considered more clinically applicable
compared with DSI. While the original g-ball technique computes the ODF numerically (20),
several recent works (21-24) have used spherical harmonic basis functions to compute the

ODF analytically, resulting in a solution that is much faster and more robust to measurement
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noise. Furthermore, by truncating the spherical harmonic series and setting an upper limit to
the desired angular frequency of the recovered ODF, more specific and efficient reduced
spherical encoding strategies can be performed. One important limitation of QBI is that the
displacement spectrum itself is not measured, only its angular information via the diffusion

ODF, and thus inferring quantitative microstructural parameters of the tissue is limited.

42.1.4 Spherical harmonics (SH)

Spherical harmonic (SH) basis functions have also been used to provide a model-free
description of the intravoxel apparent diffusion coefficient (ADC) (25,26). Similar to other
model-free approaches, the advantage of using a spherical harmonic representation is that it
makes no prior assumption on the three-dimensional shape of the ADC, which may become
quite complex in voxels containing multiple fiber orientations. However, although this method
is classified as being model-free, implicit in the assumption of reconstructing the ADC (albeit
with any arbitrary shape), is that the water displacement distribution is treated as Gaussian
when measured along an arbitrary solid angle in 3D. This Gaussian assumption is clearly
violated if the diffusion measurements are sensitive enough (i.e. with sufficient diffusion
weighting) to pick up the slow diffusing water component in the intracellular space which is

non-Gaussian due to restricted diffusion (cf. Chapter 3).

4.2.2 Model-based Methods

422.1 Diffusion tensor imaging (DTT)
Diffusion tensor imaging (DTI) (27) is by far the most popular diffusion MRI
technique used today. As its name suggests, DTI is a model-based technique that posits a

single 3D Gaussian distribution for the ADC, such that an effective diffusion tensor can be



26

estimated in each voxel. In regions of coherently organized microstructure with a high degree
of diffusion anisotropy, such as the myelinated axons of large white matter fiber bundles (28),
the principle eigenvector of the reconstructed tensor is a reliable indicator the principle mode
of orientation. This observation opened the door for a whole new field of study aimed at
mapping white matter fiber tracks throughout the brain (29,30). Scalar quantities derived from
the tensor eigenvalues, such as the fractional anisotropy (FA) and mean diffusivity (31,32)
also provide an important rotationally invariant scalar description of the diffusion process
within voxels. These measures have found widespread application, from studying white matter
deficits associated with various psychiatric disorders such as Schizophrenia (33-35),
Alzheimer’s disease (36,37), and addiction (38,39), to identifying tissue damage associate
with the acute and chronic stages of stroke (40-42) and traumatic brain injury (43,44).

Despite its growing popularity and widespread acceptance in the field, DTI is limited
by the simplifying assumption of a single Gaussian diffusing component in each voxel. Not
only is the Gaussian model inadequate to model the slow and fast diffusing components
resulting (presumably) from the intracellular and extracellular space, respectively, but a single
tensor cannot capture the complex orientation structure present in heterogeneous tissue, for

example in regions where white matter fiber bundles cross.

4.2.2.2  Multi-tensor imaging

Multi-tensor imaging, or the multi-tensor model, is a natural extension to DTI which
allows for a finite mixture of diffusion tensors to characterize the intravoxel ADC (16,45). The
obvious advantage of multi-tensor imaging is it allows for two or more Gaussian diffusing
components to be recovered, and therefore can be used to resolve or separate the orientations

of crossing white matter fiber tracks (16,46).
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The main disadvantage of the multi-tensor, or Gaussian mixture model, is the number
of mixture components must be specified a priori, although some work have been performed

using various information criterion to help with the model selection problem (47,48).

4223 Spherical deconvolution (SD)

Spherical deconvolution (SD), first purposed by Tournier and colleagues (49) in 2004,
is a novel model-based analysis technique for dMRI that is becoming increasingly popular in
recent years. Rather than try to model the ADC explicitly, in SD the signal is modeled as
stemming from an unknown distribution of fibers, each with a fixed three-dimensional
Gaussian ADC. Thus, the diffusion signal can be viewed as the convolution of the neuronal
fiber orientation distribution (FOD) with the expected signal response from a single
“canonical” fiber, or bundle of fibers. This is a slight, but important interpretive shift from
previous dMRI techniques, in that the quantity of interest, i.e. the fiber orientation distribution,
is estimated directly from the data, rather than hypothesized from the peaks of the ADC or
ODF.

Various techniques for estimating the FOD via spherical deconvolution or related
approaches exist today (21,50-54). Recent work also suggests that the FOD may outperform
the ODF for fiber tracking applications (55), which may not be surprising in light of the view
that the ODF is a convolved or “smoothed” version of the FOD (21,55). One disadvantage of
the deconvolution approach is that the response function must be chosen a priori, although
various data driven approaches for simultaneous estimation of the response function
parameters and the FOD do exist (21,56). However, all these approaches make the assumption
that the fiber distribution is composed of fiber elements with identical Gaussian diffusion

characteristics, regardless of what that might be. However, the Gaussian assumption of water
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diffusion for a single canonical nerve fiber does not hold under certain experimental
conditions where the measurements become sensitive to the restricted water pool inside the

cell.

4.2.24  CHARMED model

Assaf et al. (57) proposed a “composite hindered and restricted model” (CHARMED)
for the diffusion signal in white matter, where water in the extra- and intra-axonal space are
modeled as Gaussian (hindered) and non-Gaussian (restricted), respectively. The CHARMED
model assumes Neuman’s analytic approximation (58) for restricted spins in cylinders under
the condition where the narrow pulse field approximation of the g-space signal is violated (cf.
Chapter 3). The advantage of CHARMED is that by fitting the model for restricted spins,
inferences on the axon diameters can be extracted, a feature that incorporated into their new
technique called “Axcaliber” (59). However, the Axcaliber method has only been applied ex
vivo using small bore systems with extremely powerful gradient coils, and thus it remains
unclear to what extent these findings will translate to the in vivo situation. The most recent
study employing CHARMED on the human brain in vivo, showed the ability to separate
hindered and restricted diffusion components along with their orientations, but did not use the

data to infer axon diameter distributions (60).

4.3 Present Limitations and Motivation

There has growing interest in the field of diffusion MRI to resolve quantitative
measures of tissue microstructure non-invasively. Of particular interest presently, is to use
high dimensional diffusion MRI data to extract neuronal fiber orientation distributions (FOD)

throughout the brain. While many promising methods have been purposed to estimate FODs
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from diffusion measures, direct quantitative validation of the results remain missing. This lack
of quantitative validation is addressed in Chapter 5 of this dissertation. Furthermore, provided
diffusion MRI-derived FOD measures provide an accurate characterization of the underlying
histoarchitecture, it is presently unclear how to optimize the experimental scan protocol on a
clinical scanner to maximize the statistical efficiently for deriving the FODs. This is addressed
in Chapter 6 of this dissertation. As all in vivo MRI applications are ultimately limited by
patient motion, especially when sensitized to the microscopic displacements of water
molecules as in diffusion MRI, a robust and efficient method to correct for these motion
artifacts is highly desired. In Chapter 7 of this dissertation I describe a novel and general real-
time method for obtaining motion insensitive MRI scans. Finally, in Chapter 8 of this
dissertation I present some preliminary results of a novel method for deriving FODs at
different microscopic length scales, addressing the assumption of a fixed scale ADC used by

current spherical deconvolution methods.
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Chapter 5

Histological Validation of Fiber

Orientation Distributions

5.1 Abstract

Diffusion MRI (dMRI) is widely used to measure microstructural features of brain
white matter, but commonly used dMRI measures have limited capacity to resolve the
orientation structure of complex fiber architectures. While several promising new approaches
have been proposed, direct quantitative validation of these methods against relevant
histological architectures remains missing. In this study, we quantitatively compare neuronal
fiber orientation distributions (FODs) derived from ex vivo dMRI data against histological
measurements of rat brain myeloarchitecture using manual recordings of individual myelin
stained fiber orientations. We show that accurate FOD estimates can be obtained from dMRI
data, even in regions with complex architectures of crossing fibers with an intrinsic orientation
error of approximately 5-6 degrees in these regions. The reported findings have implications
for both clinical and research studies based on dMRI FOD measures, and provides an

important biological benchmark for improved FOD reconstruction and fiber tracking methods.
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5.2 Introduction

Diffusion magnetic resonance imaging (dMRI) (1,2) is a powerful tool increasingly
applied in clinical and research settings for investigating structural properties of biological
tissue in vivo (3,4). The basic concept of dMRI is to quantify the microscopic self diffusion of
water along prescribed directions in three-dimensional (3D) space using a series of diffusion
sensitive MR images (5). In biological tissue, the diffusion-driven displacements of water
molecules are impeded by intra- and extra-cellular tissue components (6), and therefore their
measured displacement distributions provide unique microstructural and architectural
information in both normal and pathologic brain tissue (7).

The standard dMRI method is diffusion tensor imaging (DTI) (8), which uses a single
3D Gaussian distribution model for the measured apparent diffusion coefficient (ADC) in each
imaging voxel. The shape and orientation of the Gaussian distribution is fully specified by its
covariance matrix, or diffusion tensor (DT). In coherent, densely packed, white matter fiber
bundles, the direction of fastest diffusion, given by the principal axis (or primary eigenvector)
of DT, points along the main axis of the fiber bundle and is commonly used to map the
trajectory of white matter fiber tracts in the brain (9-11). However, while the orientation of the
DT has been validated in large fiber bundles with coherent fiber orientations in brain (12-15)
and myocardial tissues (14,16,17) the tensor model cannot be used to resolve multiple fiber
bundles within voxels containing more than one principal direction (18). Such complex fiber
architectures frequently occur both in grey and white matter regions containing crossing or
branching fiber tracks, and as a consequence of partial volume effects when different
neighboring tissue architectures are included in the same voxel. In both cases, the ADC will
have multiple diffusion peaks and the DT no longer provides an accurate mathematical

description of the apparent diffusion patterns.
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This limitation of DTI has prompted numerous efforts to develop dMRI techniques
capable of resolving complex fiber architectures within voxels. Diffusion spectrum imaging
(DSI) (19) is a popular model-free method that applies the classical formalism of “g-space”
theory (20,21) to recover the three-dimensional (3D) diffusion propagator, or displacement
spectrum in each voxel. The orientation structure of the diffusion propagator can be revealed
by summing the propagator in the radial direction, yielding a measure that quantifies the
overall likelihood of water diffusion in a given direction in 3D space. This derived function,
called the water diffusion orientation distribution function (ODF) can be used as a surrogate
measure of complex fiber orientations within voxels (19,22). A related model-free method
called g-ball imaging (QBI) (23) provides an alternative approach for recovering the diffusion
ODF in each voxel using less time intensive and reduced encoding (spherical) diffusion
acquisition protocols.

While DSI and QBI are established model-free techniques for recovering important
aspects of the water diffusion function in tissue (through measurement of the diffusion
propagator or ODF), they do not provide a direct quantitative description of the underlying
distribution of fibers or the intrinsic diffusion properties of these fibers (24). This additional
level of inference requires a biophysical model for the diffusion properties of the tissue fibers.
One popular model-based method is to model the diffusion function of the neuronal fibers
with a single diffusion tensor, where the parallel and perpendicular diffusivity of the tensor is
fixed for all fibers within the voxel. Under this model, the intrinsic neuronal fiber orientation
distribution (FOD) can be estimated via spherical deconvolution of the diffusion signal with a
tensor response function (24-29) or using more sophisticated Bayesian methods (30,31).
Similar to the water diffusion ODF, the peaks of the FOD can reveal the orientation structure

of complex fiber architectures within voxels and is gaining popularity for use in fiber tracking



38

applications (25,32). Yet another model-based approach is to impart a composite model for the
restricted and hindered water inside and outside the myelinated axons to obtain estimates of
white matter fiber orientations (33) and diameter distributions (34,35) within voxels.

To date, validation of the orientation structure of both the water diffusion ODF and
underlying FOD have primarily involved numerical simulations in conjunction with
qualitative comparison with known anatomical features (25-29,36-38), and comparisons with
ex Vvivo biological (19,39-41) and non-biological (39,42-44) diffusion phantoms. Thus, there is
a lack of direct quantitative validation against realistic biological fiber architectures, and this
poses an important limitation to the further development of improved FOD methods and
studies which seek to apply these methods for research and clinical purposes.

To amend this, we here quantitatively compare FOD measures derived from ex vivo
dMRI data against histological measures of rat brain myeloarchitecture. We conclude that
FOD measures derived from tomographic dMRI data provide an accurate characterization of
underlying myelinated fiber orientation distributions, even in regions with complex fibers

architectures where the application of DTI is limited.

5.3 Methods

5.3.1 Material and data acquisition

Adult male Sprague-Dawley rats were anesthetized (ketamine hydrochloride
50 mg/kg, and sodium pentobarbital 12 mg/kg, i.p.) and euthanized by transcardial perfusion
with 4% paraformaldehyde. The isolated brains were immersed for 4 weeks at 4°C in a
solution of ImM Gd-DTPA (Magnevist®, Bayer HealthCare Pharmaceuticals, Wayne, NJ,
USA) in phosphate buffered saline, and positioned in a sealed plastic tube filled with

Fomblin® LC8 liquid (Solvay Solexis, Thorofare, NJ, USA) (45). High b-value QSI data were
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acquired using a 2D spin echo echo planar imaging (EPI) sequence on a 4.7T Bruker scanner
equipped with a 3 cm solenoid receiver coil. QSI data were collected using a conventional DSI
(Cartesian) acquisition scheme. Pulse-sequence parameters for the QSI acquisition were:
TR/TE = 650/49 msec, A/ = 23/12 msec, 515 g-space directions, |G| = 380 mTm™', b-max
= 30452 sec/mm’, matrix = 64x64x128, voxel size = 265 pum isotropic. Following MR
imaging, the brain was coronally sectioned at 50 um on a freezing microtome, at an angle
closely matching the tomographic images. The right side of the brain was marked with a
shallow razor-blade cut in the tissue to ensure correct orientation of the sections. One in four
sections was stained for myelin using a standard procedure modified from Woelcke (46),
yielding an effective through-plane spacing of 200 um. High-resolution mosaic images were
obtained through UPlanApo 20/0.70 and 40/0.85 dry objectives using a motorized Olympus
BX52 microscope running the Neurolucida 7.0 software (Virtual Slice module, MBF

Bioscience, Inc, Williston, VT, USA).

5.3.2 Registration

As any voxel-wise quantitative comparison requires accurate spatial registration of
image data, several measures were taken to minimize the potential error of misalignment.
First, care was taken during histological processing to ensure that the coronal sectioning angle
matched the tomographic slice orientation. Trigonometric measurements of multiple
corresponding anatomical landmarks confirmed that the angle of the histological section plane
and tomographical slice orientation only differed by about 2 degrees (rotation around the
mediolateral axis), thus allowing direct registration without resampling of the QSI slice
orientation. Second, the selected ROIs (procedure described below) were confirmed to have 1)

minimal nonlinear distortion in both the histological data (due to histological processing) and
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QSI data, and 2) consistent myeloarchitecture across multiple coronal (through-plane)
sections. Third, a careful and detailed manual registration protocol was performed for both
ROIs. Corresponding anatomical landmarks (brain surface, genu and splenium of the corpus
callosum, anterior commisure, the ventricular system, the oculomotor nerve, and several
mesencephalic and brain stem nuclei) were identified on basis of general gray and white
contrast and used to assign relative anterioposterior position coordinates across the whole
brain for both image modalities. Then, for each ROI (one in the forebrain at the level of the
genu of the corpus callosum, and the other in the brain stem at level of the superior colliculus,
see Fig. 5.1), histological images were manually registered to corresponding QSI images.
Groups of corresponding tomographical and histological images from a volume approximating
a ~1 mm thick coronal brain section (corresponding to 4 QSI and 20 histological slices)
through both ROIs were assembled as separate layers using the program Adobe Illustrator CS3
(Adobe Systems Inc. San Jose, CA, USA). Each layer was scaled appropriately depending
upon the native voxel size. Finally, using the QSI images as a reference, the histological
images were individually adjusted using affine transformations to match multiple local gray
and white matter landmarks. This final alignment procedure was iterated until optimal spatial

matching was achieved.

5.3.3 ROI selection

ROIs were selected on the basis of 1) color-coded DT maps, 2) 3D DT and FOD
reconstructions, and 3) visual inspection of myeloarchitecture. The first ROI (ROI-1) was
selected to contain relatively uniform white matter fiber orientations (Figs. 5.1A,B; 5.2A). To
help find this location, a red-green-blue (RGB) map was created using the primary eigenvector

e, of the DT ("preferred” direction), where each vector element defined the red, green, and
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blue components of each voxel, respectively. The brightness of this preferred RGB map was
determined using a measure of the degree of linear anisotropy, defined as C, = (A; - Ay)/ M
(47), where Ay, Ay, and Az are the first, second, and third eigenvalues of DT, respectively.
Thus, a bright red color in the preferred RGB map indicates a high degree of linear anisotropy
with left-right orientation (Fig. 5.1A,A’). The second ROI (ROI-2) was selected to contain
complex crossing fiber orientations (Figs. 5.1C,D; 2B). To help find this location an RGB map

of the third eigenvector €, (“non-preferred” direction) was created and the brightness of this

non-preferred RGB map was defined using a measure of the degree of planar anisotropy,
defined as C, = (A, - A3)/ A, (47). Voxels with a bright blue color would thus indicate a “disk-

like” DT (indicative of crossing fibers) within the image plane (€, points through-plane, Fig.

5.1D,D’). 3D DT and FOD reconstructions provided additional confirmation of apparent
crossing fiber architectures that were highly consistent across animals. Finally, the
myeloarchitecture in ROI-1 and ROI-2 were microscopically inspected in the original
histological sections to confirm the neuroarchitectural patterns suggested by the tomographic

data.

5.3.4 Computation of HIST-FODs

The HIST-FODs in ROI-1 and 2 were derived using a systematic random
stereological approach adapted from (12). High-resolution histological images from two
consecutive myelin stained sections (spaced at 200 um) were assembled in separate layers in
the Adobe Illustrator file used for image registration (see registration section above). A grid
derived from the voxel matrix of the spatially corresponding QSI slice was superimposed onto
the histological images. Each voxel domain was further subdivided using a 5x5 rectangular

sampling grid. In four systematically positioned sample grids (Fig. 5.2A,B), individual myelin
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fiber trajectories were traced as vector lines using Adobe Illustrator. The vector coordinates
were exported to Matlab (The Mathworks, Inc. Natick, MA) and HIST-FODs were computed
for each QSI voxel by calculating the angular histogram of the line plots (fiber vectors) with a
bin size of 1° (360 points) from the four sub regions. To further increase the robustness of the
HIST-FODs, corresponding angular histograms from two neighboring myelin sections spaced
200 um apart were averaged together and the averaged histogram was smoothed with a
Gaussian kernel with a FWHM of 8°. In this way, our histological sampling included a
through-plane distance approximately corresponding to the depth of a single 265 [m QSI
voxel. To quantify the intrinsic degree of fiber spreading within ROI-1 of the corpus callosum,
Gaussian distributions were fit to the final angular histograms of each voxel, yielding an

average FWHM of approximately 34°.

5.3.5 Computation of DT-FODs

Since the diffusion tensor (DT) is a model for the apparent diffusion coefficient
(ADC), a direct comparison with the HIST-FODs would be misleading. Under the DT model,
the fiber orientation is given by a single delta function pointed in the direction of the primary
eigenvector. To generate DT equivalent FODs (DT-FODs), the resultant delta functions were
convolved with a Gaussian smoothing kernel with a FWHM of 34°. This level of smoothing
was chosen to match the intrinsic angular dispersion of fibers within the ROI-1 of the corpus

callosum.
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5.3.6 Computation of QSI-FODs

To estimate the QSI-FODs, we extend the traditional spherical deconvolution method
in Reference (29) to arbitrary (multi-b-value) g-space acquisitions. A axially symmetric tensor
model (48) was chosen for the single fiber response function with perpendicular (A=A, = A;=
4.0 x 10° mm’s™) and parallel diffusivities A=Mm=3.5x 10 mm’s™) estimated directly from
the QSI data in ROI-1, similar to the approach used in (29). Tikhonov regularization was used
to improve the conditioning of the inversion. The FOD solution was parameterized using
radial-basis functions, as in Ref (26). The radial-basis functions themselves are parameterized
by the desired FOD reconstruction points and the radial-basis function width parameter ¢. For
the 3D QSI-FOD reconstructions in Fig. 5.2, a 3™ order icosahedral tessellation of the sphere
was chosen for the FOD reconstruction points (642 vertices) and ¢ was set to 20. For the 2D
QSI-FOD reconstructions in Figs. 5.4 and 5.5, 360 equally spaced points on the unit circle was
chosen for the FOD reconstruction points, and ¢ was set to 10. This value of ¢ was chosen
because it optimized the correlations with the HIST-FODs in ROI-2. However, we tested a
range of different values for o (from 1 to 20) and found that the average correlations and

angular error for the FOD peaks were largely robust to variations in this parameter.

5.4 Results

High b-value g-space imaging (QSI) data were acquired from fixed adult rat brains
that had been immersed in a contrast enhancing gadolinium solution (Magnevist® (45)).
Following tomographic imaging, coronal histological sections of the tissue were obtained and

stained for myelin and high resolution digital images acquired. Tomographic and histological
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ROI-1: parallel fiber orientations ROI-2: crossing fiber orientations
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Figure 5.1. Anatomical ROIs containing coherent or crossing fiber orientations without anterior-to-
posteriorly orientated fibers were identified using red-green-blue (RGB) maps of the preferred
(AJA’,C,C’°) and non-preferred (B,B’,D,D’) diffusion direction, indicated by the first and third
eigenvector of the DT, respectively. Voxel colors indicate the direction of the respective eigenvectors
(cf. color code insert, bottom left), while the voxel brightness is given by the degree of linear and planar
diffusion anisotropy for the preferred and non-preferred maps, respectively. (A,B) Coronal RGB maps
through the genu of the corpus callosum, and (C,D) coronal RGB maps through the brain stem at level
of the superior colliculus (position indicated on the 3D rat brain insert). (A’-D’) Overlay of RGB maps
and corresponding myelin stained section images. The bright red color in (A,A”) indicates a high degree
of linear anisotropy with left-right orientation, consistent with coherent mediolaterally oriented
commissural fibers in this region (see, also Fig. 5.2C). In the corresponding non-preferred map (B,B’),
the same voxels are dark, indicating a lack of planar diffusion anisotropy. The bright blue color of the
non-preferred map in (D,D’) indicates a high degree of planar anisotropy (typical of crossing fibers, see,
also Fig. 5.2D) within the coronal plane. In the corresponding preferred map (C,C’) these voxels are
dark, consistent with a lack of uniformly oriented fibers. For our quantitative analysis, we selected four
voxels in a 1x4 grid in the bright red region in the corpus callosum (ROI-1; dotted white frame in
AA’,B,B’) and twelve voxels in a 3x4 grid in the bright blue region in the tectum (ROI-2; dotted white
frame in C,C’, D,D’). dpg, deep gray layer of the superior colliculus; dpwh, deep white layer of the
superior colliculus; gce, genu of the corpus callosum. Scale bars, 1 mm.

images from corresponding regions-of-interest (ROIs) were co-registered using affine

transformations and quantitatively compared.

5.4.1 ROI specification

Our first objective was to identify suitable ROIs in which 3D FODs can be compared
to inherently 2D, coronally sectioned histological data. We focused our analysis on two ROIs

with little or no through-plane (anterioposteriorly oriented) fiber orientations containing 1)
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ROI-2: crossing fiber orientations
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Figure 5.2. Three-dimensional DT and FOD reconstructions in brain regions with parallel and crossing
fiber orientations. (A-D) Detailed visualization of the parallel (A,C) and crossing (B,D)
myeloarchitecture in ROI-1 and -2. (E) Comparison of 3D DT and FOD reconstructions from ROI-1
and -2 across all six animal specimens. Reconstructions are overlaid on a gray scale map of the
fractional anisotropy (FA) index (49) derived from the DT eigenvalues and quantifying the overall
degree of diffusion anisotropy on a 0-1 scale (1 being highly anisotropic and 0 being isotropic). The
high FA values and elongated DT and FOD profiles in ROI-1 are characteristic of coherent (parallel)
fiber orientations, while the low FA values and disk-like DT profiles in ROI-2 are characteristic of
crossing fibers, which is further evidenced by the FOD reconstructions and myeloarchitecture. All DT
and FOD reconstructions are shown min-max normalized for reasons discussed in the main text. Scale
bars, 1 mm (A,C) and 100 um (C,D).

coherently oriented fibers, or 2) more complex crossing fiber architectures where the DT
model is known to be insufficient. The ROIs were selected on the basis of color-coded DT
maps, 3D reconstructions of the DT and FOD, and visual inspection of myelin stained
histological sections (Figs. 5.1, 5.2). The first region selected (ROI-1) was a 1x4 voxel grid
within an area of the anterior part (genu) of the corpus callosum containing high densities of

within-plane mediolaterally oriented commissural fibers (50-52), apparent from red colored
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voxels in the color-coded DT maps (Figs. 5.1A,B). Because the DT model has previously been
validated in regions with uniform fiber orientations (12-15), this region was used primarily as
a benchmark to confirm that both the DT and FOD provided accurate assays of
myeloarchitecture in this region. The second region selected (ROI-2) was a 3x4 voxel grid
within an area of the deep gray and white layers of the superior colliculus containing
transversely oriented bundles of intratectal and tectal afferent and efferent projection fibers
(53,54) (Figs. 5.1C,D; 5.2D). Here the color-coded DT maps showed planar “disk-like”
diffusion profiles indicative of crossing fibers (Fig. 5.1D. blue color). In both ROlIs,
histological assessment confirmed predominantly contained structures with in-plane

orientations (Fig. 5.2C,D), suitable for two-dimensional histological validation.

5.4.2 Qualitative comparison of DT, FOD and myeloarchitecture

Our second objective was to assess the resemblance of DT and FOD measurements
with histological visualizations of myeloarchitecture in the selected ROIs. In ROI-1, 3D DT
and FOD reconstructions across all six animals showed the expected “cigar-like” profiles with
left-right orientation (Fig. 5.2E). In ROI-2, 3D DT reconstructions in all six animals
confirmed the “disk-like” shape of the DT, and 3D FOD reconstructions indicated the
expected crossing fiber patterns (Fig. 5.2E). The orientation of the FOD reconstructions were
highly consistent across animals in both ROIs and with the morphology evidenced in the
myelin stained sections (Fig. 5.2C,D). Taken together, these results demonstrate a high
qualitative resemblance between 3D FOD measures and histological observations of crossing
fibers which is highly consistent across several animals. To provide a more rigorous
quantitative histological validation of this relationship, we continued to perform a detailed

voxel-wise quantitative
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Figure 5.3. Computation of a single HIST-FOD from multiple myelin stained section images. (A)
Myelin fiber orientations were manually traced as vector lines within 53x53 um sample grids positioned
above high-resolution images of myelin stained sections. (B) For each histological section, 4 sample
grids were systematically positioned within a voxel domain. (C) For each QSI voxel, myelin fiber
orientations were estimated from vector data collected from 8 sample grids across two histological
sections spaced at 100 um. This procedure was repeated for all voxels in both ROI-1 and 2. Scale bar,
50 pm.

comparison between these measures in ROI-1 and -2 in one of the animal specimens (animal

1.

5.4.3 Quantitative histological validation of FOD estimates

Our third objective was to quantitatively evaluate the correspondence between high b-
value QSI-derived FOD measures (QSI-FODs) and myeloarchitecture in both ROI-1 and 2. As
a benchmark for the comparisons we also included DT fiber orientation estimates (DT-FOD)
in both regions (see also “Computation of DT-FODs” in the “Materials and Methods”
section).

To validate the QSI-FODs, we used a voxel-wise stereological sampling approach to
manually record several hundred myelin stained fiber orientations from multiple registered
myelin stained histological images (Fig. 5.3A.B). The angular histogram of all fiber samples
(or fiber counts in a given angular bin) within each voxel constitutes the empirical histology-

derived FOD (HIST-FOD; Fig. 5.3C) used as the validation standard to compare against the
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Figure 5.4. Comparison of FOD estimates against myeloarchitecture. (A,B) High resolution images of
myeloarchitecture corresponding to one QSI voxel with overlay of 4 sample grids of manually-recorded
fiber directions (yellow lines) used in part to compute HIST-FODs (8 total sample grids were used, cf.
Fig. 5.2). Purple and blue frames indicate corresponding voxel locations across panels. (C,D) Coronal
myelin sections through the genu of the corpus callosum (C) and superior colliculus (D) (levels
indicated on 3D rat brain insert) showing the position of the 1x4 voxel ROI-1 and 3x4 voxel ROI-2
(white frames, cf. Fig 5.1). (E,F and G,H) Comparison of QSI-FODs and DT-FODs against
corresponding HIST-FODs (E,F: ROI-1and G,H: ROI-2). gce, genu of the corpus callosum; dpg, deep
gray layer of the superior colliculus; dpwh, deep white layer of the superior colliculus. Scale bar, 50 pm
(B) and 1mm (C,D).

DT- and QSI-FOD estimates. Prior to comparison, all fiber models were min-max normalized
to remove the isotropic component and normalize the maximum amplitude of the respective
distributions. The isotropic component was removed because in conventional QSI-FOD
measures there is no way to separate the isotropic fiber orientation from the isotropic ADC,

and thus if not removed, the QSI-FODs would have a (biased) larger isotropic component

compared with the HIST-FODs.
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We found that in ROI-1, which contained fibers with relatively homogeneous fiber
orientations, both the QSI-FOD and DT-FODs correlated well with the HIST-FODs (average
Pearson correlation coefficients r = 0.98; SD = 0.02 for QSI-FODs, and 0.99; SD = 0.01 for
DT-FODs, n = 4 voxels; Fig. 5.4E,F). By contrast, in ROI-2, which contained crossing fibers,
the DT-FODs correlated poorly with HIST-FODs (average Pearson correlation coefficients r =
0.16; SD = 0.38; n = 12 voxels), while QSI-FODs correlated substantially better (average
Pearson correlation coefficients r = 0.86; SD = 0.07; Fig. 5.4GH). A non-parametric
permutation-based 2-sample t-test revealed that the difference in correlation between the DT-
FODs and QSI-FODs were not significant in ROI-1 (p>>0.05), but highly significant in ROI-2
(p<0.0001). These results quantitatively confirm that QSI-FODs provide accurate assays of
the underlying myeloarchitecture in regions of both uniform and complex crossing fiber
orientations.

We also quantitatively evaluated the orientation error of the QSI-FOD peaks in ROI-2
(Fig. 5.5). We found that the peak orientations of the QSI-FODs closely matched the peaks of
the HIST-FODs, with an average angular error (across all 12 voxels) of 5.7°; SD 3.8° (Fig.
5.5). The average (acute) intersection angle of the HIST-FOD peaks was 6 = 73°; SD = 8°
(Fig. 5.5, Table 1). It should be noted that these results were obtained using a radial-basis
function parameterization of the QSI-FODs with a width of ¢ = 10 (see "Materials and
Methods"), which maximized the correlation with the HIST-FODs in ROI-2. However, further
testing revealed that the angular error and correlation were relatively robust to variations in o.
When testing a range of ¢ between 1 and 20, the average angular error and correlation

coefficient only varied between 5.4°-6.2° and 0.83 and 0.86, respectively (data not shown).
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Voxel# | Corr (r) 8 €4 €2
1 0.85 73° 8 5°
2 0.92 79° 8 9
3 0.82 64° 5 9°
4 0.86 79° 2 7
5 0.93 77 6 1
6 0.87 61° 3 16°
7 0.88 81° 1° 2
8 0.93 71° 0 4
B asiroo 9 0.94 59° 4 A
10 0.79 79° 10° 4°
| HIST-FOD . 11 083 74° 4 4
B QSI-HIST ‘OVERLAP 12 0.68 76° 10° 3

Figure 5.5. Quantitative comparison of fiber orientation distributions in ROI-2. (A) Superimposed
HIST-FODs (red) and QSI-FODs (blue) are shown for each of the 12 voxels in ROI-2, together with
peak orientations (black lines) for the respective fiber orientation distributions. Purple color indicates
FOD overlap. (B) For quantitative analysis, the acute intersection angle of the HIST-FODs (0), and the
angular error of both FOD peaks (g, and &,) are given for each of the 12 voxels together with the
Pearson correlation coefficients (r) between the HIST- and QSI-FODs. The average Pearson correlation
was 1 = 0.86; SD = 0.07, average intersection angle was 0 = 73°; SD = 8°, average angular error (g, and
&, combined) was 5.7°; SD = 3.8°.

5.5 Discussion

While methods for estimating neuronal fiber orientation distributions (FODs) in dMRI
are becoming increasingly popular, the correspondence between FOD measures and realistic
biological fiber architectures has been unclear. Using detailed manual recordings of individual
myelin stained fiber orientations in eX Vivo rat brain tissue we have shown that tomographic
dMRI FOD estimates provide accurate assays of the underlying myeloarchitecture, even in
regions with complex multi-directional crossing fiber architectures.

In this study, FODs were quantitatively validated using a voxel-wise approach against
empirical FOD estimates derived from registered myelin stained images. As evident in Fig.
5.4F.E, QSI-FODs provided an accurate characterization of the underlying myelinated fiber

orientation distribution in regions of both uniform (r > 0.9) and crossing fiber (r > 0.8)



51

architectures. A subsequent evaluation of the angular error of the QSI-FOD peaks in ROI-2
demonstrated an average angular error of approximately 5-6°, with an average (acute) fiber
crossing angle of approximately 73° (Fig. 5.5). Because it seems reasonable to assume that
some of this error is likely due to image registration and stereological errors (e.g., through-
plane fiber contributions and sampling limitations), the actual intrinsic angular error of the
QSI-FOD peaks is probably even less than 5-6°.

It should be noted that the FODs in this paper were computed from QSI data with high
b-values and a large number of diffusion measurements (b-max = 30452 sec/mmz, 515
diffusion measurements, see "Materials and Methods"). Thus, it remains to be determined to
what extent similarly accurate assays of myeloarchitecture can be derived using more
conservative spherical acquisition protocols as often employed on clinical 1.5T and 3.0T
scanners for in vivo applications. However, numerous simulation studies (44,55) have
demonstrated that FODs (with the ability to resolve crossing fibers down to about 45°) can be
derived from spherical acquisition protocols using moderate b-values (b ~ 2000-4000 s/mm?)
and reasonable scan times (SNR ~30, scan time < 10 min). These simulation studies suggest
that accurate FODs can be achieved in regions with complex architectures with use of reduced
encoding spherical acquisition protocols. Hence, the validation benchmarks established in this
paper will likely also have a high degree of translational value for the clinical situation.

The histological FODs were based on manually traced myelin fibers sampled from
high-resolution digital images of 50 pm thick sections using a systematic random approach.
Sampling occurred both within (using sampling bins) and across planes (one focal plane in
two sections spaced at 200 pm) to ensure that a representative fraction of the
myeloarchitecture was recorded per voxel volume. It should also be noted that water diffusion

is influenced by the complete tissue microarchitecture and not only mylinated fibers (for
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review, see Ref (6)), which will bias the dMRI measurements relative to the histological
measurements. However, the high correlations measured suggest that the contribution of other
tissue elements is relatively small in the regions investigated.

The QSI-FODs showed a remarkable consistency across animal specimens (Fig.
5.2E). We thus chose to restrict the quantitative validation to extensive, in depth anatomical
analyses of fiber architectures in one specimen. In these analyses, FOD estimates within each
voxel were derived from several hundred manually traced histological measurements across
multiple coronal sections and several hundred QSI diffusion measurements. Thus, although
the total number of voxels compared was relatively small (4 for ROI-1 and 12 for ROI-2), the
statistical correlations were based on measurements derived from extremely high dimensional
datasets. It should further be noted that the statistical correlations were only used to provide a
quantitative metric of similarity at each voxel, and not as a statistical test of consistency or
generalizability across animal specimens.

The voxel-wise histological validations were conducted in paraformaldehyde fixed
tissue that had been immersed in contrast enhancing Magnevist® liquid (see "Materials and
Methods"). Because this treatment is known to reduce the ADC (45), some care should be
exercised when extrapolating these results to the in vivo case. However, it has been shown that
fixation has relatively small effects on the overall amount of diffusion anisotropy, as the ADC
is reduced equally in all directions (45). Therefore, the fixation process itself is not likely to
have influenced the general orientation structure of the QSI-FOD measurements in this study.

We conclude that fiber orientation distributions derived from high dimensional
diffusion MRI data provide accurate assays of the underlying myeloarchitecture, even in
regions with complex crossing fiber architectures. These results have important implications

for both clinical and research studies investigating structural aspects of biological tissues using
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estimates of the fiber orientation distribution. Furthermore, this study provides an important

biological benchmark for further improvement of fiber orientation reconstruction and tracking

methods.
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Chapter 6

Optimal MRI Acquisition for Fiber

Orientation Distribution Estimation

6.1 Abstract

An important challenge in the design of diffusion MRI experiments is how to optimize
statistical efficiency, i.e., the accuracy with which parameters can be estimated from the
diffusion data in a given amount of imaging time. In model-based spherical deconvolution
analysis, the quantity of interest is the fiber orientation density (FOD). Here, we demonstrate
how the spherical harmonics (SH) can be used to form an explicit analytic expression for the
efficiency of the minimum variance (maximally efficient) linear unbiased estimator of the
FOD. Using this expression, we calculate optimal b-values for maximum FOD estimation
efficiency with SH expansion orders of L = 2, 4, 6, and 8 to be approximately b = 1500, 3000,
4600, and 6200 sec’/mm, respectively. However, the arrangement of diffusion directions and
scanner-specific hardware limitations also play a role in determining the realizable efficiency
of the FOD estimator that can be achieved in practice. We show how some commonly used
methods for selecting diffusion directions are sometimes inefficient and propose a new

method for selecting diffusion directions in MRI based on maximizing the statistical
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efficiency. We further demonstrate how scanner-specific hardware limitations generally lead
to optimal b-values that are slightly lower than the ideal b-values. In summary, the analytic
expression for the statistical efficiency of the unbiased FOD estimator provides important
insight into the fundamental tradeoff between angular resolution, b-value, and FOD estimation

accuracy.

6.2 Introduction

Diffusion tensor imaging (DTI) is an established non-invasive MR technique for
studying the microstructural properties of brain white matter (WM) tissue in vivo (1,2). In
DTI, all information about the tissue microstructure is inferred from the eigensystem of the
estimated water diffusion tensor at each voxel. Commonly, the primary eigenvector is used to
indicate the principal direction of WM fiber bundles, and the eigenvalues, are used to describe
features of the diffusion process, such as the degree of fractional anisotropy (FA) (3).
However, a well-known limitation of DTI is its inability to resolve complex tissue
microstructures (e.g. crossing or bending WM fibers) due to the reliance on a single Gaussian
diffusion function in each voxel. This shortcoming has motivated the development of high
angular resolution acquisition and processing methods capable of modeling the complex
diffusion patterns observed in heterogenous fiber populations. These new “multi-fiber”
methods generally fall within one of two categories. The first is based on modeling high
angular features of the apparent diffusion coefficient (ADC) (4-8), while the second is based
on estimating the water displacement probability density function (PDF) or related functions
(9-15). Within the second class of methods are the model-free and model-based techniques. In
this paper, we focus on optimizing the statistical efficiency of one of the most popular model-

based techniques.
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A number of model-free approaches have been used to describe diffusion in complex
tissue microstructures. Diffusion spectrum imaging (DSI) provides a direct quantification of
the water diffusion PDF by exploiting the Fourier relationship between the PDF and the
normalized diffusion signal (14). The radial integral of the PDF, called the orientation density
function (ODF), describes the likelihood of water diffusion along any direction in three-
dimensional (3D) space and can be used to map multiple fiber orientations within voxels (14).
However, DSI is limited by the prohibitively long scan times required to adequately sample q-
space on the Cartesian grid necessary for Fourier inversion. However, the ODF can be
numerically approximated using the Funk-Radon transform in a technique called Q-ball
imaging (QBI) (13), or computed analytically using the diffusion orientation transform (DOT)
(16). Both of these methods can be implemented using less sampling intensive spherical g-
space acquisitions called high angular resolution diffusion imaging (HARDI) acquisitions
(8,17,18).

While model-free methods provide important information regarding the water
diffusion PDF they do not provide a quantitative description of the underlying distribution of
fibers or diffusion properties within these fibers. Model-based methods, on the other hand,
impose additional mathematical constraints on the diffusion process in order to estimate these
quantities directly. One model-based approach is to impart a persistent angular structure (PAS)
to the PDF prior to estimation (15). Another model-based approach is to estimate the fiber
orientation density (FOD) through deconvolution of the HARDI signal with a single-fiber
response function (9-12). Spherical deconvolution reconstruction of the FOD is an attractive
approach to modeling HARDI data because it gives an estimate of a well-defined biological
quantity, namely the density of fibers oriented along a particular direction in 3D space, which

can be validated quantitatively against myeloarchitecture (19).
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A significant challenge in the design and analysis of any HARDI experiment is to
maximize the statistical efficiency, or equivalently, the accuracy with which microstructural
information can be inferred from the diffusion measurements in a given amount of imaging
time. While numerous promising techniques have been developed for estimating the FOD
from HARDI measurements (9-12,20,21), a focused study into the optimal HARDI acquisition
for FOD estimation has not been conducted to the best of our knowledge. Here, we expand on
previous works using the spherical harmonic (SH) basis to derive a simple analytic expression
for the efficiency of the maximally efficient linear unbiased estimator for the FOD. We then
show how the actual efficiency of the FOD estimate differs from the ideal efficiency
depending on the gradient sampling scheme of the acquisition and practical constraints on the
pulse-sequence parameters due to scanner-specific hardware limitations. Finally, we discuss
how these expressions can be used for optimizing the b-value and directional sampling of the

HARDI acquisition.

6.3 Methods

6.3.1 Linear convolution model

In the following, we assume a linear convolution model for the observed diffusion
signal. According to this model, the response to any arbitrary angular distribution of fibers is
equal to the sum of the individual responses to each fiber. More formally, the measured

diffusion signal S(b,r) in each voxel is given by the spherical convolution

@ = jQR(b, r,x) f (x)dx+n(b,r), [6.1]

0
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where b is the diffusion weighting factor, or "b-value", I is a unit (column) vector indicating
the direction of the applied diffusion gradient, S, is the signal measured with no diffusion
weighting (i.e. S, =S (b = 0) ), R(:,-,X) is the signal response to a single ideal fiber with
orientation given by the unit (column) vector X, f(-) is a real-valued function of the unit
sphere describing the fiber orientation density (FOD), n(b,r) is additive measurement noise,
and '[Q indicates integration of the unit sphere.
Note, in a typical HARDI experiment the data are collected using a discrete set of M

evenly distributed and unique diffusion directions {ri}i“il with constant (non-zero) b-value,

together with one or more measurements with b =0 for normalization. Given N desired

FOD reconstruction points on the surface {X;}",, Eq. [6.1] can be written in matrix form

S=Rf+n, [6.2]

where  §=[S(b,r,)/S,,"--,S(b,r,)/S,I' is a vector of normalized diffusion
measurements, T =[f(X,),--, f(X,)]" is a vector representation of the FOD, and R is an

M x N linear convolution matrix relating the FOD to the normalized measurement data.
Assuming an axially symmetric tensor model (22) for the single-fiber response function, the

Ij -th entry of R can be written

T, 2
b-ﬂle—b(ﬂu—ﬂl)(l’i X;)

(R); =¢e : [6.3]
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where A, and ﬂﬂ are the perpendicular and parallel diffusivities (ADC parameters) with

respect to the fiber axis X, with ﬂﬂ > /A, , and the inner product I’iTX j 1s the cosine of the

angle between the i-th measurement direction and | -th fiber axis. While the tensor model in

Eq. [6.3] assumes the single-fiber response function is Gaussian, non-Gaussian or hybrid
models of diffusion (23) can also be used within this framework without any loss of

generality.

6.3.2 SH basis

The SH form a complete orthonormal basis for functions on the sphere much like the
Fourier series form a complete orthonormal basis for functions in Euclidian space. In this
section, we show how the convolution matrix R can be expressed in terms of the SH basis.
While similar expressions appear in earlier works (10,12), the focus here is to extend this
framework to derive an analytic expression for the efficiency of the minimum variance
(maximally efficient) linear unbiased estimator for the FOD, which can subsequently be used
for optimizing the HARDI acquisition.

We begin by expressing the response function in Eq. [6.3] as a sum of Legendre

polynomials B (-) . Following (10) (Appendix A, Equation 36) we can write

T 2
b2 =b(A =2, )(r; X3)
e 1, e A” LA

e 2 AGG=2)-REX)., [6.4]

(I even)

where the scalar coefficients can be computed by evaluating the integral
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2I+1

AL -2 === [e T Rz, [6.5]

Notice, only even orders | =0,2,---,00 are considered in the expansion in Eq. [6.4]

as the response function is symmetric around the fiber axis X;. Applying the Addition
Theorem of Spherical Harmonics, we can write P (I’iTX ;) in terms of the spherical harmonics

Y," (") evaluated in the direction of each vector (24)

P(r' x)—z— DY)y (x) [6.6]

m=—I|

where | and M are the order and degree of the spherical harmonic function, respectively, and

" denotes the complex conjugate. Substituting Eq. [6.6] into Eq. [6.4] yields and expression

for the ij -th entry of R in terms of the SH

(R), =€ " ; S AGG = 4)) ZY )Y, (x,). (6.7]
(I even)

Enumerating all measurement and reconstruction points, the full convolution matrix

can be written as a weighted superposition of matrices having the form

Z Zym(r)y.m“ ), (6.5]

m=—

:U
M8

I
o

(I even)
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where it follows from Eq. [6.7] that

_oth AT _
a=e o Ab4-1), [6.9]
and the vectors of SH are
IO =YY" (0" () ] [6.10]
yI"(X) = [Y,m(xl);Y,m(xz);-..;Y,m(xN)], [6.11]

H .
where ~ now denotes conjugate transpose.

Equation [6.8] indicates that the convolution matrix can be represented by an infinite

sum of even order SH, weighted by the coefficients Z, . This is analogous to representing a

delta function as an infinite series of Fourier basis functions. In practice, however, the number
of diffusion directions, M, limits the maximum order that can be used in the expansion and
thus the series must be truncated. Truncation of the SH series limits the angular resolution of
the FOD much like truncating the Fourier series limits the bandwidth of reconstructed
Cartesian signals.

Consider, for example, a maximum order of L =2, such that | = 0,2 . Expanding Eq.

[6.8], we can write an expression for the truncated convolution matrix, denoted R
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R.= Yz mily.'“(r)y{“H (). [6.12]
z, 0 -« 0 Y0

=[vo) ¥’ - yin) ] ? = N ? -yZZH.(X), [6.13]
00 Bl )

=Y, (NZ.Y"'(x), [6.14]

where Y (r), Z,, and Y,"(X) have dimensions M x p, px p, and pxN, respectively,
and p(L)=(L+1)(L+2)/2 is the number of terms (free parameters) in the SH series. For
L=2, p(2)=6 and thus M should be greater than or equal to six to avoid an under-

determined set of equations. Therefore, the number of diffusion directions, in effect,
determines the upper bound on the angular resolution of the FOD, such that

(L+1)(L+2)/2<M.

Inspection of Eqs. [4.12-4.14] yields several interesting properties of the FOD

reconstruction problem. First, the SH form a natural basis for both the diffusion signal and the

FOD, as it can be shown that the matrices Y (I) and Y, (X) are unitary in the limit of

M,N — o (25)

Y (OY, (=M /4m)l, as M >, [6.15]

YH(X)Y, (x)=(N/4z)l, as N —oo. [6.16]
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Second, when expressed in terms of the SH basis, the diffusion signal is simply a

weighted sum of the FOD signal and vice versa (i.e. Z, is diagonal) where the weighting is a

function of the b-value and ADC of the single-fiber response model.

6.3.3 Estimation

Using the truncated convolution matrix, we can rewrite the signal equation in Eq.

[6.2] as

5=R/f+n. [6.17]

. . — . . . 2 .
Then, assuming the noise N is white with mean zero and variance o, an efficient

unbiased estimate of the FOD is provided by the ordinary least-squares (OLS) solution to Eq.

[6.17]

f=(RI'R)'RI's [6.18]

=Y, (X)Z'Y (r)s. [6.19]

The OLS estimator for a linear model perturbed by white noise is optimal in the sense

that it has the minimum variance among all linear unbiased estimators of the FOD. Note,

A

however, T is technically an unbiased estimator of the projection of the true FOD into the

subspace spanned by the columns of Y| (X) . If part of the true FOD lies outside this subspace,

A

for example, T has higher angular frequency features not captured by the columns of Y, (X),
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A A

then T will be a biased (smoothed) estimate of the true FOD. T can also be viewed as the

truncated SVD solution.

6.3.4 Ideal efficiency

As mentioned previously, the OLS estimator has the lowest variance among all linear
unbiased estimators of the FOD. The goal here is to determine the MRI pulse-sequence
parameters which maximize the statistical efficiency. The efficiency of an estimator, which
can also be viewed as a measure of the expected accuracy of the estimator, is typically defined

as the reciprocal of estimator per unit scan time

E=(f-f|"/T, [6.20]

where (-) is the expectation operator and T is the total time required for the acquisition. For

simplicity, and without loss of generality, in the remainder of this paper we set T =1 (i.e.
assuming a constant scan time). Combining Eq. [6.19] with Eq. [6.20], we get the following

expression for the efficiency of the OLS FOD estimator

E=(f-Y. (0Z/'Y (5|} [6.21]

Substituting the expression for the normalized signal in Eq. [6.17] into Eq. [6.21] and

simplifying, we get

E=(lY 00z 'Y (A )™ [6.22]
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2

Finally, recalling N is white noise with mean zero and variance o, , we get the
following expression for the efficiency of the OLS FOD estimator f

= ! [6.23]

trace(o, /s, Z,) '
= ! [6.24]

o2/ S '

[
, 1

=SNR?- [6.25]

2u
|

where the root mean squared (RMS) signal-to-noise ratio (SNR) is defined as SNR = S,/ O,

Eq. [6.25] together with Eq. [6.9] demonstrate how the ideal efficiency of the FOD estimate is

a function of the b-value, the ADC of the single-fiber response, and the SNR at b =0.

6.3.5 Realizable efficiency

The expression for the efficiency of the OLS FOD estimator in Eq. [6.25] is ideal in
the sense that it assumes a continuous sampling of measurement directions and FOD

reconstruction points (i.e. as M, N — o0 ) and pulse-sequence parameter that are independent

of the b-value. In practice, however, the “realizable” efficiency of the FOD estimate depends

on the efficiency of gradient sampling vectors in ( and the dependence of the echo-time (TE)
and repetition time (TR) on the b-value. Taken together, we can write an expression for the

realizable efficiency E (per unit scan time) as
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(sNR, & " )

E~ !
- TR(b) M >y (r,x)

[6.26]

where SNR, is the SNR in RMS units at TE = 0 and b =0, ;(I,X) is the i-th singular value
of the forward convolution matrix R(r,X) (given by Eq. [6.3]), and i=1,2,---,p is the

spherical harmonic index for an L -th order series expansion. The first term on the left hand
side of Eq. [6.26] can be viewed as a reduction in efficiency due to constraints imposed by the
pulse-sequence and scanner hardware, while the second term on the right hand side of Eq.

[6.26] can be viewed as the relative efficiency of the gradient sampling scheme. Note, the

expression for the realizable efficiency E in Eq. [6.26] is no longer analytic, and requires

computing the singular values numerically.

6.4 Results and Discussion

Figure 6.1 shows a plot of the magnitude coefficients |z | computed analytically
using Eq. [6.9] for several different b-values and fixed ADC parameters (Zﬂ =1.7x10""

mm’ /sec and A = 0.2x10° mm’/sec). These ADC values are consistent with
experimental estimates in the adult human brain (26), and are used throughout the remainder
of this paper. Notice the characteristic "staircase" pattern for each plot in the figure, where

each "step" corresponds to a different spherical harmonic order |. The heights of the steps



71

10
=0 —8—b=1x10°
—#*-b=3x103
—-8-=b=6x10?
1 ---0'---I;:|=1:t(10‘Jf
10'| @ RS
o
S
~ ¢
= |
el %
E '::::::: I=6
10
2 — - — 1 — — —t — 1 —
10
5 10 15 20 25
SH index (i)

Figure 6.1. The magnitude of the coefficients | Z | are shown for four different b-values (sec’/mm)

with a maximum SH expansion order of L = 6. The height of each step reflects the relative power to
estimate features of the FOD spanned by the corresponding SH basis vectors. As the b-value decreases,
the relative power to estimate higher order angular frequency features of the FOD decreases.

reflect the relative power to estimate features of the FOD spanned by the corresponding SH
basis vectors. In all cases, power decreases with increasing SH order, reflecting an overall
reduction in the ability to estimate higher angular frequency features of the FOD, irrespective
of the b-value. However, the rate at which power is lost is also dependent on the b-value, with
lower b-values resulting in greater losses in power to estimate higher angular frequency

components of the FOD.
Figure 6.1 can also be viewed as a plot of the analytic singular values of R, . Small
singular values cause the inverse solution in Eq. [6.18] to become increasingly sensitive to

small amounts of noise in the data. Several authors have introduced various linear and non-

linear regularization techniques to better condition both the FOD and ODF reconstruction
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problem, including Tikhonov regularization (27), Laplace-Beltrami regularization (21,28),
non-negative least squares (11,20,29), and Maximum Entropy (9). These regularization
techniques can decrease the mean squared error of the estimate, but this comes at a price of
introducing estimator bias. The performance of each regularization method is critically
dependent on whether the a priori constraints imposed on the solution are valid. The
efficiency optimization approach presented here is valid for unbiased estimators where the
estimation error is driven solely by the measurement error. The expression for the truncated

SVD solution in Eq. [6.19] provides an optimum unbiased estimator of the projection of the

true FOD into the subspace spanned by the columns of Y, (X).

The overall efficiency of the unbiased FOD estimate in Eq. [6.25] takes into account
the relative power to estimate all the angular frequency components of the FOD. Figure 6.2
shows a plot of the ideal FOD estimation efficiency E as a function of b-value for L =2, 4, 6,
and 8. Again, note the decrease in efficiency for estimating FODs with higher order series
expansions (and thus greater angular resolutions). Also, note the optimal b-value which
maximizes the efficiency depends on the expansion order, with higher order expansions
requiring higher b-values. The optimal b-values which maximize the ideal efficiency of the
FOD estimator using L = 2, 4, 6, and 8 are b = 1500, 3000, 4600, and 6200 sec’/mm,
respectively.

Figures 6.1 and 6.2 illustrate the fundamental relationship between angular resolution,
b-value, and estimation efficiency. The theoretical angular resolution of a L-th order SH
expansion can be quantified using the angular point spread function (PSF) (27). The full-width
at half maximum (FWHM) of the main lobe of the PSF determines the upper bound on

angular resolution and is inversely proportional to L. For L =2, 4, 6, and 8 the theoretical
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Figure 6.2. Relative ideal efficiency E of the OLS FOD estimator is plotted as a function of b-value
(sec’/mm) for four different SH expansion orders L. Note that the exact value of the ideal efficiency is
proportional to the SNR, and thus the relative efficiency measure plotted here is in arbitrary units
assuming an SNR = 1. Optimal b-values which maximize the ideal efficiency for L=2, 4, 6, and 8 are b
= 1500, 3000, 4600, and 6200 sec*/mm, respectively.

angular resolution of the FOD estimator is approximately 110°, 65°, 46°, and 36°, respectively
(27). Thus, in practice, increasing L would allow for resolving crossing fibers at increasingly
finer separation angles, but as mentioned earlier, this comes at a price of decreasing efficiency.
From Fig. 6.2 one can see that using an expansion order of L = 6 at the optimal value of b =
4600 is approximately 10 times less efficient than using an L = 4 expansion at its optimal
value of b = 3000 (1x10%/9x10™* =10) and 300 times less efficient than using a tensor
description for the FOD (L = 2) at its optimal value of b = 1500 (3x107'/9x10*~300).

In addition to the expansion order L, the b-value also plays a critical role in
determining the efficiency of the FOD estimator, especially when higher order expansions are

used. For example, inspection of Fig. 6.2 reveals that the efficiency for estimating the
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diffusion tensor (L = 2) is fairly constant between b = 500 and b = 3000, but then falls off
rapidly at higher b-values. However, the efficiency for estimating crossing fibers (L > 4) is
more strongly dependent on the b-value. Scanning at b = 1000 using L = 4 would result in
approximately 1/3 the efficiency of scanning at its optimum value of b = 3000 (3x107/1x10
~1/3). This means one would have to collect three times as many diffusion directions, or
equivalently, three times as many averages at b = 1000 to achieve the same estimation
accuracy as scanning at b = 3000. On the other hand, scanning at b = 2000 would only result
in a 10% drop in efficiency when compared to b = 3000 (9x107/1x102x9/10).

While the expression for the ideal efficiency in Eq. [6.25] provides important insight
into the FOD estimation problem, in practice, the realizable efficiency of the FOD estimator
also depends on the arrangement of diffusion directions on the sphere (term on the right hand
side of Eq. [6.26]) and scanner-specific hardware constraints (term on the left hand side of Eq.
[6.26]). Two of the most commonly used methods for selecting diffusion directions in MRI
are to 1) minimize the electrostatic energy of pairs of equal and opposite points on the sphere,
called the electrostatic repulsion (ER) model (30), and 2) to minimize the 1/r potential, which
we call the minimum potential (MP) model (Hardin, Slone, and Smith, Spherical Codes,
published electronically at www.research.att.com/~njas/electrons/index.html). Shown in Fig.
6.3 are the relative efficiencies of both models for expansion orders L = 2, 4, 6, and 8. Also
included is the efficiency of an “optimized” set of diffusion directions generated by searching
for sampling arrangements which maximize Eq. [6.26]. We refer to this new method for
selecting diffusion directions as the "optimal efficiency”" (OE) model. As illustrated in Fig. 6.3
some sampling arrangements of the MP model are highly inefficient for estimating the FOD

with L > 2 (i.e. for reconstructing crossing fibers). The ER model, on the other hand, achieves
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Figure 6.3. Effect of gradient sampling scheme on the realizable efficiency E of the FOD estimator.
Shown are the relative efficiencies of the electrostatic repulsion (ER) model, minimum potential (MP)
model, and the newly proposed “optimal efficiency” (OE) model. For each order L, the efficiency is
calculated using their respective optimal b-values and plotted in arbitrary units (term on the left hand
side of Eq. [6.26] was set to 1). The FOD reconstruction vectors X were chosen using a 2-nd order
icosahedral sampling of the sphere (162 vertices).

nearly optimal efficiency for L < 6, but has suboptimal efficiency for some sampling
arrangements when using L = 8 and presumably for higher orders as well.

Another important factor in the realizable efficiency of the FOD estimator is the
minimal TE and TR allowed for a given b-value. The effects of these scanner-specific
hardware constraints on the FOD estimation efficiency are illustrated in Fig. 6.4. Shown in
black are the efficiencies of a 51 direction acquisition (selected using the ER model) for
multiple expansion orders using TE and TR values that are consistent with those prescribed on
a General Electric Signa HDx 1.5T scanner (Waukesha, WI). Shown in gray are the

efficiencies of this same acquisition using a fixed TE and TR calculated at b = 500 for

reference. From Fig. 6.4 one can see that the general effect of adjusting the TE and TR is to
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Figure 6.4. Effect of scanner-specific hardware constraints on the realizable efficiency E of the FOD
estimator. Black lines show the relative efficiencies of a 51 direction acquisition (selected using the ER
model) using realistic TE and TR values that are consistent with those prescribed in practice. Gray lines
show the relative efficiencies of the same acquisition using a fixed TE and TR calculated at b = 500. All
efficiencies are calculated numerically using SNRy = 1, T2 = 80 msec., and a 2-nd order icosahedral
sampling for the FOD reconstruction vectors X.

reduce the efficiency at higher b-values which results in slightly lower b-values for optimal
FOD estimation efficiency compared to the ideal case. For L = 2, 4, 6, 8 the optimal b-values
which maximize the realizable efficiency on a Signa Hdx 1.5T system are approximately b =
1000, 2200, 3600, and 5200, respectively. Note that under these realistic conditions the
relative efficiency for estimating crossing fibers using L = 4 at b = 1000 only now results in
about half the efficiency of scanning at its optimum value of b = 2200 (compared to 1/3 the
efficiency in the ideal case). Also, it should be noted that while the actual change in efficiency
will vary depending on the scanner specifics, the general trend will remain the same, i.e., a

reduction in the efficiency at higher b-values and a subsequent decrease in the optimal b-

values required for maximally efficient FOD estimation.
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6.5 Conclusion

Several authors have used the SH basis to derive analytic expressions for both the
FOD and ODF reconstruction problem. Here, we extend this framework and derive a simple
analytic expression for the efficiency of the maximally efficient (minimum variance) linear
unbiased estimator of the FOD. This expression highlights the important fundamental
relationship between angular resolution, b-value, and the expected accuracy of the FOD
estimate per unit scan time. As expected, the FOD estimation efficiency decreases with
increasing SH expansion order L (increasing angular resolution) and the relative efficiencies at
each order vary as a function of the b-value. b-values which maximize the efficiency under
ideal conditions using L = 2, 4, 6, and 8 are calculated to be approximately b = 1500, 3000,
4600, and 6200 sec’/mm, respectively.

However, the efficiency that can be realized in practice also depends on the
arrangement of diffusion directions on the sphere and the scanner-specific hardware
limitations. We demonstrate how some commonly used methods for selecting diffusion
directions can lead to suboptimal FOD estimation efficiencies especially when higher order
SH expansions are required, and we propose a new criterion for selecting diffusion directions
based on optimizing the statistical efficiency. Finally, scanner-specific limitations on the TE
and TR will tend to decrease the efficiency at higher b-values resulting in slightly lower b-

values for optimal FOD estimation efficiency.
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Chapter 7

Real-time Motion Correction

7.1 Abstract

Avrtifacts caused by patient motion during scanning remain a serious problem in most
MRI applications. The prospective motion correction technique attempts to address this
problem at its source by keeping the measurement coordinate system fixed with respect to the
patient throughout the entire scan process. In this study, a new image-based approach for
prospective motion correction is described, which utilizes three orthogonal 2D spiral navigator
acquisitions (SP-Navs) along with a flexible image-based tracking method based on the
Extended Kalman Filter (EKF) algorithm for online motion measurement. The SP-Nav/EKF
framework offers the advantages of image-domain tracking within patient-specific regions-of-
interest and reduced sensitivity to off-resonance-induced corruption of rigid-body motion
estimates. The performance of the method was tested using offline computer simulations and
online in vivo head motion experiments. In vivo validation results covering a broad range of
staged head motions indicate a steady-state error of the SP-Nav/EKF motion estimates of less
than 10 % of the motion magnitude, even for large compound motions that included rotations
over 15 degrees. A preliminary in vivo application in 3D inversion recovery spoiled gradient

echo (IR-SPGR) and 3D fast spin echo (FSE) sequences demonstrates the effectiveness of the

81
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SP-Nav/EKF framework for correcting 3D rigid-body head motion artifacts prospectively in

high-resolution 3D MRI scans.

7.2 Introduction

Avrtifacts caused by patient motion during scanning remain a serious problem in most
clinical and research MRI applications. In fast single-shot sequences, such as dynamic 2D
echo-planar imaging (EPI), between-scan motion can introduce significant motion-related
variance to the voxel-time courses and disrupt the spin excitation history of the acquisition
(1,2). In multi-shot 2D and 3D sequences, within-scan patient motion results in k-space data
inconsistencies, causing artifacts such as ghosting, blurring and ringing in the images
themselves. Offline image registration can mitigate most between-scan motion artifacts in
time-series data (3-5), but cannot correct for changes in the spin excitation history caused by
through-plane motion. In addition, while some within-scan motion artifacts can be corrected
retrospectively using knowledge of the motion history derived from either navigator scans
(6,7) or overlapping k-space data (8,9), most of these methods are limited by the inability to 1)
fully correct for through-plane motion in 2D sequences and 2) avoid k-space data
inconsistencies caused by interpolation errors.

An alternative approach to motion correction, which shares none of these drawbacks,
is modify the pulse-sequence online, in real-time, during the acquisition itself. Some of the
first real-time methods used straight-line navigators to prospectively correct for linear
translations of organs in the chest (10-12). Since then, navigators with more sophisticated k-
space trajectories have been developed for higher order motion correction. Ward et al. used
orbital (circular) navigators (O-Navs) (13) acquired in three orthogonal 2D planes for

prospective correction of full 3D rigid-body motion artifacts in 2D EPI (14). To account for
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motion outside the plane of each navigator (through-plane motion effects), multiple O-Navs
are acquired in series where each O-Nav provides an adjustment to the subsequent O-Nav
planes. Spherical navigators (S-Navs), which generalize the O-Nav trajectory to 3D shells in
k-space, do not suffer from through-plane motion effects and can be used to estimate 3D rigid-
body motion in a single navigator (15-17). However, the spherical technique works best for
rotations along the navigator trajectory as apposed to rotations across them (15). In addition, a
real-time application of the S-Nav remains missing due in part to the slow iterative procedure
required to register S-Nav magnitude data (15). One of the most recent real-time navigator
techniques, introduced by van der Kouwe (18), used an optimized "cloverleaf" k-space
trajectory for prospective correction of 3D rigid-body motion in 3D spoiled gradient echo
sequences. Compared to the orbital and spherical trajectories, the cloverleaf method offers the
advantages of a more rapid k-space readout, together with improved translation estimation by
including linear segments through the center of k-space (18).

In some applications, prospective motion correction can be achieved through self-
navigation. Thesen et al. described a self-navigated approach for 2D EPI called “Prospective
Acquisition CorrEction”, or PACE, where each individual time-series volume is reconstructed
online and registered to the first volume in the sequence (19). While the image-base tracking
(registration) procedure in PACE provides accurate 3D rigid-body motion estimates, the
correction itself is performed on a slow volume-by-volume basis, or approximately every four
seconds (19). Zaitsev et al. (20) and Speck. et al. (21) developed an optical tracking device for
improved real-time slice-by-slice correction in 2D EPI. In general, the advantage of optical
tracking is that it does not require modification of the pulse-sequence. However, this comes at

a price of requiring significant additional hardware to implement, including a MRI compatible
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camera system mounted inside the scanner room and repeated calibration for optimal tracking
performance (22).

In this study, we present an alternative image-based framework for prospective
motion correction called "PROMO" (PROspective MOtion correction). The PROMO
approach utilizes three orthogonal 2D spiral navigator acquisitions (SP-Navs) along with a
flexible image-based tracking method based on the Extended Kalman Filter (EKF) algorithm
(23,24) for real-time motion measurement. The Kalman filter framework for image-based
tracking in MRI was introduced by White et al. (25), and applied in 3D spiral-navigated image
sequences by Shankaranarayanan et al. (26,27) and Roddey et al. (28) and in MR spectroscopy
by Keating et al. (29). Spincemaille et al. also recently introduced a novel application of the
Kalman filter for real-time separation of cardiac and respiratory components in navigator data
(30). Here, we describe the PROMO motion correction method in detail and provide some
preliminary results in 3D inversion recovery spoiled gradient echo (IR-SPGR) and fast spin

echo (FSE) sequences.

7.3 Methods

7.3.1 Spiral navigator acquisition

The navigator acquisition included three orthogonal low flip-angle, thick-slice, single-
shot spiral acquisitions (SP-Navs) with the following pulse-sequence parameters: TE/TR =
3.4/14 ms, Flip (8) = 8° (to minimize the impact of signal saturation on the acquired 3D
volume), BW = + 125 kHz, field-of-view (FOV) = 32 cm, effective in-plane resolution = 10 x
10 mm, reconstruction matrix = 128 x 128, slice thickness = 10 mm. Spiral readouts were

selected because they provide an efficient k-space coverage and allow for image-based
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Figure 7.1. SP-Nav pulse-sequence and reconstructed image used for motion tracking.

tracking with reduced sensitivity to distortion. The off-resonance effect is somewhat mitigated
by the optimization of spiral length since the requirement for the in-plane resolution of the
navigators is not very high. Initial experiments were done without any trajectory
measurement. However, it should be noted that in case of severe off-resonance (> + 100 Hz)
the measurement errors will increase significantly. To avoid this, we perform center frequency
correction (prescan software on the scanner) before every scan. The orientation convention
adopted in this work defined the x-axis as the left-right direction, the y-axis as the anterior-
posterior direction, and the z-axis as the inferior-superior direction with respect to the patient.
The axial, sagittal, and coronal planes of each SP-Nav spanned the x-y, y-z, and the x-z axes,
respectively. The SP-Nav pulse-sequence and example reconstructed image is shown in Fig.

7.1.
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Figure 7.2. Spiral-navigated (a) 3D IR-SPGR and (b) 3D FSE pulse-sequence. A train of J =5 SP-
Navs are played out prior to each of the M inversion or excitation pulses of the two sequences,
respectively. Prospective motion correction is performed after each individual SP-Nav using the EKF
algorithm.

7.3.2 Integration in 3D IR-SPGR and 3D FSE

SP-Navs were integrated into a 3D IR-SPGR and 3D FSE sequence (Fig. 7.2). To
enable prospective correction without impacting scan time, multiple SP-Navs were played out
during the intrinsic longitudinal (T,) recovery time of the two sequences. Immediately after
acquisition, each SP-Nav was reconstructed and used as input to the EKF motion tracking and
correction algorithm (described next). The time required to collect a single SP-Nav was
approximately 42 ms, followed by 6 ms for image reconstruction of all three planes. To allow

ample time for estimation and feedback, the repetition time for each SP-Nav was programmed
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for 100 ms. A total of J =5 SP-Navs (~500 ms) were acquired during the T, recovery times of
both sequences, which were programmed for approximately 700 ms and 1200 ms,
respectively. For the IR-SPGR sequence, a recessed elliptical centric ky-kz ordering was used
for the imaging segment (31), with an entire ky-kz plane acquired after each inversion pulse.
The thickness of the IR pulse was twice that of the imaging slab. The IR-SPGR pulse-
sequence parameters were: TE/TR = 3.9/8.7 ms, Inversion time (TI) = 270 ms, Flip (o) = 8°,
BW = +15.63 kHz, FOV = 24 cm, voxel size = 1.25 x 1.25 x 1.2 mm, # k-space segments
(M) = 192. For the 3D FSE sequence, an eXtended Echo Train Acquisition (XETA) (32) was
used with the following parameters: TE/TR = 110/2500 ms, Flip = 90°, BW = + 31.25 kHz,
FOV = 24 cm, voxel size = 1.25 x 1.25 x 1.2 mm, echo train length (ETL) = 90, M = 90. The
overall scan times of the IR-SPGR and FSE sequences were 8 min and 4.5 min, respectively.
All scans were collected using a 1.5T GE Signa HDx system (Waukesha, WI) using an 8-

channel head coil.

7.3.3 EKF motion tracking and correction

7.3.3.1  Dynamic state space model

Real-time 3D rigid-body motion tracking and correction on the SP-Nav data was
performed using the well-known EKF algorithm (23). The EKF itself provides recursive state
estimates in nonlinear dynamic systems perturbed by Gaussian noise. The basic dynamic state-
space model of the EKF, as implemented here, is shown in Fig. 7.3 and can be written as a set

of system equations of the form
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Figure 7.3. Dynamic state space model of the EKF. The a priori state is used to update the pulse-
sequence at each time step.

X, = Ax_,+W; P(w)~N(0,Q) [7.1]

yi =h(x)+v; P(v)~N(O,R). [7.2]

X, is the (unobserved) state of the dynamic system at time-step k and y, are the (observed)

measurements. Also shown in Fig. 7.3 are the EKF state estimates, which are described in

detail later.

For image-based motion tracking, X, =[t,,t HX,Gy,QZ]T is a 6-dimensional

y!tzl
vector of rigid-body motion parameters, where the first three and last three elements are

translations and rotations in x-y-z space, respectively and y, is an N,-dimensional vector of

voxel intensities of the k-th SP-Nav, where N, is the total number of voxels in all three
navigator planes. The time evolution of the state vector is given by the 6 x 6 state transition
matrix A and the Gaussian process noise by w, with mean zero and covariance Q. Because of
the relatively unpredictable nature of patient head motions over the sampling interval of the

SP-Navs, the dynamics are modeled using a simple random walk, with A as the identity
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matrix. h(-);R6 — R" is a nonlinear vector-valued function of the current state called the

measurement model, which describes how the states are observed through the noisy

measurements. For image-based tracking, the measurement model h(:) describes a 2D
interpolation into a fixed reference navigator Yy, (collected at the beginning of the scan) at
the locations specified by X,. The exact mathematical form of h(-) is provided in the

Appendix. To improve the robustness of the tracking to potential variations in the mean signal

level of each SP-Nav, the measurements y, are forced to have unit norm at each time-step.

The error in the measurement process is given by the Gaussian measurement noise v, with

mean zero and covariance R. In the dynamic state-space model above, the noise processes are

time-invariant and statistically independent (i.e. E(wv') =0).
From a Bayesian point of view, the a posteriori filtering density P(xk|y01k) of the

state given the complete history of observations Y., :{yo,yl,...,yk} constitutes the

complete solution to the motion tracking problem. The EKF algorithm provides recursive

estimates of the conditional mean of the a posteriori filtering density
o =E[xk|y0:k]=J‘ka(xk|y0:k)dxk using a two-stage recursion of prediction and
correction at each time-step. Here, X, refers to the corrected, or a posteriori state estimate at

time-step k, given all the measurements up to and including y,. For prospective motion

correction in MRI, an additional scanner update step is included in the recursion.
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7.3.3.2 Prediction

In the prediction step, the state transition matrix A and assumed process noise
covariance Q are used to predict the state and error covariance at each time-step. With A as

the identity matrix, the predicted state and error covariance become

)A(k|k—1 = f(k—ﬂk—l [7.3]

Paka = P T Q. [7.4]

where §(k|k—1 is the predicted or a priori state estimate at time-step k, given the a posteriori

state  estimate f(kfukfl at the previous time-step k-1 (see Fig. 7.3).
~ - - T . . N . .
Pk = E[(xk _Xk|k—l)(xk _Xklk—l) } is a priori state estimation error covariance at time-

step k, given the a posteriori state estimation error covariance Iskfukf1 at k-1.

7.3.3.3  Update

For prospective motion correction, the predicted state X,, , of the EKF is used to

update the scanner pulse-sequence prior to collecting the measurements Yy, . This includes
updating the slice, phase, and frequency encoding of the imaging volume as well as the
navigators, given the 3D translations and rotations in X, ,. A real-time communication
system described in Ref (33) and implemented as in Ref (34), was used for efficient and near

real-time communication of SP-Nav data, EKF state estimates, and associated meta data

between the EKF module and the scanner pulse-sequence/receive chain.
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7.3.34 Correction

Immediately following the scanner update, the measurements y, are acquired and

A

used to correct the predicted state X, _, and error covariance P, ;. The basic idea of EKF
correction is to approximate the nonlinear function h(-) using a Taylor series expansion
around )“(klkf1 and apply the standard linear Kalman filter equations to the new linearized

model. In this study, the first-order iterated EKF correction was implemented (23), which
truncates the Taylor series to first-order and iterates the correction a total of N times. The first-
order iterated EKF correction is analogous to performing an online Gauss-Newton

optimization of the following nonlinear cost function (35)

Ci (%) = (¥ _h(xk))T R™ (v, —h(x)) [7.5]
+(Xk _)’Z:qk—l)-r Ak|k—l_l(xk _§(L|kfl)

fori=0,1, ..., N. When N is set to zero, the first-order iterated EKF correction reduces to the
standard EKF correction. Details of how the cost function C,(X, ) is minimized given the

online updates to the scanner pulse-sequence are provided in the Appendix.

The first term on the left hand side of Eq. [7.5] is the “data prediction error” while the
second term on the right hand side of Eq. [7.5] is the “model estimation error”. Note, most
offline intensity-based image registration algorithms are based on iteratively minimizing the
“data prediction error”, or some variant of this function. The EKF can therefore be viewed as a

generalization of traditional intensity-based image registration that incorporates an additional
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model for the dynamics and is uniquely suited for online applications because 1) it is causal in
nature and 2) does not require iterating the cost function (by setting N = 0), which is important
in time-sensitive applications. Thus, in the limit of infinitely large process noise covariance Q,
the “model estimation error” is effectively ignored when minimizing the cost, and the EKF is
analogous to traditional image-based least-square registration with N iterations. The weighting
of the “data prediction error” and “model estimation error” to the overall cost depends on both
error terms Q and R. Selection of these priors is an important step in optimal EKF

performance and is described next.

7.3.3.5  Filter tuning
Because the EKF is unchanged by scaling Q and R by the same factor, it is often
convenient to define a single scalar that controls the relative weighting of the “data prediction”

and “model estimation errors”. To do this, we factor Q and R into

Q=0,-Q [7.6]
R=0c?R, [7.7]

where ¢’ and o are scalars, and Q and R are matrices of unit norm containing the

structure of the respective noise processes. The ratio S = o / & then controls the effective
"bandwidth" of the filter, with increased tracking ability on the one hand (high weighting of
data information with low values of S) and increased noise suppression on the other (high
weighting of model information with high values of S). Throughout the remainder of this

work, we referto S as the “smoothness factor”.
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The noise covariance structure, or entries of Q and ﬁ, can be selected to utilize prior

knowledge about the object’s dynamics and measurement errors, respectively. Given the

physical constraints of the patient inside the MRI environment, some of the off-diagonal

entries of (5 will likely be non-zero. However, for the sake of simplicity, we assume each

motion parameter is independent, thus (3 is diagonal and can be written
9= oliag([l2 P 7 (7180 (v/180)° (z/180) ] ) [7.8]

where the first three and last three elements have units mm?TN? and rad®/TN? respectively,

with TN being the time between the onset of two consecutive SP-Navs. In addition, we

assume the measurement errors are white, thus R is diagonal, and the inverse can be written

d, 0 0 0

_ |0 d, 0 0

R™= 4 o 0 [7.9]
0 0 0 d,

The scalars along the diagonal of R™ 0<{d.}" <1 provide a means of weighting the

contributions of each voxel to the motion estimate and thus setting the appropriate weights d,

to zero provides a principled approach for motion tracking within a priori regions-of-interest

(ROIs). This procedure is described next.
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Figure 7.4. Online EKF schematic for patient-specific ROl tracking. Xip” is the “applied” state used to

collect the measurements Yy, and is described in the Appendix.

7.3.3.6  ROI tracking

The advantage of image-based ROI tracking with the EKF is that the estimation can
focus on a particular region (ROI) in object space while ignoring other regions that may
corrupt the rigid-body motion estimates. In this study, a brain ROI is adapted to each patient to
remove the effects of non-rigid motion of the neck and jaw. The general procedure is shown
schematically in Fig. 7.4 and can be separated into two principal phases. During the first phase
(Phase 1), a train of 20 SP-Navs are played out in rapid succession immediately prior to the
start of the “dummy” scans. During collection of this SP-Nav train, the EKF is used to register

a fixed 3D proton density (PD) weighted head atlas to the patient. Once the registration is

complete, the entries of R™* (data weights) are set to the voxel values in a 3D binary brain
mask, defined in atlas space. The construction of both the 3D head atlas and associated brain
mask was performed offline and is described in detail in Ref (28). Immediately after the brain

ROI is specified, a series of 4 dummy scans are acquired to allow equilibration of the
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Figure 7.5. Results from Phase | of the EKF tracking procedure showing the SP-Nav reference image
(bottom row), registered head atlas (top row), and brain ROI (white lines). All voxels outside of the
brain ROI in the SP-Nav are ignored during tracking.

longitudinal magnetization. Once the dummy scans are complete, the final EKF parameters,

such as the Jacobian H (see the Appendix for a description of the Jacobian and how it is

calculated), reference navigator y . (which is set to the last SP-Nav prior to scan start) and

covariance matrices Q and R are calculated and stored in memory. The entire duration of
Phase | takes approximately 10 s. An example reference navigator, registered head atlas and
brain ROI are shown in Fig. 7.5.

In the second phase (Phase I1), the “tuned” EKF is run online for prospective motion
correction during the scan. Because the SP-Navs are only acquired during the T, recovery
period of the pulse-sequences, no correction is performed during the imaging segment itself,

which typically lasts about 2 s. To account for this, motion corrupted k-space segments were
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re-acquired at the end of the scan. To determine which segments needed to be re-acquired a

simple “rescan metric” was defined

pn) =& (M=% ()], [7.10]

where X~ (n) and X" (n) are used to denote the a posteriori motion estimates (in mm and deg)
immediately prior and immediately after the collection of the n-th k-space segment,

respectively. All k-space segments with p(n) greater than or equal to a user-specified

threshold T are then marked for rescanning. In this study, the rescan threshold was selected
based on in vivo experiments performed during no motion and is described in the section titled

“In vivo validation experiment”.

7.3.4 Offline simulation

Offline Monte Carlo simulations were used to test the performance of the EKF for
motion tracking in the SP-Nav sequence. For each Monte Carlo run, a time-series of 10 SP-
Navs was synthesized by interpolating into a single isotropic 3D SP-Nav volume (collected
with similar acquisition parameters to the online 2D SP-Navs). To simulate online motion
correction, the orientation of each synthesized SP-Nav was determined by combining both the
simulated motion with the predicted state of the EKF at each time-point. Two different
simulation experiments were performed. The first tested simple 1D motions in each parameter
separately and the second tested compound random amplitude motions in all parameters
simultaneously. In all experiments, step functions were used to simulate motion (starting at the

forth time-point) so that the convergence behavior of the EKF could easily be visualized using
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different filter parameters. Both “large” and “small” motions were tested using either a 10
mm/deg or 1 mm/deg step (for the 1D simulation experiment) or constraining the vector norm
across all parameters (in mm and deg) to be either 10 or 1 (for the compound motion

experiment), respectively. Prior to estimation, random Rician noise was added to each image
with various signal-to-noise ratios (SNR). The measurement noise level O'v2 of the EKF was
determined empirically for each SNR level using the mean (within brain) signal magnitude
estimated from the native 3D SP-Nav volume. Thus, when testing the effect of different

“smoothness factors” S, only the process noise level (TVZ of the EKF was varied. All

simulations were performed on a Dell Precision workstation using Matlab (Mathworks, Inc.).

7.3.5 Online in vivo experiments

Three different types of in vivo experiments were performed to test the online
performance of the SP-Nav/EKF tracking framework in the 3D IR-SPGR and 3D FSE
sequences. Prior to scanning, all subjects provided informed consent in accordance with the

University of California, San Diego institutional review board.

7.35.1 In vivo validation experiment

The first in vivo experiment was designed to assess the steady-state accuracy of the
SP-Nav/EKF motion estimates. The basic procedure consisted of modifying the IR-SPGR
sequence (Fig. 7.2a) to collect the same three volumes back-to-back (V1, V2, and V3). During
the scan, a highly motivated volunteer was instructed to either remain motionless throughout
("no-motion" trial), or make a single brief motion during the middle of the second volume

(V2) and remain in that position until the end of the scan ("motion™ trial). No instruction was
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given as to what type of motion to perform, only to vary the magnitude and direction of
motion from trial to trial. During each trial, prospective motion correction was performed with
respect to the reference navigator of the first volume. After the scans were complete, three
guantities were estimated for each trial: 1) the steady-state EKF motion estimate, calculated by
averaging the online motion estimates during V3, 2) the steady-state error of the EKF motion
estimates, calculated offline by registering V1 to V3 using an iterative 3D rigid-body
registration algorithm, and 3) the “true” motion of the subject, calculated by combining the
steady-state EKF estimate with the steady-state error. Prior to computing these quantities, all
motion plots were inspected to verify the subject did not move during the collection of V1 or
V3. Each trial of the validation experiment required approximately 24 minutes of scanning
and a total of 15 trials were performed (2 “no motion” trials and 13 “motion trials”). The

rescan threshold T was selected based on data obtained during the two “no motion” trials. The

mean p(n) during all six volumes of both trials was 0.31, with a minimum of 0.07 and a

maximum of 0.68. Thus, to be conservative, the rescan threshold T was set to 1 for all

subsequent in vivo scans in this study.

7.3.5.2  Repeated staged motion experiment

The second in vivo experiment was designed to assess the performance of the SP-
Nav/EKF framework for reducing 3D rigid-body head motion artifacts in the MRI scans
themselves under relatively controlled conditions. Three types of scans were performed on a
single subject: 1) a scan without motion correction where the subject was asked to perform
repeated staged motions continuously during the scan (PROMO OFF condition), 2) a scan

with motion correction where the subject was asked to repeat the same motions as in (1)
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Figure 7.6. EKF tracking results for 1D motion steps. The true motion is shown in gray and the
estimated motion in black. A total of 6 trials (columns) where used to create each 6 x 6 matrix. Off-
diagonal plots indicate the “cross-talk” error of the EKF.

(PROMO ON condition), and 3) a baseline scan without motion correction where the subject
was asked to stay as still as possible (NO MOTION condition). Two types of staged head

motions were performed: 1) "side-to-side" motion and 2) "nodding" motion.

7.3.5.3 Real life experiment

The final in vivo experiment was designed to assess the overall performance of the
SP-Nav/EKF framework for reducing 3D rigid-body head motion artifacts in the MRI scans
under realistic conditions. To do this, two healthy young males were scanned (ages 10 and 11)
with the 3D IR-SPGR sequence with and without PROMO correction twice (total of 4 scans
per subject). Young males were recruited because of their known tendency to move during the
scan sequence despite being instructed not to. No specific instruction was given to either

subject, only to remain “as still as possible”.
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Figure 7.7. Average EKF tracking errors (over 500 Monte Carlo runs) for compound random amplitude
motion steps plotted on a log scale. (a) Translation and rotation error for “large” and “small” motion
steps. (b) Overall error (norm across all six parameters) as a function of SNR for “large” and “small”
motion steps. (c) Overall error as a function of EKF iteration (N) for “large” and “small” motion steps
with an SNR of 10. (d) Overall error as a function of “smoothness factor” S for “small” motion steps
with an SNR of 10. In all plots, the arrow indicates the onset of the motion. Time-point 1 is omitted as
the predicted state (motion) of the EKF is zero.

7.4 Results

7.4.1 Offline simulations

EKF tracking results for the 1D steps along each motion parameter are shown in Fig.

7.6 for both “large” (10 mm/deg) and “small” (1 mm/deg) motion magnitudes with an SP-Nav

SNR of 10 (which approximates the actual SNR of the online SP-Navs). The results are shown

in “matrix” format where the columns indicate the simulated parameter and the rows indicate
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the estimated parameter. Not surprisingly, the error variance in the estimates due to noise is
more apparent for the “small” sub-voxel motions than the “large” motions.

EKF tracking results for compound random amplitude motion steps are shown in Fig.
7.7. For all plots, the average norm error + std over 500 Monte Carlo runs are shown. Figure
7.7a shows the norm error for translations and rotations. Figure 7.7b shows the effect of SNR
on the overall (norm across all six parameters) EKF tracking error. Figure 7.7¢ shows the
effect of adding additional iterations (N) on the overall tracking error for a fixed SNR of 10.
Only N = 2 iterations are shown because increasing the number of iterations beyond this point
had little effect on the tracking results (algorithm had converge to a local minimum). In Fig.
7.7a, b, and c, the “smoothness factor” is set arbitrarily low (S = 6.1 x 103) to remove the
weight of the “model estimation error” on the Kalman cost function and reducing S any further
had minimal effect on the tracking performance. Because only the “data prediction error” is
used during estimation, one can interpret the iterated EKF in Fig. 7.7c as a standard image-
based least-squares registration with N iterations. Figure 7.7d shows the effect of increasing
the “smoothness factor” (i.e., increasing the weight on the “model estimation error”) on the

overall tracking error for “small” motions only with a fixed SNR of 10.

7.4.2 Invivo validation experiment

Results from the in vivo validation experiment are shown in Fig. 7.8. Online motion
estimates for a single representative “motion-trial” are shown in Fig. 7.8a. Note how the
subject made a single brief motion during the middle of V2 and remained fixed in this position
throughout the remainder of the scan. The steady-state EKF motion estimates are plotted
against the "true™ motion of the subject for all 15 trials in Fig. 7.8b. The mean absolute steady-

state error (MAE) * std and mean magnitude of the “true” motion across all trials is shown in
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Figure 7.8. Results from the in vivo validation experiment. (a) Online motion estimates for a single
representative “motion” trial. Insert shows a close-up of the tracking estimates during the motion onset
interval. (b) The “true” vs. steady-state EKF motion estimates over all 15 experimental trials. (c) The
mean absolute steady-state EKF error (MAE, dark gray) compared with the mean magnitude of the
“true” motion (light gray) for each parameter across all trials.

Fig. 7.8c. The MAE + std was calculated to be: t, =0.14+0.15 mm, t, =0.35+0.39 mm,
t,=0.17£0.15 mm, 6, =0.39+£0.31 deg, 4, =0.25+0.20 deg, and ¢, =0.27+0.30
deg. The mean magnitude of the “true” motion was calculated to be: t, =1.34 mm, t =1.22

mm, t, =2.11 mm, 6, = 4.33 deg, 6?y =2.55 deg, and 6, = 7.03 deg. The overall steady-

state error (mean across all parameters and trials) was 0.26 and the overall magnitude of
motion (mean across all parameters and trials) was 3.09, which yields an expected overall

steady-state error of less than 10 % of the true motion.
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Figure 7.9. Example EKF motion estimates for the PROMO ON IR-SPGR scan during the “side-to-

side” and “nodding” motion experiments.

7.4.3 Repeated staged motion experiment

Online EKF motion estimates obtained during the repeated staged “side-to-side” and
“nodding” motion experiments for the two PROMO ON 3D IR-SPGR scans are shown in Fig.
7.9. As shown in the figure, “side-to-side” motion is characterized by rotations around the z-
axis and translations around the x-axis, while “nodding” motion were characterized by
rotations around the y-axis and translations around the z-axis. Although not shown, similar
motion estimates were evident during all other “side-to-side” and “nodding” motion
experiments.

The images from the repeated staged motion experiment are shown in Fig. 7.10. In
order to compare corresponding slices, all reconstructed volumes were registered and
resampled (using high dimensional sinc interpolation) to the NO MOTION 3D FSE volume.
As evident in the figure, the PROMO corrected images have significantly reduced motion
artifacts for both types of staged motion to a level that is qualitatively similar to the NO

MOTION scans.



104

PROMO OFF PROMO ON NO MOTION

3D IR-SPGR

Side-to-Side Motion
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3D IR-SPGR

3D FSE

Figure 7.10. Reconstructed images for the repeated staged motion experiment. Only a single axial and
sagittal slice through the volumes are shown. The number of rescanned k-space segments for the
PROMO ON scans using a threshold of T = 1 were (from top to bottom) 20, 10, 35 and 5, respectively.
The two images highlighted with arrows are shown again in Fig. 7.11.



105

PROMO ON - Nodding NO MOTION

Figure 7.11. Comparison of the PROMO ON 3D IR-SPGR scan during “nodding” motion and the NO
MOTION 3D IR-SPGR scan. White arrows highlight a region of the neck outside the brain ROI of the
EKF, which moved non-rigidly during the scan and is subsequently uncorrected in the image.

A close-up of the PROMO ON and NO MOTION IR-SPGR sagittal slices shown in
Fig 7.10 for the “nodding” motion experiment are shown by themselves in Fig. 7.11. The
white arrows in the figure highlight an area of the neck outside the EKF brain mask that
underwent non-rigid motion during the scan and was subsequently uncorrected in the final

image.

7.4.4 Real life experiment

Corresponding coronal sections through the PROMO ON and PROMO OFF IR-SPGR
scans for each of the two young male subjects are shown in Fig. 7.12. Both sets of PROMO

ON and PROMO OFF scans were selected from the set of 4 to have qualitatively similar

motion statistics as assessed with the “rescan metric” p(n), also included in the figure.

Again, the images with PROMO correction have significantly reduced motion artifacts
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Figure 7.12. Real life images taken from two healthy young males with and without PROMO
correction along with the “rescan metric” p(n).

compared to the images without correction. The number of rescanned k-space segments for

Subject 1 and Subject 2 using a threshold of T = 1 were 23 and 38, respectively.

7.5 Discussion

This work describes a new technique for prospective motion correction that utilizes
three orthogonal 2D spiral navigator acquisitions (SP-Navs) along with a flexible image-based
tracking method based on the EKF algorithm for online motion measurement. A preliminary
application of the SP-Nav/EKF tracking framework in 3D IR-SPGR and 3D FSE pulse-
sequences demonstrates the effectiveness of the approach for significantly reducing 3D rigid-

body motion artifacts prospectively in these sequences.
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7.5.1 Offline simulations

Offline simulations revealed some important properties of the SP-Nav/EKF
framework for rigid-body motion tracking. Figure 7.6 demonstrated how both “large” and
“small” 1D translations and rotations in all three degrees of freedom could be estimated with
minimal transient “cross-talk” error. The term *“cross-talk” error is used here to describe the
apparent motion in one parameter due to motion in another (i.e. the off-diagonal plots in Fig.
7.6). While there was a tendency for rotations to have slightly larger “cross-talk” errors than
translations, this effect was minimal and in general, both rotations and translations could be
estimated with similar accuracy and precision.

Figure 7.7 shows the performance of the SP-Nav/EKF framework for tracking
compound random amplitude motion steps using various filter parameters and SNR levels.
Consistent with the 1D motion simulation results, Fig. 7.7a shows how translations and
rotations could be estimated with similar accuracy and precision. Reducing the SP-Nav SNR
increased the overall error due to noise (i.e. the baseline error when in the steady-state), but
had little effect on the overall tracking error due to “large” and “small” compound motions,
i.e. the filter response times (Fig. 7.7b). Thus, the number of SP-Navs (post motion onset)
required to estimate “large” and “small” compound motions was relatively insensitive to SP-
Nav SNR. Furthermore, increasing the number of EKF iterations (N) at each time-point
(which increases the computation time significantly) was generally unnecessary, as it only
marginally improved the overall tracking error for “large” compound motions but had no
effect on the overall tracking error for “small” compound motions (Fig. 7.7¢). An inspection
of Fig 7.7a, b and c revealed that on average, 2-3 SP-Navs (post motion onset) were required

to estimate “large” compound motions while only about 1-2 SP-Navs were required for
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“small” compound motions, regardless of the number of EKF iterations. This result suggests
that the majority of the transient SP-Nav/EKF tracking error comes from through-plane
motion of the SP-Navs, which is greater for “large” compound motions. Transient tracking
errors caused by through-plane motion was also observed using orthogonal 2D orbital
navigators (14) and is likely to have contributed substantially to the transient “cross-talk”
errors in the 1D simulations. However, as demonstrated in Fig. 7.6 and 7.7, this effect is
mitigated when collecting multiple navigators back-to-back such that the through-plane
motion component is reduced iteratively in time. The set of 5 SP-Navs played out during the
3D IR-SPGR or 3D FSE sequences should therefore be sufficient even in extreme situations
where the patient makes a “large” transient motion during this interval.

Finally, varying the “smoothness factor” S (i.e., changing the degree to which the
motion model influences the tracking estimates) resulted in a trade-off between increased
noise suppression on the one hand (low filter bandwidths with high values of S) and reduced
tracking error due to transient motion on the other (high filter bandwidths with low values of
S). This is evidenced in Fig. 7.7d. Because the level of noise suppression was relatively small
compared with the increase in overall tracking error, low “smoothness factors” (and no EKF
iterations) were used for all subsequent in vivo scans. It should be noted that this finding is not
surprising given 1) the large number of measurement voxels in each SP-Nav (effectively about
16,000 after masking) compared to the small number of rigid-body motion parameters to be
estimated at each time-point and 2) the image SNR is relatively high (SNR = 10). Both of
these factors suggest that the “data prediction error” should contribute more information to the
Kalman cost than the “model estimation error”. However, it should also be noted that although
the model information played a relatively minor role in the current application of the Kalman

filter for tracking in the SP-Nav sequence, in applications where 1) there is reduced
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information in the measurements through either reduced SNR or number of imaging voxels
(e.q., self-navigated head motion tracking in 2D EPI slice data), 2) there are more rapid image-
based measurements available online, 3) there are more than six parameters in the state vector
(e.g. modeling non-rigid motion or including velocity terms), and 4) there are strong
regularities over time in the state parameters (e.g. when tracking cardiac or respiratory
motion), increasing the weight on the dynamic model will likely play a more important role

during tracking.

7.5.2 Invivo validation experiment

The steady-state error in the online SP-Nav/EKF motion estimates was quantified in
vivo using real biological staged head motions (Fig. 7.8). In general, the accuracy of the in
vivo estimates scaled with the magnitude of motion, with larger head motions leading to larger
estimation errors. However, these errors were consistently less than one tenth of the overall
magnitude, even for trials that included large compound motions with rotations over 15 deg
(Fig. 7.8b and c). While the accuracy of the estimates from a single SP-Nav could not be
assessed in vivo, an inspection of the tracking results suggests that the steady-state level of
accuracy was reached in about 2-3 SP-Navs, consistent with the offline simulation results (c.f.
insert in Fig. 7.8a). It should be noted that the range of motion magnitudes tested in this study
was more than double the range used to benchmark the orbital (14), spherical (15) and
cloverleaf (18) methods and yet in all trials the error never exceed the 10% level for any
parameter and was typically well below this mark. It should also be noted that our validation
procedure focused on motions that are more “likely” to be experienced in practice, given the
nature of the scanner environment. Thus, not all parameters were tested to an equal extent

during the validation experiment because the head coil itself limited some types of motions
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from being performed. This is evidenced by the fact that the subject made larger rotations

versus translations during the validation experiment (c.f. “true” motion in gray in Fig. 7.8¢c).

7.5.3 Repeated staged motion experiment

Results from the repeated staged motion experiment demonstrated the effectiveness of
the SP-Nav/EKF framework for reducing periodic “nodding” and “side-to-side” head motion
artifacts in both the 3D IR-SPGR and 3D FSE sequences (Fig. 7.10). Because the EKF was
“tuned” to estimate rigid-body motion within the brain ROI, areas outside this region were
ignored and subsequently uncorrected in the final images. This is illustrated in Fig. 7.11,
which shows a close-up of the PROMO ON 3D IR-SPGR scan during “nodding” motion and
the NO MOTION 3D IR-SPGR scan. The area highlighted with a white arrow in the figure

corresponds to a region in the neck outside the brain ROI that is uncorrected in the image.

7.5.4 Real life experiment

The results from the real life experiments on the two healthy young males again
demonstrated the overall effectiveness of the SP-Nav/EKF framework for significantly
reducing 3D rigid-body head motion artifacts in 3D IR-SPGR scans under real life conditions

(Fig. 7.12). Qualitatively similar motion statistics, as quantified using the “rescan metric”

p(n) , suggests that the improvement in image quality was not due to an overall difference in

the level of motion between the two scans (Fig. 7.12).
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7.5.5 Advantages / limitations

The image-based SP-Nav/EKF tracking framework implemented in this study offers
several advantages over existing k-space-based orbital (14), spherical (15) and cloverleaf
navigator techniques (18). All k-space-based navigator methods require precise and
reproducible k-space sampling trajectories from shot-to-shot such that rotations and
translations in image-space can be estimated from k-space magnitude and phase information,
respectively. Consequently, any effect that violates the assumptions of this Fourier model,
such as 1) off-resonance due to magnetic field inhomogeneities and susceptibility differences,
2) gradient instabilities and 3) non-rigid motion of the object, will degrade the accuracy and
precision of k-space-based rigid-body motion estimates. The SP-Navs, on the other hand,
provide reduced sensitivity to motion estimation inaccuracies due to off-resonance by blurring
these effects equally in all directions in image-space. Moreover, tracking in image-space
allows for masking areas of the object that may corrupt the rigid-body motion estimates. In
this study, we show how the EKF can be “tuned” during the “dummy” acquisition period to
prevent non-rigid motion of the neck and jaw from corrupting the rigid-body estimates of the
brain and skull. This type of masking using a k-space-based approach is difficult and requires
tuning the RF pulse to excite only the rigid-body tissue component (s). However, although the
motion estimates from a single SP-Nav have reduced sensitivity to off-resonance, any slow
change in SP-Nav image quality over time due to scanner instabilities or time-varying off-
resonance effects will corrupt the SP-Nav rigid-body motion estimates and ultimately reduce
the quality of the final reconstructed images.

In terms of time requirements, a single 3-plane SP-Nav can be collected and
reconstructed in approximately the same time (48 ms) as a 3-plane orbital navigator (33 ms)

(14) and spherical navigator (27 ms) (15), but requires substantially more time than a single
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cloverleaf (4.2 ms) (18). Therefore, the cloverleaf method may be advantageous in certain
steady-state sequences where there is no intrinsic sequence “dead time” for navigator
acquisition. However, in non-steady-state sequences such as 3D IR-SPGR and 3D FSE, a train
of SP-Navs can be played out during the intrinsic T, recovery period of the acquisition without
adding to the overall scan time. However, no motion correction is performed during the
imaging segment itself, which typically lasts about 2 s. To account for this, corrupted k-space
segments were rescanned at the end of the sequence depending on whether an online “rescan
metric” exceeded a user-specified threshold. In this study, all in vivo scans were performed
using a rescan threshold of T = 1, derived empirically from repeated no motion scans. This
type of rescan procedure should be generally acceptable in most clinical applications, given
that the number of rescanned k-space segments for the two young (and fairly uncooperative)
males who participated in this study only resulted in an additional scan time of 50 s (Subject
1) and 90 s (Subject 2), respectively.

One limitation of the EKF tracking algorithm, as implemented in this study, is the
inability to correct (rather than just ignore) non-rigid motion. In principle, however, one can
augment the EKF state vector to include higher order motion parameters for nonlinear motion
tracking. Velocity and acceleration terms can also be incorporated in the dynamic model when
more rapid measurement information is available. For example, Sprincemaille et al. recently
applied the linear Kalman filter with first-order constant velocity (CV) dynamics for rapid
(~15 ms) real-time separation of cardiac and respiratory waveforms from navigator least-
squares motion estimates (30). In general, the flexibility afforded by the dynamic state-space
model framework of the EKF should allow for online image-based tracking of many different
body parts using various types of measurements including 2D slice information for self-

navigated tracking in EPI time-series data (25).
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7.5.6 Summary

In summary, the results presented in this paper demonstrate the effectiveness of the
PROMO motion correction technique for significantly reducing 3D rigid-body motion
artifacts prospectively in high-resolution 3D scans. While the current implementation focused
on spiral-navigated 3D IR-SPGR and 3D FSE scans, the flexible image-based EKF tracking
procedure in PROMO may be useful in other applications such as self-navigated prospective

motion correction in 2D EPI time-series data.

7.6  Appendix

To describe the online first order iterated EKF algorithm for prospective motion

correction in the scanner sequence, let M (X) be a 4 x 4 affine transform matrix that is

parameterized by the state variable X = [tx,ty,tZ ,0.,0,,0, I

M(x)=T(x)R(x), [7.11]
Where
1 0 0 t
01 0t
T = Y, 7.12
(X) 0 0 1t [7.12]
0 0 0 1

and
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c,C, c,C, s, O

R(x)= -s,s,¢,—C,S, —s,5,C,+CcC, sc, O [7.13]
-C,5,C,+55, —CsS,C,—s.c, cc, O
0 0 0 1

and c,, ¢, and c, are the cosines and s,, s, and s, are the sines of the parameters 6, , 0,

y y

and @,, respectively. Furthermore, let X;R** —R** be a function which describes the

inverse mapping between the affine transform matrix M (x) and the state vector x

m,
My,
m,,
X (M(x)) = sin(m.) , [7.14]

atan2(m,, / cos(é, ), m;, / cos(d,))

_atan2(m12 / cos(8,), my, / cos(ey))_

where mj; is the ij-th entry of M (X) and atan2 is the four quadrant inverse tangent.

Now let X, =[0 0 0 0 O 0] be the initial state of the EKF at time k = 0 and
Yer =N (Xo) be the initial fixed reference SP-Nav. In the ideal online correction scenario, the
affine transform matrix M (§(k|k—l) associated with the predicted state X, is then used to

update the scanner pulse-sequence at each time-step prior to collecting the measurements y, .

However, to generalize the method in case this condition is not met (e.g., if real-time
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communication is interrupted or the previous corrected state X,_,, , is not obtained in the
time allowed), let x; be the actual “applied” state used to collect y,. Now, let
R = X(M'l(xﬁpp)-M(f(klkfl)) be the “adjusted” state that takes into account the

potential mismatch between the predicted and “applied” state at time-step k. When the

predicted state is equal to the “applied” state at each time-step, the “adjusted” state is simply
the initial state X, .
The goal of EKF correction is to use the measurements Yy, to refine the predicted

A

state X,,_, and error covariance P,, , at each time-step. Recall, this is accomplished by

minimizing the cost

usingi=0,1, ..., N iterations. The first order iterated EKF (Gauss-Newton) solution to such

an optimization problem is the following update function
)’ZLTkl—l = $(k|k—1 +K; (yk —h ( +§(L|k—1)_ H; ()A(k|k—1 - +§(:<|k—1)) , [7.16]

Where +§(le_1 =X (M’l(Xﬁpp)' M (f(le_l)), H, is the Jacobian of the measurement function

. ~ -1
h(-) evaluated at the “adjusted” state X, ,, and K| =(HiF\"1HiT + Pk|k—l) H R™ is the

Kalman gain. Details of the derivation of Eq. [7.16] is provided in many texts including Ref.

(23) and is omitted here due to space constraints. At the end of all iterations, the a posteriori
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+ N+ -

state X, issetto "X, and the a posteriori covariance I5ka issetto (1-K Hy..) Pk

Note, when no iterations are performed (i.e. N = 0) Eq. [7.16] reduces to the standard EKF. It

should also be noted that when predicted state is equal to the “applied” state at each time-step

and N = 0, the Jacobian H, is always evaluated around the initial state X, and thus can be
calculated once and stored in memory.
To describe the details of the measurement function h(-), let y,,, y,, and Yy, be the

respective 2D axial, sagittal and coronal images of the concatenated reference navigator vector
Y o :[vec(yax)T vec(y,,)" vec(y,)' ]T, where the operator vec(-);R™" —R*™
concatenates a 2D matrix into a 1D vector. Furthermore, let r,,, r,, and r, be 4 x M
matrices of initial (homogenous) voxel coordinates for y, , y., and Yy, respectively. Then,

the measurement function h(X) can be written

h(x)=| vec(y, (P, -M(x) 1)) |, [7.17]

where P, =diag([L 1 0 1T'), P, =diag([0 1 1 1) and
P, =diag([1 01 1]T) are matrices which project the transformed 3D homogenous

coordinates onto the respective planes of the reference prior to interpolation. In this study, 2D

linear interpolation was used throughout.
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Chapter 8

Future Directions: Restriction Spectrum

Imaging

8.1 Introduction

Diffusion tensor imaging (DTI) (1) is a powerful non-invasive technique for studying
brain tissue microstructure in vivo. However, a well-known limitation of DTT is the inability to
characterize diffusion in complex tissue microstructures (2). Recently, model-based
deconvolution techniques have become increasingly popular for resolving multiple fiber
orientations in heterogeneous fiber populations (3-6). However, these methods rely on the
assumption that the tissue is composed of fibers with identical water restriction properties (i.e.
morphology and size scale). Here, we propose a new model-based analysis approach for
multiple b-value acquisitions called Restriction Spectrum Imaging (RSI). RSI relaxes the
assumption above and models the tissue using a spectrum of both oriented and non-oriented

tissue components with different water restriction scales.
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8.2 Methods

8.2.1 Data acquisition

An excised adult male Sprague-Dawley rat brain was immersed for 4 weeks in a 4°C
ImM GdDTPA solution and positioned in a sealed plastic tube filled with Fomblin liquid.
Scanning was performed using a 4.7T Bruker scanner equipped with a 3 cm solenoid receiver
coil. Pulse-sequence parameters: TR/TE = 650/49 msec, A/ = 23/12 msec, 515 q-space
directions, |Glmax = 380 mTm™, matrix = 64x64x128, 265 um isotropic voxels, b-max ~32,000
mm?*/sec. However, for this study only 123 q-space directions were used with b-max = 10,000
mm?/sec. Myelin stained histological sections were obtained and registered to the MRI data as

described previously (7).

8.2.2 RSI model

Recall, under the linear convolution model the measured diffusion signal in each

voxel S(b,r) can be written

@ = j R(b,r,x) f (x)dx+n(b,r), 8.1]

where b is the diffusion weighting factor, or "b-value", r is a unit (column) vector indicating

the direction of the applied diffusion gradient, S; is the signal measured with no diffusion
weighting (i.e. S; =S (b = 0) ), R(,,-,x) is the signal response to a single ideal fiber with

orientation given by the unit (column) vector x, f(-) is a real-valued function of the unit
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sphere describing the fiber orientation density (FOD), and n(b,r) is additive measurement

noise.
In RSI, an axially symmetric tensor model (8) is used to characterize diffusion at
multiple microscopic length scales. Under this model, the measured diffusion signal can then

be written

= ij(b,r,ll,x)f (X,/ll)dxd/lL +e +n(b,r), [8.2]

AL X

where R(ql,/IL,xj) =exp(-b 4, )-exp(-b (4, — 4,)(r, -xJ)z) is the signal response with
perpendicular and parallel diffusivities 4, and 4 , respectively, and A4, is the diffusivity of

the “free” water component. Note the additional summation over A, in Eq. 8.2, which allows

the perpendicular diffusivity to vary across microscopic length scales.

8.2.3 Estimation
To fit the model above, we discretize the signal equation using P restriction scales
A ={/1 A ,ip} and use a spherical harmonic (SH) parameterization for the fiber

2 15 7by oo

orientation function f(x)= Z “ Y, (x). This leads to a simple linear model of the normalized
signal S = I:R(l]) R(4,) -+ R(4) e ]B+n, where the ik-th element of the matrix

R(4)) is R, (4)) = J- R(q;, 4;,x)Y, (x)dx and the parameter vector B has (K x P) +1elements.
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Figure 8.1. RSI restriction maps showing the volume fraction of spins at different microscopic length
(restriction) scales (from left to right in mm® /sec). (a) A, =1x10", (b) A =2.4x10%, (c)

AL =5.8x107%, (d) A, =1.4x10*, (e) A, = ] (tissue isotropic), and (f) Ay =24, (free water). Images
(a-d) have oriented structure, while (e,f) are isotropic.

Here, we use a maximum SH order of 4 (thusK =15), set 4 =3.4x 10 mm?/sec (which was

estimated from the data), A, =24 , and use 5 restriction scales for A, (P = 5). Maximum a

Il

posteriori estimates of the parameters p were obtained using Tikhonov regularization.

8.3 Preliminary Results

RSI “restriction maps” showing the volume fraction of spins at various microscopic
length (restriction) scales are shown in Fig. 8.1 for a coronal slice through the genu of the
corpus callosum. Maps correspond to the O-th order (isotropic) SH parameter estimates,
normalized to sum to 1. The first 4 images (a-d) correspond to oriented diffusion, while the
last 2 images (e,f) correspond to isotropic diffusion. Note, highly restricted spins at fine
microscopic length scales are predominantly located in white matter (a,b), while spins at
courser length scales are mainly seen in gray matter (d). Also, note the separation between the
tissue isotropic (e) and free water spins (f). Fiber orientation distributions (FODs) at each
restriction scale can also be estimated with RSI using the higher order SH. An example of this
is shown in Fig. 8.2 at corresponding scales to those in Fig. 8.1 (a-d). FOD reconstructions are
shown for a single voxel in the striatum (c) along with corresponding myelin stain images

showing the striated myeloarchitecture in this region (d). Note that the fiber orientation is
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Figure 8.2. RSI direction maps for the oriented diffusion components. (a) RGB colormaps indicating
the primary fiber direction (FOD maximum) at each restriction scale. (b) close-up sections of the
striatum for the highest (top) and lowest (bottom) restriction levels. (c¢) 3D fiber-orientation
distributions (FODs) for the voxel highlighted in (b) with the FOD corresponding to the highest
restriction scale on top and the lowest restriction scale on bottom. (d) histological section images
showing the corresponding myeloarchitecture in this region.

dependent on the restriction scale with mainly mediolateral and anterioposterior directionality
for the highest restriction scale (top row) and rostro-caudal (through-plane) orientation for the
lowest restriction scale (bottom row). This may potentially reflect separated spin diffusion in

and around striatal gray and white matter compartments.

8.4 Discussion

Restriction spectrum imaging (RSI), presented here, is a new model-based analysis
strategy for multiple b-value acquisitions designed to differentiate tissue components with
dissimilar morphologies and size scales on the basis of their water diffusion characteristics.
Both volume fraction and orientation information can be extracted at each microscopic
length/restriction scale using simple linear estimation methods. As such, RSI provides a new

computationally efficient framework for studying complex neuroarchitectures in the brain and
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may allow for improved in Vivo characterization of neuromorphology in healthy and
pathological tissue. Diffusion at the finest length scale most likely stems from the restricted
water pool within the intracellular space, while diffusion at courser length scales most likely
stems from hindered diffusion in the extracellular space representative of the intrinsic
tourtosity. Current work is focused on validating these later claims and studying the conditions

under which intracellular/restricted water is sufficiently modeled with a diffusion tensor.
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Chapter 9

Conclusion

9.1 Conclusion

The focus of this dissertation was to tackle some of the most pressing practical
limitations for in vivo quantitative magnetic resonance imaging of the human brain. In
Chapter 5, my colleagues and | presented what we believe to be the first direct quantitative
histological validation of neuronal fiber orientation distributions in brain tissue. In this study
we demonstrated that accurate fiber orientations can be extracted from diffusion MRI data
with an intrinsic angular error of about 5 degrees. However, with that said, there remain some
important questions left unanswered. For example, as the method employed for estimating
fiber orientations (spherical deconvolution) relies on a model for the diffusion signal, to what
extent to the results depend on the model assumptions? If we were to vary the assumed ADC,
for example, could we get an even stronger match to the histoarchitecture. Also, how do other
multi-directional diffusion MRI techniques such as Q-ball and Diffusion Spectrum Imaging
stack up compared to spherical deconvolution? How do these techniques fair in more complex
tissue architectures, for example in regions with three or more principle fiber orientations?

Having validated the diffusion MRI derived neuronal fiber orientations in Chapter 5,

in Chapter 6 we presented a study into the optimal (maximally efficient) diffusion MRI
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acquisition for in vivo quantification of the fiber orientation distribution. The results were
again based on the assumption of a fixed ADC that were derived from in vivo measurements.
If we were, however, to allow for a spectrum of ADCs to be fit to the data (i.e. the model
presented in Chapter 8), what might be the optimal parameter settings for resolving the
corresponding fiber orientations at the various microscopic length scales? Because, the
spectrum model can also be formulated in a linear unbiased sense, a similar approach could in
principle be used to derive the optimal combination of b-values and diffusion directions for
fitting this more informed model.

In Chapter 8, a model for the diffusion MRI signal was presented which allows for a
spectrum of neuronal fiber orientation distributions to be extracted from each voxel at various
microscopic length scales. Although we fit for a range of different length-scales, we found that
fiber orientations at two scales dominated: one at a fine length-scale with a corresponding
slow ADC (i.e. restricted), and one at a course length-scale with a faster ADC consistent with
the transport of water in the extracellular space. This finding is further consistent with a large
body of evidence pointing to a multi-exponential (slow and fast) decay of the diffusion NMR
signal in biological tissue samples. Taken together these findings suggest that one can in
principle separate the orientation structure of the intra and extracellular water diffusion pools
with their relative volume fractions. If so, some interesting inferences could be made. For
example, the volume fraction of the intracellular component could be used to derive spatial
maps of the cellular (fiber) density, a potentially valuable biomarker for studying various
neural pathologies. Likewise the volume fraction and the specific ADC value at the course
scale could provide insight into pathologies and physiological conditions affecting the
tortuosity of diffusion in the extracellular space, such as cell swelling. However, future

scientific study is needed to address these questions in more detail. In particular, as the
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majority of these studies were conducted in ex vivo fixed tissue, it will be highly desirable to
perform these investigations in the human brain in vivo. More sophisticated biophysical
models taking into account cell permeability, axon diameters, and other structural and
physiological properties will also likely play an important role in future diffusion MRI
investigations of brain tissue microstructure, allowing researchers to ask the harder questions

and possibly providing them with the tools necessary to help answer them.
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