Springer Theses

Recognizing Outstanding Ph.D. Research



Aims and Scope

The series “Springer Theses” brings together a selection of the very best Ph.D.
theses from around the world and across the physical sciences. Nominated and
endorsed by two recognized specialists, each published volume has been selected
for its scientific excellence and the high impact of its contents for the pertinent field
of research. For greater accessibility to non-specialists, the published versions
include an extended introduction, as well as a foreword by the student’s supervisor
explaining the special relevance of the work for the field. As a whole, the series will
provide a valuable resource both for newcomers to the research fields described,
and for other scientists seeking detailed background information on special
questions. Finally, it provides an accredited documentation of the valuable
contributions made by today’s younger generation of scientists.

Theses are accepted into the series by invited nomination only
and must fulfill all of the following criteria

e They must be written in good English.

e The topic should fall within the confines of Chemistry, Physics, Earth Sciences,
Engineering and related interdisciplinary fields such as Materials, Nanoscience,
Chemical Engineering, Complex Systems and Biophysics.

The work reported in the thesis must represent a significant scientific advance.
If the thesis includes previously published material, permission to reproduce this
must be gained from the respective copyright holder.

e They must have been examined and passed during the 12 months prior to
nomination.

e Each thesis should include a foreword by the supervisor outlining the signifi-
cance of its content.

e The theses should have a clearly defined structure including an introduction
accessible to scientists not expert in that particular field.

More information about this series at http://www.springer.com/series/8790



Sidong Liu

Multimodal Neuroimaging
Computing

for the Characterization
of Neurodegenerative
Disorders

Doctoral Thesis accepted by
the University of Sydney, Sydney, Australia

@ Springer



Author

Dr. Sidong Liu

School of Information Technologies
The University of Sydney

Sydney, NSW

Supervisor

A/Prof. Weidong (Tom) Cai

School of Information Technologies
The University of Sydney

Sydney, NSW

Australia Australia

ISSN 2190-5053

Springer Theses

ISBN 978-981-10-3532-6

DOI 10.1007/978-981-10-3533-3

ISSN 2190-5061 (electronic)

ISBN 978-981-10-3533-3  (eBook)

Library of Congress Control Number: 2016963189

© Springer Nature Singapore Pte Ltd. 2017

This work is subject to copyright. All rights are reserved by the Publisher, whether the whole or part
of the material is concerned, specifically the rights of translation, reprinting, reuse of illustrations,
recitation, broadcasting, reproduction on microfilms or in any other physical way, and transmission
or information storage and retrieval, electronic adaptation, computer software, or by similar or dissimilar
methodology now known or hereafter developed.

The use of general descriptive names, registered names, trademarks, service marks, etc. in this
publication does not imply, even in the absence of a specific statement, that such names are exempt from
the relevant protective laws and regulations and therefore free for general use.

The publisher, the authors and the editors are safe to assume that the advice and information in this
book are believed to be true and accurate at the date of publication. Neither the publisher nor the
authors or the editors give a warranty, express or implied, with respect to the material contained herein or
for any errors or omissions that may have been made. The publisher remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

Printed on acid-free paper
This Springer imprint is published by Springer Nature

The registered company is Springer Nature Singapore Pte Ltd.
The registered company address is: 152 Beach Road, #22-06/08 Gateway East, Singapore 189721, Singapore



Supervisor’s Foreword

Neuroimaging has transformed the way we study the human brain under both
normal and pathological conditions. The anatomical and functional information in
neuroimaging data has an important role in both brain research and clinical man-
agement of neurological and psychiatric disorders. In order to extract such infor-
mation, advance our understanding of brain disorders and accelerate its translational
impact, we need to develop innovative computational algorithms and methods to
process and analyze these high-dimension and high-volume neuroimaging data.

Multimodal neuroimaging data, acquired from the same subject with different
neuroimaging techniques or protocols, such as PET/CT, PET/MRI and MRI/DTI,
enables us to explore the different brain functions and structures at the same time.
However, computing the information in multimodal data is even more challenging,
due to the inconsistent image temporal / spatial resolutions, contrasts, and qualities.
As a result, multimodal neuroimaging computing always involves pre-processing,
feature extraction, pattern recognition, and visualization techniques, varying in
applications.

This book covers many aspects of brain image computing methods, and illustrates
the scientific understanding of neurodegenerative disorders cohering around 4
general themes of multimodal neuroimaging computing, including neuroimaging
data pre-processing, brain feature modeling, pathological pattern analysis, and
translational model development. It demonstrates how multimodal neuroimaging
computing techniques can be integrated and applied into neurodegenerative disease
research and management, with many examples and case studies. It also contains a
number of interesting extension topics, including longitudinal neuroimaging study,
subject-centered analysis, and brain connectome. In all, this book introduces a series
of innovative approaches and fundamental techniques in neuroimaging computing,
which will greatly benefit the neuroscience researchers and neurology practitioners
who are interested in medical image computing and computer-assisted interventions.

Sydney A/Prof. Weidong (Tom) Cai
October 2016



Abstract

Neurodegenerative disorders, such as Alzheimer’s Disease (AD), Parkinson’s
Disease (PD), Vascular Dementia (VD) and Frontotemporal Dementia (FTD), will
become a global burden over the forthcoming decade due to the increase of aging
populations. The characterization of neurodegenerative disorders has an important
role in patient care and treatment planning, especially in the early stage of the
disease, since current disease modifying agents are mainly effective before the
clinical symptoms appear.

The revolutionary non-invasive neuroimaging technologies have transformed the
way we study the brain, and become an essential component in the management of
neurodegenerative disorders. The growth of neuroimaging studies has spurred a
parallel development of image computing methods, which focus on the computa-
tional analysis of the brain images using both computer science and neuroscience
techniques.

Multimodal neuroimaging enhances the neuroscience research by compensating
the shortcomings of individual imaging modalities and by identifying the common
findings from different imaging sources. Multimodal neuroimaging has become one
of the major drivers in neurodegeneration research due to the recognition of the
clinical benefits of the multimodal data and better access to the imaging devices.
There is an imperative need for the development of novel multimodal neuroimaging
analysis methods to address the variations in spatiotemporal resolution and merge
the biophysical/biochemical information in multimodal neuroimaging data, thus
enabling more accurate characterization of the complex pattern of neurodegenera-
tive pathologies.

This study aims to advance our understanding of neurodegeneration using the
multimodal neuroiamging techniques. A series of models and methods were
developed and further validated through a large-scale systematic analysis on the
multimodal neuroimaging datasets acquired from over 800 subjects in the
Alzheimer’s Disease Neuroimaging Initiative (ADNI) cohort. We designed a set of
pre-processing protocols to control the quality of the datasets, then proposed a
number of hand-engineered and learning-based features to model the brain mor-
phological and functional changes associated with neurodegeneration. We further

vii



viii Abstract

designed a multi-channel pattern analysis approach to identify the key brain regions
associated with different neurodegenerative pathologies, and a cross-view pattern
analysis approach to predict the synergy between these features in joint analysis of
multimodal data. Finally, two clinical applications were developed to translate the
research findings into improved diagnostic tools, both showing great potential in the
management of Alzheimer’s disease and mild cognitive impairment. A few
extensions of these methods, including longitudinal neuroimaging analysis,
subject-centered therapy, and brain connectome, are also demonstrated and dis-
cussed in this work.
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