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1 Preface 
The aim of the thesis entitled „Mapping abnormality: Towards evaluating MRI scans for individualized 
diagnosis and validation of clinical course in motor neuron disease” was to develop and validate a 
diagnostic tool to evaluate an individual patients’ structural MRI scans, to infer on individual patterns of 
systemic or local atrophy. Of particular interest was the validation of this tool in real-world clinical 
populations, which were chosen for the different sub-projects composing this thesis – encompassing 
amyotrophic lateral sclerosis, primary lateral sclerosis, poliomyelitis survivors as well as the 
frontotemporal dementia spectrum. The four sub-projects of the thesis are summarized in the Abstract 
(page 8). A list of abbreviations of this thesis is found on page 11). The references of all four subprojects 
are merged in one bibliography at the end (starting on page 83).  

All four studies were accepted at peer-reviewed journals (impact factor > 1.5). Two of the four 
studies were successfully published (subprojects 1 and 2), two are currently in press (subprojects 3 and 
49 as of July 2021). Chapter 2 includes the pre-print versions of published projects. The projects which 
are “in press” are represented in their most recently revised and accepted versions. The manuscripts of 
all studies were consistently formatted according to the guidelines of American Psychological 
Association 7th Edition. Numbers of figures, tables, and equations were adapted. No other changes were 
made to the manuscripts. Note that some journals required British English spelling, while the remainder 
of this work is written in American English spelling.  

Large parts of this thesis (encompassing subprojects 2–4) were conducted in cooperation with 
the Computational Neuroimaging Group of Professor Peter Bede at the Biomedical Sciences Institute at 
Trinity College Dublin. Co-author contributions are listed at the end of each manuscript in chapter 2.  

For subproject 3 (in press at the Journal Neurobiology of Aging), a spin-off data article was 
published at Mendeley Data entitled “The evolution of cortical integrity in motor neuron diseases: 
longitudinal cortical thickness profiles in ALS, PLS and poliomyelitis” (doi 10.17632/3pnp4hkhnw.1, see 
also section Contributions for further details) but is not explicitly discussed in this thesis since it primarily 
serves as a data source for researchers aiming to replicate the results of subproject 3, or to add these 
data into a meta-analyses.  
 In the following, the references for all four subprojects are listed:  
 

(1) Tahedl, M. (2020). Towards individualized cortical thickness assessment for clinical 
routine. Journal of translational medicine, 18(1), 1-12. 

 
(2) Tahedl, M., Chipika, R. H., Lope, J., Shing, S. L. H., Hardiman, O., & Bede, P. (2021). Cortical 

progression patterns in individual ALS patients across multiple timepoints: a mosaic-based 
approach for clinical use. Journal of Neurology, 268(5), 1913-1926. 

 
In press: 

(3) Tahedl, M.*, Li Hi Shing, S.*, Finegan, E.*, Chipika, R. H., Lope, J., Hardiman, O., & Bede, P. (2021). 
Propagation patterns in motor neuron diseases: individual and phenotype-associated disease-burden 
trajectories across the UMN-LMN spectrum of MNDs. Neurobiology of Aging, in press. 

(4) McKenna, M. C.*, Tahedl, M.*, Lope, J., Chipika, R. H., Li Hi Shing, S., Doherty, M. A., Hengeveld, 
J. C., Vajda, A., McLaughlin, R. L., Hardiman, O., Hutchinson, S., & Bede, P. (2021). Mapping 
cortical disease-burden at individual-level in frontotemporal dementia: implications for clinical 
care and pharmacological trials. Brain Imaging and Behaviour, in press. 

 
* Shared first co-authors 
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2 Credit where credit is due. 
A 3.5 year-long journey is coming to an end. Although I prefer saying, it is coming to a milestone, since 
I do not whatsoever intend to stop this work here but to continue improving it, expanding it, and 
carrying it into the future to make it eventually accessible to clinical translation. But the scientific 
contents of this work will be discussed in every detail in the remainder of this thesis; this is the place 
where to thank all those who have made this work possible. It is my genuine belief that anybody I’ve 
met in the past 3.5 years (and even all those before) contributed in some way to what I can offer herein, 
given even the smallest encounter shaped my mind, which eventually produced this work. However, 
there are those whom I owe especial gratitude, and I’m honored for having been able to work with 
them. 
 Above all, I’d like to thank my main supervisor, Prof. Mark W. Greenlee, for accepting me as a 
PhD student. He was the one who first raised my interest in neuroscience in during my Master’s, and he 
encouraged and supported me to initiate a project, although I had very little methodological knowledge 
back then, but was chasing an idea. Thank you, Prof. Greenlee, for believing in me. I hope I have not 
disappointed you.  
 Another very important contributor to my early development was Prof. Robert Weissert, who 
took a chance on me as a young student and offered his clinical expertise to initiate my first clinical 
neuroscience project. Although again, I did not have much technological background to convince you 
with, you did let me convince you with my motivation. You crucially shaped my confidence by the 
confidence you put in me, Prof. Weissert. Thank you for trusting and appreciating in these values. 
Aspiring researchers could go nowhere without established scientists like you who believe in them. 
 It wouldn’t have been without the great methodological training of Prof. Jens V. Schwarzbach 
and his group, especially Dr. Seth M. Levine, that I could pull through with a neuroimaging project. 
Luckily, I had no idea at the beginning that doing neuroscience would require me to know programming 
:D I think I would have fled right off. That was five years ago. But you, Jens, trapped me so “softly” that 
I was writing programs before I knew it. You awakened the child in me and made me love play around 
with code and to make it do things for me automatically. Surely, this took longer than manual editing in 
the beginning (and it was a long beginning) but eventually it is now buying me time – time to fill with a 
little life, time to get inspired and for creativity. Thank you, Jens, for giving me life time, while the 
computer is doing my job. This is probably the greatest of all gifts. 
  I also owe great gratitude to Prof. Schwarzbach and his lab for hosting me these past years, for 
training me in scientific writing, presenting, but most of all thinking. Thank you for all the inspiring and 
critical discussions we had, thank you for never wrongly praising my work but continuously asking me 
to improve it (but most importantly: showing me ways to achieve that). Thank you for teaching me 
collaboration and autonomy. I know I have not always made it easy for you. Thank you for your patience.  
 I would also like to express my great appreciation to my secondary supervisor Prof. Ulrich 
Bogdahn, who crucially shaped the content of this thesis. For many years he has been observing my 
work and recognized (or shall I say anticipated?) clinical applications for them which I could never even 
conceive of. It was him who encouraged me to develop the herein presented method further, and who 
provided his much-valued and constant clinical and scientific support for doing so. Most importantly, he 
enabled me to carry on with validation by establishing a collaboration with one of his colleagues at 
Trinity College Dublin, who will be the next to thank. But before that, I’d like to say thank you, Uli, from 
the bottom of my heart. You were there when I needed you most, not only as a scientific advisor but 
also as a friend. You reminded me that there was a life besides work, which I was close to forgetting... 
  Now my thanks turn to Prof. Peter Bede from Trinity College Dublin, who offered me the 
invaluable opportunity to work with his resources to validate the herein proposed tool. But he did more 
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than that. He never got tired of discussing with me – even at uncivilized hours –, of shaping and 
improving the manuscripts and of broadening my horizons for new applications of the tool  (and I believe 
it was you, Peter,  who first conceived of the tool’s nickname, “mosaic-approach”, or did you?). Thank 
you for your most generous resources and time, Peter. Without your support I could never have put this 
tool to test and hence could never have presented this thesis in such a structured manner. I hope this 
was not the last time I had the honor to work with you, and I’m looking forward to more inspiring 
collaborations in the future. The scientific output I can offer herein was crucially enabled by you, Peter, 
and I can only begin to describe how grateful I am for this all. 
 This work wouldn’t have been possible without the financial support by two funding sources: 
On the one hand, the Universität Bayern e.V., who honored me with a PhD grant for the first two years 
of this work that allowed me great independence and time to develop and improve my own skills. The 
rest of my PhD time was funded by the Deutsche Multiple Sklerose Gesellschaft (DMSG). Their grant not 
only allowed me to continue to autonomously work on the project, but also greatly enhanced my own 
belief in myself and in the project, which was an invaluable backup during the many struggles I faced. 
Thank you, DMSG, for taking the chance on me and believing in a young researcher who did not have 
much previous publishing work to offer, but only a high motivation and the possession for an idea. I 
hope my work will encourage you to support many more aspiring researchers.  
 The final thanks are reserved for my dear ones, my family and friends. Mom, Dad, Jojo, Giga, 
and lately also Nick: You were my safe haven whenever I came home on the weekends, back to 
Pfarrkirchen. You allowed me to rest, to refreshen my mind after some workful weeks. You made coming 
home truly “coming home” – something to look forward to during the week whenever things got busy 
(which was the case quite regularly). You took so much work and stress from me, more than you could 
possibly know. I know I was not always easy to deal with, but you never let this decline your love and 
support for me. You were there for me even when I did not deserve it. I’m not good to say this with 
words, so let me put it here in black & white: I love you, more than you know. 
 Similarly, to all my wonderful friends, who – to reasons I cannot always fully understand in 
retrospect – remained friends during all these years. I know that there were times when I was not a 
good friend, either didn’t reply or replied late, sometimes stressed. Nevertheless, Markus, Babs, Diana, 
Micha’s Supertruppe, Ellie, Feli, Anis, Flo, Elmar, Philipp, Sepp, Vladi, Martin, Christian, Verena, Laura, 
Maxi6 & Nicola9: You made and make life worth living; it was you whom I had the best times with – and 
it was you who made those even better. You listened, you cared, and you provided your support during 
the bad times – and you know we’ve had them – and you laughed with me and rejoiced with me during 
the good times – and you know we’ve had them. You taught me probably the most important lesson of 
these past years, you showed me what truly counts in life: caring for your loved ones. And you cared for 
me. I can’t begin to say how deeply, deeply grateful I am and how humble I am to have you as friends. 
So let me just start by saying “Thank you”.  
 This work wouldn’t have been possible without all the people I listed here (and also not without 
the backing of so many more I do not have the space to thank here – supporters from the university, 
clinic, from sports, … – I hope you know how much you I owe you, and I’ll be happy to buy you a beer if 
you feel neglected). In light of this, it did not feel right for me to use the pronoun “I” a lot throughout 
this work, such that I chose to say “we” in most cases. This is another fundamental lesson I’ve learned 
during the past years: you can only win together. And you are my together.  
 
Thank you! 
 
Yours, Marlene.  
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3 Abstract 
The present dissertation proposes a standardized assessment tool for meaningful interpretation of 
individual patients’ MRI data which may be used to infer on atrophy (or hypertrophy). Various MRI-
based measures have been subject to a wide range of neuroscience studies and numerous associations 
between such measures and the diagnosis / prognosis with various pathological conditions have been 
identified. However, surprisingly, accurate individualized MRI-based assessment is still difficult, and 
most studies utilize group comparisons in order to describe group-based brain structural or functional 
differences. One of the reasons for this might be the lack of a standardized system which allows to 
evaluate individual MRI data. With this dissertation, it was aimed at passing this limit by describing a 
method to rate single subjects’ T1-weighted MRI data. The idea is straightforward, in that it rates single 
patient data with respect to a matched control population and uses nonparametric statistics to identify 
regions of unexpected thin (thick) cortical thickness. In this way, signs of atrophy (hypertrophy) can be 
localized for the individual.  

This thesis encompasses four original research papers which taken together describe and validate 
an individualized atrophy-assessment tool: first, the general procedure of rating an individual’s MRI 
data, specifically cortical thickness data, to a control population is investigated for sensitivity and 
specificity using simulations. The selected strategy was based on rating topographically distinct cortical 
regions (“mosaics”/”patches”) and is therefore referred to as “mosaic-approach”. Given the reference 
groups were age- and gender matched, we investigated in a second study whether variance associated 
with these demographic variables was successfully eliminated, while maintaining information on clinical 
disability, studying a longitudinal data set of amyotrophic lateral sclerosis (ALS) patients (study 2).  
Finally, we explored the method for “external validity” in a dual approach: First, we tested whether the 
degree of cortical involvement is mirrored by our tool (which we hypothesized given it exclusively 
targets supratentorial gray matter regions) by contrasting different motor neuron diseases (MND) 
against each other (study 3). Second, we also explored if topographically distinct cortical pathology can 
be correctly localized with our tool, by including different patient subgroups from the frontotemporal 
dementia (FTD) spectrum. For FTD, as well as for MND, the “ground truth” localization of pathology is 
well-characterized by histological and previous (group-based) imaging findings, such that we could 
directly compare the individual results from the mosaic-approach to that knowledge. Another focus of 
this work was to provide an accessible visualization to easily identify regions of supposed atrophy (or 
hypertrophy) for the clinical user.  

Our results suggest that the here-proposed mosaic-approach which compares single patient’s 
cortical thickness data to matched control data is a viable approach to meaningfully detect signs of 
atrophy at the individual level; it is furthermore objective, reliable and valid. Despite clinical and 
methodological limitations, including small sample sizes of reference groups and varying acquisition 
parameters, which we are currently improving, we have high hopes that this tool can help clinical 
practice and can ultimately also be used as a novel endpoint for clinical trials.  
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5 Abbreviations 
ACC  Anterior cingulate cortex 
AD  Alzheimer’s Disease 
ALS  Amyotrophic lateral sclerosis 
ALSFRS-r Amyotrophic lateral sclerosis functional rating scale – revised  
ANOVA   Analysis of variance 
ANCOVA  Analysis of covariance 
bvFTD  Behavioral variant frontotemporal dementia 
Cam-CAN Cambridge Centre for Ageing and Neuroscience 
CC  Corpus callossum 
CGM  Conditional growth model 
CIFTI  Connectivity Informatics Technology Initiative 
CNS  Central nervous system 
CSD  Constrained spherical deconvolution 
CST  Corticospinal tract 
CT  Cortical thickness 
DLPFC  Dorsolateral prefrontal cortex 
DTI  Diffusion tensor imaging 
DV  Dependent variable 
EMG  Electromyography 
EP  Electrophysiology 
FA  Flip angle 
FDR   False discovery rate 
FLAIR  Fluid-attenuated inversion recovery 
FOV  Field of view 
FTD  Frontotemporal dementia 
FWER  Family-wise error rate 
G-CSF  Granulocyte-colony stimulating factor 
GM  Gray matter 
GRAPPA  GeneRalised Autocalibrating Partial Parallel Acquisition 
HC  Healthy control(s) 
HCP  Human Connectome Project 
HSD   Tukey’s honestly significant difference 
HSP  Hereditary spastic paraplegia 
ICD  International Classification of Diseases 
ICF  International Classification of Functioning, Disability and Health  
IR-SPGR  Inversion recovery-prepared spoiled gradient-recalled echo 
IR-TSE  Inversion recovery turbo spin echo 
LL  Log-likelihoods 
LMN  Lower motor neuron 
Lt  Left 
M  Arithmetic mean 
MICCAI  Medical Image Computing and Computer Assisted Intervention Society 
ML  Machine learning 
MND  Motor neuron disease 
MNI152  Montreal Neurological Institute 152 standard space 
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MPRAGE  Magnetisation-prepared rapid gradient echo  
Mo  Months 
MRI  Magnetic resonance imaging 
MS  Multiple sclerosis 
NAKO  Nationale Kohorte 
nfvPPA  Non-fluent variant primary progressive aphasia 
PCC  Posterior cingulate cortex, 
PD  Parkinson’s Disease 
PLS  Primary lateral sclerosis 
PM(S)  Poliomyelitis (survivors) 
QC  Quality control 
ROI  Region of interest 
Rt  Right 
SBMA   X-linked Spinal and Bulbar Atrophy, 
SD  Standard deviation 
SE-EPI   Spin-echo echo planar imaging 
SENSE  SENSitivity Encoding 
SMA   Spinal muscular atrophy 
SPIR  Spectral presaturation with inversion recovery 
SR  Spatial resolution 
svPPA  Semantic variant primary progressive aphasia 
T  Tesla 
T1w  T1-weighted 
TCD  Trinity College Dublin 
TE  Echo time 
TFCE  Threshold-free cluster enhancement, 
TI  Inversion time 
TIV  Total intracranial volume 
TMS  Transcranial magnetic stimulation 
TR  Repetition time 
UGM  Unconditional growth model 
UK  United Kingdom 
UL  Upper limb 
UMN  Upper motor neuron 
UMM  Unconditional means model 
V  Version 
VS  Versus 
WHO  World Health Organization 
WM  White matter 
Y   Year 
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6 Chapter I: Introduction 

6.1 The diagnostic algorithm: When a patient seeks treatment 
When a person suffers from physical problems and seeks medical treatment, her/his journey usually 
starts with seeing a primary care physician. The physician will first listen to the patient’s reports on their 
symptoms and proceed with a clinical examination to detect the manifestation and ideally the cause of 
the problem. Often, the doctor’s perceptional skills and clinical experience are sufficient to derive the 
correct diagnosis – which is imperative to start any treatment – but quite commonly, the diagnosis is 
not that obvious. Depending on which organ is the suspected cause of the problem, the general 
practitioner will then refer the patient to a qualified specialist. What virtually all medical disciplines have 
in common is the employment of diagnostic tools tailored to visually examine the organ they treat – or 
to put it in a nutshell with the words of best-selling author and psychiatrist Daniel Amen, “How do you 
know unless you look?” (Amen, 2005): gastroenterologists look at the gastrointestinal tract using 
endoscopy, cardiologists look at the heart with the help of ultrasound, ophthalmologists look at the eyes 
with an ophthalmoscope, etc. And neurologists? “Of course,” the reader might think, “they look at the 
brain”. While we take the possibility to look at the brain in vivo for granted today, the mere thought of 
that was unconceivable for most neurologists throughout history. However, with Röntgen’s discovery 
of X-rays in 1895 and the aid of contrast agents a few decades later (or even via intrathecal application 
of air, often a painful procedure, see (Pneumoencephalography, Vogel, 1972)), it has become possible 
to roughly detect and localize prominent “masses” bearing pathological potential (such as abscesses, 
tumors or lesions) in the central nervous system (CNS), which formed the basis of an emerging medical 
discipline called “neuroradiology”. Often, the removal of additional masses by the hands of a 
neurosurgeon would ameliorate the patient’s problems (Bull, 1970). The sensitivity of detecting such 
masses greatly improved first with the introduction of computer tomography but especially magnetic 
resonance imaging (MRI), since latter technique offers excellent tissue-contrast and importantly is 
unique in not relying on potentially toxic radiation – unlike X-rays, computer tomography, angiography 
or even scintigraphy (Lauterbur, 1973). As such, MRI yielded great potential as a diagnostic tool which 
could be used for regular assessments of neurological patients.  
 But what about the many cases when a neurological patient’s problems are not caused by 
additional masses in the CNS, but rather by the reverse – i.e. the loss of masses? Neurodegenerative 
disorders account for about a third of all deaths related to neurological disorders as well as to a 
significant proportion of disability-adjusted life years (Feigin et al., 2020): Especially Alzheimer’s Disease 
(AD), but also less commonly observed but equally serious disorders such as Parkinson’s Disease (PD), 
Motor Neuron Diseases (MND) and also Multiple Sclerosis (MS, which bears considerable characteristics 
of a neurodegenerative disorder besides its immunological components, (Stadelmann, 2011)) 
contribute to this statistic. By definition, a common pathological mechanism of any neurodegenerative 
disease is the loss of brain parenchyma, which is also referred to as “atrophy”. But how do we detect, 
measure and monitor such atrophy? In very advanced cases, signs of atrophy can be well-detectable on 
MRI scans: Figure 6.1.1a illustrates this, showing a 57-year-old female subject who shows deep sulci in 
the temporal and parietal lobes (compare that to the dense packing of these areas in the healthy young 
23-year-old subject displayed in Figure 6.1.1b). But often, the time when atrophy becomes visually 
apparent on MRI scans is too late to take preventative care (which is hard enough even in early 
diagnoses as it is, but see (Perneczky, 2019)).  

Since focally distinct patterns of gray matter pathology convey important information on 
differential diagnosis and disability burden, the need for quantification of its extent has early been 
recognized, e.g. by Koedam and colleagues (2011), who proposed to employ visual analog scales to 
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sensitize raters to more subtle 
differences and enhance differential 
diagnostics of dementia (Koedam et 
al., 2011). However, this subjective 
method yielded only moderate inter-
rater reliability (as low as 0.65), such 
that an inter-rater independent, 
objective, measure of atrophy is 
desirable. Only an objective measure 
can be reliable and eventually valid to 
adequately monitor a patient’s 
progression or serve as an 
appropriate tool to evaluate 
therapeutic effects of a new drug in 
clinical trials. Due to its excellent 
tissue contrast and radiation-free 
acquisition scheme, MRI is a natural 
candidate with which to assess such a 
measure, or “biomarker”. In the next 
section, we will explore how MRI has 

contributed to the development of such a biomarker, such that we can then discuss which requirements 
remain to be met in order to provide an assessment tool for gray matter pathology for clinical routine, 
which is the ambition of this thesis.  

6.2 Towards a biomarker for neurodegenerative diseases: from 
estimating neuronal density to inferencing on atrophy 

6.2.1 Assessing neuronal density: Gray matter volume and cortical thickness 
Brain atrophy refers to the degeneration of neuronal cells; therefore, in order to quantify atrophy, the 
first step is to measure neuronal density. In the human brain, most neuron bodies accumulate at the 
rims of the brain – the “cortex” – while their connections (or “axons”) run within this shell. Since the 
axons are generously covered with a fatty sheath (which helps to isolate the structures and therefore 
accelerates information transmission), the physical and chemical constitution between the outer and 
inner brain tissues differ. T1-weighted (T1w) MRI – due to its emphasis of the spin-lattice relaxation 
times of protons which rely on these physical and chemical constituents – is therefore prone to localize 
the border between the two tissue types, providing excellent contrasts of the inner, connecting layer 
(or “white matter”, WM) and the outer, neuronal soma layer (“gray matter”, GM). Thus, it makes sense 
to use T1w MRI to make inferences on neuronal density and thus atrophy.  

Generally, there are two major strategies to calculate these metrics: One can either estimate 
GM volume (by virtually counting the number of voxels which make up the GM), or else one estimates 
the distance between the gray-/white matter boundary and the dura mater. Latter, when evaluated at 
each point of the cortex with a perpendicular line, gives an estimate of cortical thickness (CT) at each 
evaluated point (or “vertex”). However, that also requires a 2D-surface representation of the cortex, 
which nowadays however can be conceived easily due to automated, highly reliable and also 
importantly publicly available algorithms, e.g. under the open-source software package FreeSurfer (Dale 
et al., 1999; B Fischl et al., 1999). Both GM volume and CT have proven as useful tools to make inferences 
on atrophy in various conditions (Last et al., 2017), and both yield their own special pitfalls which 

Figure 6.1.1. Atrophic or not? In advanced cases of gray matter loss (as 
evident by the deep sulci of the 57-year-old female subject shown in 
A), atrophy can be easily identified by visual inspection (compare e.g. 
to the relative “dense” packing” of the healthy 23-year-old subject in 
B with no evident atrophy). However, when atrophy is more subtle, it 
is not so straightforward to determine and highly subjective. In this 
dissertation, we propose and validate an objective and reliable tool to 
detect signs of atrophy for individual patients in a computational and 
automatized procedure, which uses merely a T1-weighted MRI image 
along with demographic information on age and gender. The 
procedure yields high-resolution maps of supposed atrophy which we 
hope will aid diagnosis / prognosis of neurodegenerative diseases in a 
inter-rater-independent fashion, which could also serve as a new 
endpoint in clinical trials. 
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researchers need to be aware of; however, one great advantage of CT over GM volume is that CT is 
mostly independent from intracranial volume, which reduces the number of sources of variation 
(especially since the algorithms to correct for head size vary, (Schwarz et al., 2016)), which is potentially 
an advantage to develop an individualized biomarker. Also, CT is easy to derive and its variations indicate 
changes of neuronal density (however one needs to be aware that CT is not only proportional to 
neuronal density but also influenced by synaptic density, synaptic pruning and intracranial myelination 
(Fjell & Walhovd, 2010; Huttenlocher, 1979; Huttenlocher et al., 1982; Huttenlocher & Dabholkar, 
1997). For these reasons and the fact that CT is nowadays generally discussed to yield less sources of 
variation as compared to GM volume (Winkler et al., 2010), the main focus of this work will be CT as a 
measure of neuronal density and eventually atrophy, but not without emphasizing once more that 
measuring GM volume can yield valuable additional and differential information on neuronal density 
and should be thoroughly assessed for its validity as a personalized biomarker for neurodegenerative 
diseases (the interested reader is also referred to (Kong et al., 2015) for an experimental investigation 
and juxtaposition of the two measures in schizophrenia).  
 
6.2.2 Studying cortical thickness at the group level: What have we gained? 
Now that we have embarked on CT as a measure for neuronal density, the next challenge is to leverage 
it for inferencing on atrophy. Since atrophy refers to the loss of neuronal cells, a natural candidate for 
“biomarking” neurodegeneration is to search for signs of reduced CT. A typical MRI experiment that 
investigates CT differences compares a group of patients (in our case suffering from some 
neurodegenerative disorder) against a group of matched healthy controls (HC). Experiments like that 
have greatly enhanced our understanding of the underlying pathology and progression of a number of 
neurological and also psychiatric conditions, including AD (Shaw et al., 2016), PD (Zarei et al., 2013), MS 
(Steenwijk et al., 2016), depression (Liu et al., 2019) and schizophrenia (Assunção Leme et al., 2013). 
Interestingly, we have learned that these pathological conditions present with topographically distinct 
patterns of cortical thinning, which are only partly accounted for by factors such as age and genetic 
components (Chouinard-Decorte et al., 2014; Fjell et al., 2015). These specific focal aspects indicate the 
potential of CT as a biomarker for differential monitoring of neurodegenerative diseases.  
 

6.2.3 Towards development of an individualized biomarker of atrophy 
6.2.3.1 The role of machine learning for categorical diagnostics 
In spite of the rich diagnostic information of CT, it is rarely assessed or even considered in clinical 
practice. One of the reasons for this might be the lack of a standardized system based on which an 
individual’s CT can be rated. As outlined above, most previous studies have compared groups of patients 
against groups of controls, describing mere statistical effects. But such results are of little practical value 
to the daily practitioner since they do not treat groups of people but rather individual patients. In recent 
years, however, the introduction of machine learning (ML) algorithms to neuroscientific studies has 
allowed to meaningfully appraise a single patient’s MRI scan. Typically, such studies incorporate training 
classifiers to distinguish between patients and controls (thereby aiding diagnosis, e.g. (Bi et al., 2020; 
Lian et al., 2020; S. Wang et al., 2016)), patients and patients (aiding differential diagnosis, e.g. (O. Ben 
Ahmed et al., 2017; Basaia et al., 2019; Kim et al., 2019; Singh et al., 2018)), conversion to an advanced 
disease state (e.g. (Gómez-Sancho et al., 2018; Hojjati et al., 2017; Spasov et al., 2019) or even prognosis 
(e.g. (Salvatore & Castiglioni, 2018)). Therefore, implementation of ML methods into clinical practice 
holds potential to greatly support phenotyping.  

However, ML is also inherently limited to this kind of “top-down” processing: classifiers need to be 
“trained” first – they first need to “see” examples of the one class or the other, which means that 
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accurately labeled images are fundamental for obtaining accurate classifiers. However, provided such 
accurate labeling (along with an adequate neural network architecture), computers can be incredibly 
successful in deriving their own conclusions about which class an unseen case belongs to (Young et al., 
2020). The successful demonstrations of the power of ML for phenotyping suggests that ML will be a 
fundamental part of future diagnostics in neurology and especially neurodegeneration.  

 

6.2.3.2 From treating codes to treating patients 
Currently, International Classification of Diseases (ICD-10-CM, tenth revision, clinical modification, 
(WHO, 2021)) lists 241 codes for neurological disorders. As discussed in the previous paragraph, ML 
bears great potential to help clinicians to disentangle accurately between all these differentials (note 
here also the ever-more emerging role of genetic sequencing for phenotyping, see (Robinson et al., 
2015)). However, there is more to treatment than deriving the correct diagnosis, or as the Canadian 
physician Dr. William Osler probably not said1, “A good physician treats the disease, the great physician 
treats the patient.” – even within one diagnosis group, there remains great variability on the exact 
pathological manifestation, precipitating very unique strengths and needs for each patient. The World 
Health Organization (WHO), who publishes the ICD, recognized early on that the information on 
diagnosis provided by the ICD is not sufficient to fully capture the health status of an individual patient, 
and therefore developed a complementary system in 1980 (not approved until 2001) which accounts 
for the functioning and disability of the patient: the International Classification of Functioning, Disability 
and Health (ICF, (WHO, 2001)). The ICF requires – among others – the consideration of the current 
individual body structures and functions to obtain a very personalized view of the patient’s exact 
functioning and disability, which can eminently optimize individual treatment plans.  

Such a “snapshot” image of an individual’s pathological presentation cannot be satisfied by the “top-
down” categorization ML algorithms yield. Rather, this requires an objective “bottom-up” scan of the 
current constitution of the affected organ, which is typically the brain in neurology and more specifically 
the brain’s cortex in neurodegenerative diseases. To be scientifically useful, such a “scan” should be 
objective, reliable and valid; to be clinically useful, it should additionally be easy to derive and applicable 
to individual patients. This would also grant comparability of follow-up measures for individuals, which 
would allow individualized monitoring of the disease progression. Furthermore, such a system would 
offer a new endpoint for evaluating therapeutics in clinical trials, which is based on personalized disease 
status rather than a diagnostic category. 

It was the ambitious goal of this dissertation to develop such an objective and reliable technique on 
the one hand and examine its utility and validity for clinical application on the other. It will be my 
privilege to present the research concept in the next section to the reader, which will be followed by 
the original peer-reviewed articles we published on these topics. At the end, I’ll discuss the perspective 
of this work, (some of) its current limitations and how I plan to overcome those in the future. Or maybe 
I should rather say “improve” those since George E.P. Box just reminds me that “All models are wrong, 
but some are useful.” (Box, 1976). 

 
1 „probably not said“ was formulated as a paradox on purpose, given it remains controversial whether Dr. Osler was the true originator of this 
quote. The source http://www.lessismoremedicine.com/quotes (last accessed on July 20th 2021) specifies this as follows: << (MIS-ATTRIBUTED 
DR. WILLIAM OSLER; may be derived from Moses Maimonides (Rambam)  in his Treatise on Asthma, arguing for a view of the patient as unique: 
“Any sick individual presents new problems. One can never say one disease is just like the other. A therapeutic axiom follows: ‘the physician 
should not treat the disease but the patient who is suffering from it’') >>. 
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6.3 Why Motor Neuron Disease? 
There is however one last parameter to discuss to finalize the general set-up: As outlined above, this 
dissertation did not stop after proposing a method for rating an individual’s cortical thickness data – 
rather, one core ambition was the validation of the method. While early validation on simulated data 
suggested the method’s utility (subproject 1), real-world patient data was required to probe its potential 
clinical benefit. Of the many neurodegenerative disorders, the Motor Neuron Disease (MND) spectrum 
yields many features which are useful for validation: First, we know very well from post-mortem studies 
where the pathology is located in MND. As the name suggests, neuronal degeneration from motor-
related pathways are the determining pathological feature of MND (P. Ince et al., 2008). Therefore, any 
method which localizes atrophy in vivo should spot these relevant areas. The known “ground truth” 
localization of pathology is one argument to study MND for validation of an atrophy-detection tool. 
Second, MND is associated with a fast disease course and pronounced degeneration of the affected 
areas (Bromberg, 2014). Therefore, the demands for sensitivity of the tool are manageable at this early 
developmental stage. Third, MND offers a spectrum of differential diagnoses: What all MNDs share is 
that neurons associated to motor pathways degenerate. However, the execution of any motor task 
relies on both upper (UMN) and lower motor neurons (LMN), with the first being located in the cortex, 
the latter in the spinal cord. Different MND disorders involve the different motor neurons to different 
degrees: Primary lateral sclerosis (PPS) mainly affects UMN, poliomyelitis (PM) mainly LMN, while 
amyotrophic lateral sclerosis (ALS) affects both systems. Since the method proposed here exclusively 
targets the cortex (as of yet) and therefore UMN, contrasting the different MND disorders with that 
measure should directly reflect the different degrees of involvement of the respective UMN. Finally, 
clinically, some MND cases often resemble (or co-occur with) another neurological disorder from the 
frontotemporal dementia spectrum (FTD) – although FTD pathology is located at different areas in the 
brain, as the name suggests. Contrasting MND to FTD variants therefore also allows to put the utility of 
the method for differential diagnosis at test.  

Taken together, MND offers many features which greatly enhance the development and 
validation for our method which aims to rate an individual patient’s cortical thickness, and it was my 
great privilege to study MND patients for the validation of the method in a collaboration with Prof. Peter 
Bede from Trinity College Dublin (TCD), who has been researching MND for many years and who very 
generously made his patient data – along with his invaluable critical and inspiring thoughts – available 
for these projects. But now, let’s move on with the actual research concept and conclude with Goethe, 
who promts us to finally deliver: “That’s enough words for the moment, / Now let me see some action!” 
(Goethe, 2015).   

6.4 Research concept 
This dissertation is composed of four peer-reviewed research articles, which taken together introduce 
a scientifically validated method for meaningful individualized assessment of T1w MRI images with 
respect to cortical thickness. The articles were composed chronologically along the development of a 
new biomarker, such that with the first article, an adequate objective and reliable method was 
investigated; in the second article, we internally validated the tool on longitudinal ALS patient data 
(testing whether the method corrected for confounding effects of age and gender while information on 
disease burden remained, as implied); and finally, with articles 3 and 4, we probed external validity of 
the method, contrasting different manifestations of the MND spectrum (article 3), and opposing MND 
to an independent but often observed comorbidities from the FTD spectrum (article 4). The method is 
easy to implement for the end user (provided some installed software), relatively cheap (since only a 
T1w MRI image is required as an input) and straightforward to interpret. Such a tool cannot only be 
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invaluable for daily clinical routine but also serve as a new endpoint in clinical trials. The following table 
gives an overview of the four articles: 
 
Table 6.4.1. Overview of the research articles corresponding to this dissertation. 

Article Title  
(doi) 

Authors 
(+ [shared] first 
author, 
* correspondence) 

Journal (Impact 
Factor as most 
recently 
available in 
April 2021) 

Publication date Key points 

Towards individualized 
cortical thickness 
assessment for clinical 
routine 
(10.1186/s12967-020-
02317-9) 

Marlene Tahedl +* Journal of 
Translational 
Medicine 
(4.197) 

April 3rd, 2020 
(online first) 

Development of 
the method: 
selecting a 
strategy with high 
sensitivity and 
specificity to rate 
an individual’s 
T1w MRI data for 
signs of atrophy 
with respect to a 
matched control 
population 

Cortical progression 
patterns in individual ALS 
patients across multiple 
timepoints: a 
mosaic-based approach 
for clinical use 
(10.1007/s00415-020-
10368-7) 

Marlene Tahedl+, 
Rangariroyashe H. 
Chipika, 
Jasmin Lope, 
Stacey Li Hi Shing, 
Orla Hardiman, 
Peter Bede* 

Journal of 
Neurology 
(3.783) 

January 5th, 2021 
(online first) 

“Internal 
validation”: 
Demonstration of 
the method’s 
successful 
elimination of 
variance 
associated with 
“clinically 
uninteresting” 
factors (age, 
gender) while 
maintaining 
information on 
disease burden 
(studying a 
longitudinal ALS 
data set) 

Propagation patterns in 
motor neuron diseases: 
individual and phenotype-
associated disease-burden 
trajectories across the UMN-
LMN spectrum of MNDs 
 
 

Marlene Tahedl+, 
Stacey Li Hi Shing+, 
Eoin Finegan+, 
Rangariroyashe H. 
Chipika, 
Jasmin Lope, 
Orla Hardiman, 
Peter Bede* 

Neurobiology 
of Aging 
(4.398) 

Accepted on 
April 14th 2021 
(in press) 

“External 
validation” (part 
1): Demonstration 
that the method 
reflets the degree 
of cortical 
involvement by 
contrasting 
patients of 
different 
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subgroups of the 
MND spectrum 

The evolution of cortical 
integrity in motor neuron 
diseases: longitudinal 
cortical thickness profiles 
in ALS, PLS and 
poliomyelitis  
(10.17632/3pnp4hkhnw.1) 
 

Marlene Tahedl+, 
Stacey Li Hi Shing+, 
Eoin Finegan+, 
Rangariroyashe H. 
Chipika, 
Jasmin Lope, 
Orla Hardiman, 
Peter Bede* 

Mendeley Data April 2nd 2021 
(online) 

Complementary 
data-in-brief 
article 
corresponding to 
the above-listed 
publication in 
“Neurobiology of 
Aging” 

Mapping cortical disease-
burden at individual-level 
in frontotemporal 
dementia: implications for 
clinical care and 
pharmacological trials  

Mary Clare 
McKenna+, 
Marlene Tahedl+, 
Jasmin Lope, 
Rangariroyashe H. 
Chipika, 
Stacey Li Hi Shing, 
Mark A. Doherty, 
Jennifer C. 
Hengeveld, 
Alice Vajda, 
Russell L. 
McLaughlin, 
Orla Hardiman, 
Siobhan Hutchinson, 
Peter Bede* 

Brain Imaging 
and Behavior 
(3.391) 

Received positive 
reviews on May 
17th 2021; not 
yet published (in 
press) 

“External 
validation” (part 
2): Demonstration 
that the method 
can detect 
topographically 
distinct patterns 
of atrophy (which 
are in line with 
histological 
findings) by 
contrasting 
patients of the 
FTD-/MND 
spectrum 

+ (shared) first author 
* corresponding author 

 
6.4.1 Development of the method (subproject 1): “Towards individualized cortical thickness 

assessment for clinical routine” 
The first subproject aimed at determining an adequate method to meaningfully interpret an individual 
patient’s T1w MRI data to inference on atrophy (Tahedl, 2020). To achieve this, different methods were 
compared to assess statistical significance of cortical thinning, i.e. atrophy. All compared methods were 
nonparametric and encompassed rating an individual subject’s data set with respect to a control 
population in a z-scored based approach. Null distributions were calculated using data from the Human 
Connectome Project (HCP, n = 1000), and an additional HCP data set (n = 113) was used to calculate 
sensitivity and specificity to compare the different methods, whereas atrophy was simulated for 
sensitivity / specificity assessments. Validation measures were calculated for the entire cortex 
(“cumulative”) and distinct brain regions (“regional”) where possible. The approach yielding the highest 
combination of specificity and sensitivity implemented generating null distributions for anatomically 
distinct brain regions, based on the most extreme values observed in the population. With that method, 
while regional variations were observed, cumulative specificity of 98.9% and cumulative sensitivity at 
80% was achieved for simulated atrophy of 23%. This subproject suggested that valid rating of an 
individual cortical thickness data is possible. Since the proposed method quantitatively evaluates 
separate brain regions, it can help clinicians in their daily routine to localize signs of atrophy before they 
become visually apparent on an unprocessed T1w MRI. This can be helpful especially for differential 
diagnosis / prognosis, since disparate pathologies typically present with distinct atrophy patterns. 
Furthermore, such a standardized procedure can help to monitor disease progression, which 
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additionally can be useful for evaluation of therapeutic effects in clinical trials. This method will be also 
referred to as “mosaic-based approach” (highlighting the evaluation at distinct cortical regions, which 
we refer to as “mosaics” and “patches” interchangeably). 
 

6.4.2 Validation in ALS, or the role of gender, age and disease burden (subproject 2): “Cortical 
progression patterns in individual ALS patients across multiple timepoints: a mosaic-based 
approach for clinical use” 

In subproject 1, we showed that a z-score based approach can be used to meaningfully rate individual 
patients’ T1w MRI data to infer on atrophy. However, the therein proposed strategy still yielded several 
drawbacks which limited its utility for clinical routine, namely: (i) the control data was taken from the 
HCP data repository, which mainly includes young subjects (between 22 and 40 years of age). However, 
most patients suffering from neurodegenerative diseases are older, such that comparing these patients 
to this young control cohort will yield many false positive “atrophic” regions due to physiological cortical 
thinning in ageing (Fjell et al., 2015; Shaw et al., 2016). On that account, for clinical translation of the 
method, it is fundamental to use better matched control data in terms of age. (ii) Similarly, CT is greatly 
confounded by gender effects (Sowell et al., 2007). As such, distinct reference distributions for male 
and female patients should furthermore enhance sensitivity. (iii) We showed that creating separate null 
distributions for distinct cortical regions greatly increases the power for detecting cortical atrophy. 
However, we only used a rather coarse cortical parcellation (distinguishing 68 brain regions as defined 
by the Desikan-Killiany atlas, (Desikan et al., 2006)), within which we still observed physiologically 
significant variability of CT distributions (cf. also (Wirth et al., 2018), who showed regional differences 
in ventral vs. dorsal pre-/postcentral gyri with respect to cortical thinning in ALS patients). As such, a 
finer cortical parcellation scheme should further improve the biological plausibility of the proposed 
method and therefore also enhance sensitivity of detecting signs of cortical atrophy. (iv) Finally, 
validation of the method happened on simulated atrophy data in subproject 1. In order to demonstrate 
clinical utility, validation on real-world patient data is required.  

Subproject 2 was designed to overcome all these flaws (Tahedl et al., 2021): To correct for 
drawback (iv), we tested the method using longitudinal MRI data from 61 ALS patients acquired at Trinity 
College Dublin (TCD). ALS is a good candidate disease to validate such a cortex-based structural measure 
since it is a progressive neurodegenerative disorder, affecting both upper and lower motor neurons 
(Orla Hardiman et al., 2017). As of yet, clinical trials in ALS still rely on functional rating scales, 
questionnaires, respiratory measures and survival as primary endpoints (Hiroshi Mitsumoto et al., 
2014). Surprisingly, neuroimaging measures are not integrated in clinical trials designs (Rangariroyashe 
Hannah Chipika et al., 2019; Christina Schuster et al., 2015) although the utility of quantitative imaging 
in ALS has been repeatedly demonstrated in tracking longitudinal changes (Rangariroyashe H Chipika, 
Siah, et al., 2020; Christina Schuster et al., 2016). A range of promising biomarkers have been evaluated 
in ALS (Blasco et al., 2018; Devos et al., 2019; Floeter & Gendron, 2018), but the specific appeal of 
imaging data is that it can be non-invasively acquired and quantitatively interpreted, and it reflects 
directly on pathological changes in the nervous system. These considerations coupled with the 
widespread availability of MRI scanners, open-source software, large data repositories, and the fact that 
the majority of suspected ALS patients undergo brain imaging as part of their diagnostic work-up make 
a compelling argument to use imaging as means of identifying and tracking pathological change in ALS. 
Common gray matter metrics, such as regional CT, are typically evaluated in group comparisons. 
However, the alternative strategy proposed in subproject 1 aims to interpret cortical thickness values 
in individual patients with respect to carefully chosen reference groups (Tahedl, 2020). To provide a 
better match of the healthy control population, we used the publicly available data from the Cambridge 
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Centre for Ageing and Neuroscience data repository (Cam-CAN, (Shafto et al., 2014)), which provides 
over 650 T1w MRI scans from healthy subjects spread evenly throughout age (ranging from the low 
twenties to the old eighties) and gender. In addition, we furthermore boosted this control sample size 
by adding another 125 healthy controls (HC) obtained from the same source as the ALS patient data. To 
enhance sensitivity of the method, we a) created separate null distributions for males and females 
(correcting for drawback (iii)) and b) optimized age-matching as follows (correcting for drawback (ii)): 
for each year of age X, we defined a subject-specific reference group which was comprised of HC 
subjects from the combined Cam-CAN / TCD data set aged between [X–2; X + 2], separately for males 
and females. For example, the reference group for a 54-year-old male ALS patient at baseline included 
all men between 52 and 56 years from the Cam-CAN / TCD control data set. With this relatively narrow 
age range, we found still an acceptable median group size for each reference group (n = 33, interquartile 
range = [28.75; 33]) but which still allowed us to detect statistical significance in a permutation testing 
scheme with a significant alpha-threshold at p <= 0.05 (Nichols & Holmes, 2001; Winkler et al., 2014). 
Finally, drawback (i) was corrected for by employing a finer cortical parcellation scheme (distinguishing 
1000 separate, roughly equally-sized brain areas, which we also refer to as “patches” or “mosaics”) 
(Schaefer et al., 2018; Yeo et al., 2011). 

We have interrogated this multi-timepoint longitudinal dataset to demonstrate the utility of 
estimating cortical disease burden and the expansion of cerebral atrophy over time. For validation 
purposes, we contrasted our strategy to the gold-standard approach (i.e., comparing patient and control 
groups with correction for alpha-level inflation, age, and gender) to gauge the advantages and 
drawbacks of our method. Furthermore, we modelled the evolution of cortical integrity (as measured 
by the new approach) in a conditional growth model, in which we accounted for age, gender, disability, 
symptom duration, education and handedness. We hypothesized that the variance associated with 
demographic variables would be successfully eliminated in our approach. Indeed, we could show that 
the only covariate which modulated the expansion of atrophy was motor disability as measured by the 
ALSFRS-r (t(153) = − 2.533, p = 0.0123). Using the standard approach, age also significantly influenced 
progression of CT change (t(153) = − 2.151, p = 0.033) demonstrating the validity and potential clinical 
utility of our approach – in other words we could show in this study that the herein proposed method 
successfully corrects for the confounding effects of the “clinically uninteresting” factors age and gender, 
while still maintaining information on the “clinically interesting” factor disease burden as assessed by 
the ALSFRS-r rating scale.  
 
6.4.3 Differential diagnosis  
With the second study of this dissertation, we could provide some evidence suggesting internal validity 
of the proposed z-scored approach to assess statistical significance of cortical thinning or atrophy. The 
next step was to also explore its external validity, i.e. to probe the method for its utility for differential 
diagnosis. We chose a dual approach to achieve this goal: First, we studied whether the method – which 
as of yet exclusively incorporates cortical involvement – actually reflects the degree of cortical 
involvement. The MND spectrum provides an excellent opportunity to put this to test since it spans 
differential diagnoses affecting upper and lower motor neurons to varying degrees (subproject 3). In 
addition, utility for differential diagnosis to a clinically related but pathologically dissimilar condition, 
namely the frontotemporal dementia spectrum (FTD), was assessed (subproject 4). Conveniently, 
similarly to MND, FTD provides an excellent opportunity for validation since also for that condition, the 
“ground truth” localization of pathology is well characterized, namely frontal and temporal cortices 
(Bang et al., 2015). If our method was valid, it should directly reflect involvement of these areas distinctly 
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from the ones observed in MND. The following two sections provide closer details on the objectives and 
findings of subprojects 3 and 4. 
 
6.4.3.1 Within spectrum: MND spectrum (subproject 3) 
The assessment tool we propose herein is (as of yet) exclusively designed to detect atrophy in the cortex 
of the brain. In order to demonstrate validity, it needs to be shown that the degree of cortical 
involvement is reflected with this measure. The MND disease spectrum provides an excellent 
opportunity to address this question: One of the key aspects of the MND disease spectrum is its clinical 
and pathological heterogeneity with respect to the involvement of upper (UMN) and lower motor 
neurons (LMN): For example, Primary lateral sclerosis (PLS) mainly affects UMN, poliomyelitis LMN, and 
ALS impairs both systems. In subproject 3, we contrasted these differential diagnoses and hypothesized 
that the quantification of atrophy as assessed with our method would mirror the different degrees of 
cortical involvement, i.e. UMN involvement: in other words, PLS should be attested most pronounced 
atrophy, ALS second, poliomyelitis third.  

In addition, we studied the “other extreme” of cortical thickness changes in this subproject, 
addressing hypertrophy rather than atrophy: There is a notion that compensatory processes may occur 
in MNDs to adapt for neurodegeneration, which can be reflected in either lack of atrophy or even 
hypertrophy (Querin, El Mendili, et al., 2019). Irrespective of the MND phenotype studied, the 
overwhelming majority of published papers only comment on patterns of atrophy, cortical thinning or 
density reductions (Bede & Hardiman, 2018). Lack of atrophy or ‘resilient’ regions are only rarely 
specifically evaluated, but increased CT is either not explored in statistical models, not reported, or not 
discussed.  This seems like a missed opportunity as cortical reorganization may reveal biologically 
important processes (O Hardiman et al., 2016). With our z-scored based approach, it is straightforward 
to detect patterns of “unexpectedly thick” cortical regions, simply by assigning p-values to the recorded 
CT values which reflect the likelihood of observing the “thickness” (rather than the “thinness”, as we do 
in order to detect atrophy) by chance. We used a multi-timepoint longitudinal data set with uniform 
follow-up intervals of four months, including 45 poliomyelitis survivors, 61 patients with ALS and 23 
patients with PLS. CT alterations were evaluated in a dual analysis pipeline (the herein proposed 
individualized z-score based, “mosaic-approach” as well as the “gold standard approach”, i.e. 
contrasting patient and control groups with FWER correction). Our results indicated that PLS patients 
exhibit rapidly progressive cortical thinning in motor regions; ALS patients showed cortical atrophy in 
both motor and extra-motor regions while poliomyelitis survivors exhibit cortical thickness gains in a 
number of brain regions.  

Clinically, our findings suggested that dynamic cortical changes in MND may depend on relative 
UMN/LMN involvement, and increased CT in LMN-predominant conditions may represent 
compensatory adaptive processes. Methodologically, we could provide evidence with this study that 
the individualized z-score based mosaic-approach directly reflects the degree of cortical involvement 
which further validated the method; moreover, we showed that the mosaic-approach is also fit to detect 
patterns of atrophy which might be useful to detect compensatory mechanisms of neurogenesis. 
 
6.4.3.2 Between: ALS vs. FTD (article 4) 
So far, we have (i) proposed an inter-rater independent method for assessing signs of atrophy 
(hypertrophy) for individual patients, (ii) provided evidence that it successfully eliminates confounding 
effects of age and gender (while maintaining information on clinical disability) and (iii) shown that it’s a 
direct reflection of cortical involvement. Finally, to also demonstrate the method’s utility for differential 
diagnosis, we studied its application to a clinically related but pathologically unrelated condition, namely 
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the frontotemporal dementia spectrum (FTD). One argument that speaks in favor of studying FTD 
patients for validation is that similarly to MND, we know from histology the focus of the pathology (as 
the name suggests, frontal and temporal cortices, (Bang et al., 2015)). Therefore, the “ground truth” 
localization of the pathology is established such that we can compare and validate our results based on 
that knowledge. We studied 62 FTD patients presenting with different FTD subtypes. As before, we 
evaluated CT changes in a dual pipeline, using standard cortical thickness analyses and an the herein 
proposed individualized, z-score based mosaic-approach to characterize subject-level disease burden. 
Phenotype-specific patterns of cortical atrophy were readily detected with both methodological 
approaches. Consistent with their clinical and pathological profiles, patients with bvFTD exhibited 
orbitofrontal, cingulate and dorsolateral prefrontal atrophy, patients with ALS-FTD displayed precentral 
gyrus involvement, nfvPPA patients showed widespread cortical degeneration including insular and 
opercular regions and patients with svPPA exhibited relatively focal anterior temporal lobe atrophy. 
Cortical atrophy patterns were reliably detected in single individuals, and these maps were consistent 
with the clinical categorization.  

With these results, we showed that the mosaic-approach is useful to generate maps of suspected 
cortical atrophy from single patients of various neurodegenerative disorders. This fourth subproject 
concludes the framework of this thesis. We hope to have shown that the computational interpretation 
of single T1w scans can greatly enhance assessment of subtle cortical thickness changes in 
neurodegenerative diseases – a main modulator of disability – which are easily missed by mere visual 
inspection. The quantitative evaluation of individual MRI data may aid diagnostic classification, clinical 
decision making, and monitoring longitudinal changes. In the next section, the original research articles 
are provided, which will be followed by a short recapitulation and practical discussion of this work – 
along with considerations on its limitations – and concluded by perspectives on future directions. 
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7 Chapter II: Research articles  

7.1 Subproject 1 “Towards individualized cortical thickness 
assessment for clinical routine” 

 
7.1.1 Abstract 
Background: Cortical thickness measures the width of gray matter of the human cortex. It can be 
calculated from T1-weighted magnetic resonance images (MRI). In group studies, this measure has been 
shown to correlate with the diagnosis/prognosis of a number of neurologic and psychiatric conditions, 
but has not been widely adapted for clinical routine. One of the reasons for this might be that there is 
no reference system which allows to rate individual cortical thickness data with respect to a control 
population.  
Methods: To address this problem, this study compared different methods to assess statistical 
significance of cortical thinning, i.e. atrophy. All compared methods were nonparametric and 
encompassed rating an individual subject’s data set with respect to a control data population. Null 
distributions were calculated using data from the Human Connectome Project (HCP, n = 1000), and an 
additional HCP data set (n = 113) was used to calculate sensitivity and specificity to compare the 
different methods, whereas atrophy was simulated for sensitivity assessment. Validation measures 
were calculated for the entire cortex (“cumulative”) and distinct brain regions (“regional”) where 
possible. 
Results: The approach yielding the highest combination of specificity and sensitivity implemented 
generating null distributions for anatomically distinct brain regions, based on the most extreme values 
observed in the population. With that method, while regional variations were observed, cumulative 
specificity of 98.9% and cumulative sensitivity at 80% was achieved for simulated atrophy of 23%. 
Conclusions: This study shows that validated rating of individual cortical thickness measures is possible, 
which can help clinicians in their daily routine to discover signs of atrophy before they become visually 
apparent on an unprocessed MRI. Furthermore, given different pathologies present with distinct 
atrophy patterns, the regional validation proposed here allows to detect distinct patterns of atrophy, 
which can further enhance differential diagnosis/prognosis. 
Keywords: Cortical thickness, neuroimaging, magnetic resonance imaging (MRI), individual diagnosis, 
atrophy, neurological assessment 
 
7.1.2 Background 
Using magnetic resonance imaging (MRI), images with high-tissue contrast (Brant-Zawadzki et al., 1983) 
of the brain can be acquired without making use of radioactive contamination of patients. Beyond 
clinical applications, MRI has been widely used for neuroscientific studies. Constantly, methods are 
being developed which allow to quantify biologic characteristics of the central nervous system and its 
constituents more and more differentiated, encompassing blood flow, nerve fiber myelination and 
properties of the cortex or “gray matter” (GM). The GM is the location of the neuron bodies, whereas 
the extent of cortical thickness seems to be related to synaptic density, synaptic pruning and intracranial 
myelination (Fjell & Walhovd, 2010; Huttenlocher, 1979; Huttenlocher et al., 1982; Huttenlocher & 
Dabholkar, 1997), rather than the number of neurons (Fjell & Walhovd, 2010; Herculano-Houzel et al., 
2013). A T1-weighted MRI of the brain is sufficient to compute cortical thickness in an automated 
procedure and can be further optimized with an additional T2-weighted image (Dale et al., 1999; B Fischl 
et al., 1999). Common algorithms to calculate cortical thickness are publicly available, e.g. under the 
open-source software package FreeSurfer (Bruce Fischl, 2012).  
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 Cortical thickness has been subject to a wide range of studies, and cortical thinning (i.e. atrophy) 
has been associated with diagnosis and progression of a number of neurologic conditions, such as 
Alzheimer’s Disease (Shaw et al., 2016), Parkinson’s Disease (Zarei et al., 2013) and Multiple Sclerosis 
(Steenwijk et al., 2016) as well as psychiatric conditions, such as depression (Q. Li et al., 2019) and 
schizophrenia (Assunção Leme et al., 2013). Interestingly, such pathological conditions present different 
patterns of cortical thinning and are modified by age and genetic components (Chouinard-Decorte et 
al., 2014; Fjell et al., 2015). These specific aspects make cortical thickness a good candidate as a 
biomarker for differential diagnosis/prognosis. However, assessing cortical thickness is rarely 
incorporated in clinical practice. One of the reasons for this might be the lack of a standardized system, 
based on which an individual’s cortical thickness data can be rated. To pass this limit, the present study 
aimed to develop a method to rate an individual’s cortical thickness data with respect to a control 
population which detects cortical atrophy with high sensitivity and specificity. To allow detecting distinct 
patterns of cortical atrophy, the tested methods allow the evaluation of separate brain regions. Such a 
standardized procedure can help clinicians detect early signs of distinct atrophy patterns and monitor 
their progression. 
 

7.1.3 Methods 
7.1.3.1 Subjects 
In order to rate an individual’s data with respect to a control population, a large number of standardized 
data from a representative population sample is required. The Human Connectome Project (HCP) 
provides such a resource (Marcus et al., 2011, 2013; Van Essen et al., 2013). For this study, data from 
the HCP’s 1200 Subject Release was used. In total, structural data (T1- and T2-weighted sequences) 
from 1113 subjects was available at the time of this study (507 males, aged between 22 and plus 36). 
Of the 1113 subjects, 1000 were randomly selected for generating null distributions of cortical 
thickness, the rest was spared for subsequent validation (see below).  
 

7.1.3.2 Data acquisition and preprocessing 
The HCP data was acquired on a 3 Tesla Connectome Scanner. Two different types of structural sessions 
were acquired, encompassing a T1-weighted MPRAGE (repetition time (TR) = 2400ms, echo time (TE) = 
2.14ms, inversion time = 1000ms, flip angle (FA) = 8°, field of view (FOV) = 224x224, voxel resolution 
(VR) = 0.7mm3, bandwidth (BW) = 210 Hz/Px, iPAT factor 2, total acquisition time 7 minutes 40 seconds) 
and a T2-weighted SPACE (TR = 3200ms, TE = 565 ms, FA variable, FOV = 224x224, VR = 0.7mm3, BW = 
744 Hz/Px, iPAT factor 2, total acquisition time 8 minutes 24 seconds). The full imaging protocols can be 
found online at https://www.humanconnectome.org/hcp-protocols. All study procedures of the HCP 
protocol were approved by the Institutional Review Board at the Washington University in St. Louis. 

The HCP offers data which was preprocessed with standardized and validated procedures.  The 
main preprocessing steps encompassed gradient distortion correction, brain extraction, nonlinear 
registration, surface registration, and registration onto high-resolution (164k mesh) and low-resolution 
(32k mesh) templates; more details on the exact preprocessing pipeline can be found in (Bruce Fischl, 
2012; Glasser et al., 2013; Jenkinson et al., 2002, 2012). The image format of the mesh images is in CIFTI 
format (Connectivity Informatics Technology Initiative), a file format which combines surface-based 
cortical data with volumetric-based subcortical/cerebellar data, which was found to enhance alignment 
to the geometry of the cortex as well as statistical power (Tucholka et al., 2012). The HCP’s minimally 
preprocessed data include cortical thickness maps (generated based on the standardized FreeSurfer 
pipeline with combined T1-/T2-reconstruction (Dale et al., 1999; B Fischl et al., 1999)). For this study, 
the high-resolution cortical thickness maps (164k mesh) were used.  
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7.1.3.3  Statistical Analysis 
Statistical analysis of the minimally preprocessed 
HCP neuroimaging data was carried out with tools 
from the Connectome Workbench (Marcus et al., 
2011, 2013) and MATLAB R2019b (The 
Mathworks, Natick, USA). First, null distributions 
were generated using different strategies and 
subsequently, these methods were validated and 
compared based on their specificity and 
sensitivity. 
 
Generating null distributions 
Different strategies to generate null distributions 
were compared. These can be subdivided into (a) 
generating one common null distribution for all 
data points on the cortex (referred to as “vertices” 
in CIFTI mesh files) and (b) generating separate 
null distributions for distinct brain regions (Figure 
7.1.1a–b)). Note that thickness spreads 
nonuniformly across the human cortex (Fukutomi 
et al., 2018; Kennedy, 1998; X. Wang et al., 2010; 
Zilles et al., 1988) such that different brain regions 
show different population means (Figure 7.1.1c). 
Therefore, different null distributions for distinct 
brain regions might increase sensitivity of 
detecting atrophy, which is why both approaches 
were compared in the present study. The two 
approaches were subdivided further into more 
and less conservative statistical corrections, such 
that in total, four methods were compared. Null 
distributions were computed using 
nonparametric permutation procedures for all 
methods (Nichols & Holmes, 2001), since they 
make less assumptions than parametric models 
and are therefore considered more robust than 
parametric tests (Hollander et al., 2014; Sheskin, 
2003). 
 
Method 1: Z-min statistic per data point 
The statistically most conservative approach was 
based on generating one common reference 
distribution for all 298261 data points of the 
cortical surface. First, from 1000 HCP data sets, 
each data set was selected iteratively (“test data 
set”) and standardized with respect to the 

Figure 7.1.1 Generating a reference system for rating an 
individual’s cortical thickness data with respect to a control 
population. In methods 3 and 4, each cortical thickness map 
from a population sample (a) was divided into 68 distinct 
brain regions (borders are indicated as black lines in b). 
Given that the different brain regions have different means 
and standard deviations (c), this approach is biologically 
more plausible than generating one common reference 
system for all brain regions (as was tested here in methods 
1 and 2). Based on these null distributions (see d for an 
example), the observed values for an individual can be rated 
within the control population (see red line in e) and 
statistically significant cortical thinning (i.e. atrophy) can be 
assessed. 
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remaining 999 data sets (“control data sets”). For that, z-scores were calculated for each vertex using 
the formula zvertex = (dvertex – μvertex) / σvertex , whereas dvertex is the cortical thickness value of one vertex 
from the test data set, μvertex the mean value of that vertex from the control data sets and σvertex the 
respective standard deviation. From the resulting z-score map, only the minimum value was saved (note 
that the present research question specifically addresses cortical thinning). The result was a reference 
distribution consisting of 1000 z-scores. Using this distribution, each vertex of an independent validation 
data set can be rated separately with respect to the reference population, by z-transforming each vertex 
using the above formula (see section “Validation”). 
 
Method 2: Z-min statistic per data point, averaged across brain regions 
In method 1, a null distribution was calculated based on the most extreme values across the cortex. 
However, given that cortical thickness is nonuniformly distributed across the cortex physiologically 
(Fukutomi et al., 2018), potential atrophy will be hard to detect in physiologically thicker brain regions. 
Method 2 aimed to increase the biological plausibility of the previous method. While the same null 
distribution was used as in method 1, in method 2, data points were summarized across anatomically 
distinct brain regions, defined by the Desikan-Killiany atlas (Desikan et al., 2006). This atlas subdivides 
the cortical surface into 68 regions based on morphologic features (“labels”, 34 on each hemisphere). 
For subsequent validation, statistical significance was determined for the synopsis of all vertices within 
each of the 68 regions, instead of for each vertex separately (see section “Validation”).  
 
Method 3: Z-min statistic per brain region 
In spite of the increased biological plausibility in method 2, that procedure was still based on one 
common null distribution from the most extreme values of the cortex. In method 3, this was corrected 
by calculating distinct null distributions for each of the 68 Desikan-Killiany-labels. For that, the 
permutation procedure described in method 1 was repeated, however now z-maps were calculated 
using the formula zvertex = (dvertex – μLabel) / σLabel, whereas zvertex was the z-score for a vertex of the test 
data set, dvertex is the observed cortical thickness value for that vertex from the test data set, μLabel is the 
mean value of the respective label from the control data sets and σLabel its respective standard deviation.  
On each iteration, the minimum z-score of all vertices composing one common label was saved, such 
that the result was a 68x1000 matrix, providing a null distribution for each label (Figure 7.1.1d). With 
these null distributions, each brain region can be rated separately with respect to the reference 
population, by converting the cortical thickness data into z-scores using the formula zLabel = (dLabel – μLabel) 
/ σLabel (Figure 7.1.1e). 
 
Method 4: Z-score per brain region 
Finally, in method 4, null distributions were generated based on averaging across all vertices from each 
brain region instead of using each label’s most extreme values, as in method 3. Mean values were 
calculated for each brain region of the test data set to derive null distributions. These null distributions 
were generated in analogy to method 3, whereas the formula zLabel = (dLabel – μLabel) / σLabel. Similar to 
method 3, also in method 4, each brain region can be rated separately with respect to the reference 
population, by converting the cortical thickness data into z-scores using the formula zLabel = (dLabel – μLabel) 
/ σLabel. 
 
Validation 
To validate and compare the proposed methods, specificity and sensitivity were calculated. These 
measures were calculated for each vertex (method 1) or each label (methods 2–4) separately. For that, 
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the 113 data sets (“validation data sets”) from the 1113 HCP data sets were used which had been spared 
for the generation of null distributions (see section “Subjects”). Statistical inference tests based on the 
null hypothesis of no atrophy for a given validation data set were carried out using the above-generated 
null distributions. For each vertex/label, the number of values of the null distributions that were lower 
than the observed cortical thickness values in a given validation data set were counted. Dividing this 
sum by the number of permutations (n = 1000) yielded FWER-corrected p-values (pFWER) (Blair & Karniski, 
1993; Westfall et al., 1993). Vertices/labels with pFWER < 0.05 were considered to indicate lower cortical 
thickness values than would not be predicted by chance and therefore labeled as “atrophic”. In method 
2, since data points were summarized within each label, a label was defined as “atrophic” if a certain 
percentage of its vertices showed pFWER <= 0.05. Different percentages were tested (1%, 5%, 10%, 20%, 
30%, 40%, 50%). Given that all of these thresholds yielded similarly poor results, hereafter only the 
results for one threshold (5%, arbitrary choice) are provided. The data for the other thresholds are 
provided in Supplementary Figure 1 and Supplementary Table 1.  
 
Specificity 
Specificity defines the rate of true negatives, i.e. the share of patients which are correctly diagnosed as 
not having the condition of interest (here, “no atrophy”). The validation data set was used to calculate 
specificity, assuming that – given this data set was a random selection of a data set of healthy young 
subjects with no history of psychiatric/neurologic disorders – the validation data set can be labeled as 
non-atrophic. Each of the four methods was applied to all of the 113 validation data sets and specificity 
was defined as the percentage of vertices (method 1)/labels (methods 2, 3, 4) which were not classified 
as significantly atrophic. This procedure was repeated for each validation data set separately. Mean and 
standard deviations of the specificity calculations were determined across all 113 data sets (“cumulative 
specificity”).  

To allow evaluation for distinct brain regions, in addition, specificity per atlas region was defined 
(for methods 2,3 and 4 only, since in method 1, no atlas regions were analyzed). This was done by 
calculating, per atlas region, the percentage of the 113 validation data sets which were not significantly 
classified as atrophic in that atlas region (“regional specificity”). 

 
Sensitivity 
Sensitivity defines the rate of true positives, i.e. the share of patients which are correctly diagnosed as 
having the condition of interest (here, “atrophy”). Given no true atrophy was assumed in the validation 
data sets, atrophy was simulated: Different degrees of atrophy were simulated as follows (Figure 7.1.2): 
The original cortical thickness data (each vertex) was multiplied by a number between 0 and 1 (e.g. 
multiplication by 0.9 represents simulated atrophy of 10%, etc.). For each of the 113 validation data 
sets, atrophy was simulated from 1% to 100% in steps of 1 percentage points (p.p.). Then, each of the 
four methods was applied to all of the simulated data sets. For each method and degree of atrophy, 
sensitivity was calculated separately. Cumulative sensitivity was defined as the percentage of vertices 
(method 1) or labels (methods 2, 3, 4) which were classified as significantly atrophic, summarized across 
all 113 data sets (“cumulative sensitivity”). Sensitivity across methods was compared using the degree 
of atrophy required to achieve cumulative sensitivity of 80% (“cumulative sensitivity threshold”). Note 
that less sensitive methods will require more pronounced atrophy, therefore higher cumulative 
sensitivity threshold, in order to detect atrophy.  

To allow evaluation for distinct brain regions, additionally, sensitivity per atlas region was 
defined for each degree of atrophy (for methods 2,3 and 4 only, since in method 1, no atlas regions 
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were analyzed). This was done by calculating, per atlas region, the percentage of the 113 validation data 
sets which were significantly classified as atrophic in that atlas region (“regional sensitivity”).  

 Note that although cortical thickness was simulated at consistent rates throughout the cortex 
(which is not how cortical thinning occurs in aging or pathology (Chouinard-Decorte et al., 2014; Fjell et 
al., 2015; Shaw et al., 2016)), evaluation was performed for each vertex/label independently. Therefore, 
the proposed methods are fit to analyze also diffuse patterns of cortical thinning. 

 

7.1.4 Results  
7.1.4.1 Specificity 
 
 
Table 7.1.1 summarizes the cumulative specificity calculations for each method. Methods 1 and 2 
showed ideal specificity (100%,+/–0 p.p.), such that these methods classified no vertex (method 1)/label 
(method 2) as significantly atrophic. Method 3 had a mean specificity of 98.9% (+/–1.3 p.p.), and method 
4 was less specific with a mean of 93.6% (+/–2.0 p.p.). Figure 7.1.3 shows the regional specificity profiles 
evaluated across all 68 atlas regions. While the most specific method (method 2, red dashed line) 
yielded 100% specificity for each label, method 3 showed relatively constant specificity across brain 
regions except for a slight drop for the right lingual gyrus. Method 3 showed specificity of 100% for 
almost all labels on the right hemisphere (notice however a slight drop for the right lingual gyrus), while 
the values were slightly lower for the labels on the left hemisphere. Finally, method 4 (golden dashed 
line) showed notably lower values throughout all labels as compared to methods 2 and 3. 
 
 
 
 
 
 

Figure 7.1.2 Atrophy was simulated for sensitivity calculations as follows: The original cortical thickness map from each of the 
subjects from the control population (“0% atrophy”) was multiplied by values ranging between 0 and 1. Multiplication by lower 
values indicate higher degrees of simulated atrophy. For example, multiplication by 0.9 simulates 10% atrophy, multiplication 
by 0.8 20% atrophy, etc. In the present study, atrophy was simulated between 1% and 100% in steps of one percentage points. 
This allows to assess sensitivity by the degree of simulated atrophy. In this Figure, coloring indicates cortical thickness in 
millimeters. 
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Table 7.1.1 Specificity calculations for the four tested methods. 

 Method 1 
(“z-min: per 
data point“) 

Method 2 (“z-
min: per data 

point, averaged 
across labels”) 

Method 3 (“z-min: 
per label“) 

Method 4 (“z-
score: per label“) 

Mean specificity (across 
subjects) 

100% 100% 98.9% 93.6% 
 

Standard deviation (across 
subjects) 

0.0 p.p. 0.0 p.p. 1.3 p.p. 2.0 p.p. 

Abbreviation(s): p.p. = percentage point(s) 

 

 

7.1.4.2 Sensitivity 
Figure 7.1.4 illustrates the cumulative sensitivity profiles for each method relative to the degree of 
simulated atrophy. The horizontal dashed line denotes sensitivity at 80% (cumulative sensitivity 
threshold), which was used to compare the different methods. Table 7.1.2 summarizes these results: 

Figure 7.1.3 Comparison of regional specificity profiles between methods 2–4. The statistically most conservative approach 
(method 2, “z-min: per data point, averaged across labels”, red dashed line) yielded ideal specificity for all brain regions, i.e. it 
correctly assigns “no atrophy” in 100% of cases. The less conservative method 3 (“z-min: per label”, purple dashed line) also 
showed specificity of 100% for many brain regions, but had some drops, e.g. for the right lingual gyrus. The most liberal approach, 
method 4 (“z-score: per label”, golden dashed line) yielded lower specificity for all brain regions. Note that method 1 (“z-min: per 
data point”) is not shown here because it does not allow for labelwise assessment. See also Table 9.1.1 for the cumulative 
specificity values for each method. 
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Method 1 (red line) was 
extremely unsensitive, such that 
not even for the highest possible 
degree of atrophy (literally no 
brain) did this method detect 
atrophy in 80% of cases (i.e. 
cumulative sensitivity threshold 
not reached). Method 2 (blue 
line) yielded a cumulative 
sensitivity threshold for 88% 
simulated atrophy when a label 
was considered atrophic if 5% of 
its vertices had pFWER < 0.05 (see 
methods). 

Other tested thresholds 
for method 2 comprised 1% 
(cumulative sensitivity threshold 
for 84% simulated atrophy), 10% 
(90% atrophy), 20% (94% 
atrophy), 30% (98% atrophy), 
40%/50% (did not reach 80% 
sensitivity for any degree of 
simulated atrophy 
(Supplementary Figure 1 and 
Supplementary Table 1). Method 

3 (yellow line) was clearly superior (cumulative sensitivity threshold 23% simulated atrophy), and for 
method 4 an even lower value (12% simulated atrophy) was observed. 
 
 
 
 
 

Table 7.1.2 Cumulative sensitivity thresholds for the four tested methods. 

 

 Method 1 
(“z-min: per 
data point“) 

Method 2 (“z-
min: per data 

point, 
averaged 

across labels”) 

Method 3 (“z-
min: per 
label“) 

Method 4 (“z-
score: per 

label“) 

Degree of atrophy required for 
detection of atrophy in 80% of 
cases (cumulative sensitivity 
threshold)* 

not available 88 % 23% 12% 

* Note that lower values of atrophy suggest more sensitive methods, since they detect less pronounced atrophy. 
 

Figure 7.1.4 Cumulative sensitivity relative to the degree of simulated atrophy 
(across vertices/brain regions), comparison between the four tested methods. All 
methods detected atrophy more sensitive for more pronounced degrees of atrophy. 
However, the degree of atrophy the methods required to reach a given level of 
sensitivity differed. For example, in the current simulation, in order to detect 
atrophy in 80% of cases (black horizontal dashed line), method 4 (“z-score: per 
label”, purple line) required only 12% atrophy, method 3 (“z-min: per label”, golden 
line) 23%, method 2 (“z-min: per data point, averaged across labels”, blue line) 88%, 
while method 1 (“z-min: per data point”, red line) failed to detect atrophy in 80% of 
cases even for the highest possible degree of atrophy (100%). Compare also Table 
9.1.2 for a summary of these results 
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Figure 7.1.5 Regional sensitivity (per brain region) for each region’s cumulative sensitivity threshold (i.e. the degree of atrophy 
each method required to detect atrophy in 80% of cases) for method 2 (a, “z-min: per data point, averaged across labels”, 
method 3 (b, “z-min: per label”) and method 4 (c, “z-score: per label”). The cumulative sensitivity threshold for method 2 was 
88% atrophy (blue lines), for method 3 23% atrophy (red lines) and for method 4 12% atrophy (golden lines). The 80% sensitivity 
line is indicated by the gray dashed lines in each panel. In addition, regional specificity is plotted for each method (red dashed 
lines, compare also Figure 7.1.3). All methods detected atrophy more sensitively for more pronounced degrees of atrophy. 
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Figure 7.1.5 shows the results of the regional 
sensitivity determination for methods 2 
(Figure 7.1.5A), 3 (Figure 7.1.5b) and 4 (Figure 
7.1.5c). To compare the methods, the regional 
sensitivity profiles are plotted for each 
method’s cumulative sensitivity threshold (i.e. 
88% atrophy for method 2: blue lines, 23% 
atrophy for method 3: red lines, 12% atrophy 
for method 4: golden lines). To enhance 
orientation, 80% sensitivity is indicated with a 
gray dashed line in Figure 7.1.5a–c. 
Additionally, regional specificity for each 
method is plotted (red dashed lines).  

Figure 7.1.5a illustrates poor 
sensitivity of method 2, given it reaches 
sensitivity of > 0% for none of the cumulative 
sensitivity thresholds of the other methods. 
Additionally, the regional sensitivity profile for 
its own cumulative sensitivity threshold (88% 
simulated atrophy) shows strong variations 
across labels. Method 3 (Figure 7.1.5b) is 
clearly superior: while the variations for its 

own cumulative sensitivity threshold (23% simulated atrophy) are less pronounced as compared to 
method 2, it yields perfect (i.e. 100%) sensitivity for the cumulative sensitivity threshold of method 2. 
However, no region  

reaches 80% sensitivity for the cumulative sensitivity threshold of method 3. Finally, method 4 
(Figure 7.1.5c) is the most sensitive of the tested methods. It yields almost perfect regional sensitivity 
for the cumulative sensitivity thresholds of methods 2 and 3, and the regional sensitivity profile for its 
own cumulative sensitivity threshold (12% simulated atrophy) shows less variations than the other 
methods. Note however the relatively low specificity (red dashed line) of this method as compared to 
the others.  

Nevertheless, it is evident from Figure 7.1.6 that there are regional variations for the cumulative 
sensitivity thresholds for each method. Supplementary Table 2 lists the labels which show less regional 
sensitivity than 80% for each method and its respective cumulative sensitivity threshold. For example, 
for method 3, among the brain regions that yielded least sensitivity for that method’s cumulative 
sensitivity threshold (23% atrophy) are, on the left hemisphere, parahippocampal gyrus (49.56% 
sensitivity), temporal pole (23.89% sensitivity), frontalpole (9.73% sensitivity), temporalpole (23.89% 
sensitivity) and transversetemporal gyrus (1.77% sensitivity), and on the right hemisphere, parsorbitalis 
(27.43% sensitivity), rostralanteriorcingulate (24.78% sensitivity), frontalpole (29.20% sensitivity), 
temporalpole (6.19% sensitivity) and transversetemporal gyrus (23.89% sensitivity). 
 

7.1.5 Discussion 
The goal of this study was to develop a method which allows to rate a single patient’s cortical thickness 
data and identify atrophy sensitively and specifically with respect to a control population. This study was 
motivated by the many previous reports which have found pronounced associations of cortical thinning 
with the diagnosis/progression of diverse neurological and psychiatric conditions. In addition, given that 

Figure 7.1.6 Exemplary result of analyzing a T1-weighted MRI data 
set with the current methods. For patient X, cortical thinning was 
simulated in frontal regions, for patient Y in more posterior regions. 
Method 3 was used to analyze the data. The emerging p-map 
indicates where cortical thinning likely occurs in each patient. Using 
the method proposed in this text, such maps can be created easily 
and are therefore simple to implement into clinical practice 
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different pathologies present with different patterns of cortical thinning, another goal was to allow the 
evaluation of cortical thinning for distinct brain regions. To provide such a resource, a reference system 
was developed by generating population-based distributions of expected cortical thickness data, both 
for the entire cortex as well as for distinct brain regions. 1000 data sets from young and healthy 
participants were used to generate expected population null distributions using a permutation 
procedure. To assess statistically significant cortical thinning (i.e. atrophy), different methods were 
tested and compared using sensitivity and specificity calculations for the entire cortex (“cumulative”) as 
well as for distinct brain regions (“regional”), calculated from 113 additional subjects. The statistically 
most stringent methods were based on one common null distribution for all brain regions, which 
showed ideal specificity but poor sensitivity. Other methods were based on distinct null distributions 
for different brain regions, which increased sensitivity but decreased specificity. However, when 
generating distinct null distributions for different brain regions based on the most extreme values within 
each label (method 3), the drop in cumulative specificity was only very subtle (98.9%), while cumulative 
sensitivity could still be detected at 80% for 23% simulated atrophy. Variations of regional differences 
were observed for some brain regions, but decreased for more pronounced degrees of atrophy.  
 These results emphasize that in order to sensitively detect cortical atrophy for individual 
patients, it is reasonable to create different null distributions for distinct brain regions. Cortical thickness 
is not spread uniformly across the cortex,(He et al., 2007) such that for example neurite density is higher 
for motor regions as compared to regions associated with higher cognitive functions (Fukutomi et al., 
2018). Therefore, a single reference distribution to rate any cortex region is biologically implausible and 
will result in decreases of sensitivity, which was shown here in methods 1 and 2. Furthermore, with this 
approach, sensitivity is relatively constant for different brain regions, although regional variations are 
observed (Figure 7.1.5b). 
 One drawback of working with several null distributions for different brain regions as opposed 
to a common one is that specificity decreases, which was shown in methods 3 and 4. In method 3, a  
strategy was suggested to minimize this loss in specificity while maintaining a high level of sensitivity: 
The idea of method 3 was to generate null distributions for different brain regions based on the 
(minimally) most extreme values within each brain region across a control population, instead of 
working with averages across brain regions. With this strategy, atrophy could be detected in 80% of 
cases when the cortex was roughly three quarters of its original thickness. However, in cases where the 
clinician wishes to detect atrophy more sensitively, method 4 might be preferred – there, null 
distributions were generated from population averages (rather than from their most extreme values). 
In this study, that method could detect atrophy in 80% of cases already when the cortex was thinned 
by a factor of only 12% (also here, regional variations were observed, see Figure 7.1.5c). However, that 
approach would imply risking to detect false positives, given its lower specificity. Depending on the 
situation, the clinician can flexibly choose between more sensitivity or more specificity.  
 One limitation of the suggested reference system is that it was generated from a relatively 
homogenous control population of healthy young adults. However, cortical thickness declines even in 
physiological aging, such that the comparison of an elderly individual to that reference group will result 
in more pronounced atrophy detection, which would not necessarily have to be pathologic (Fjell et al., 
2015; Shaw et al., 2016). Nevertheless, given that the regions that exhibit cortical thinning differ in 
physiological and pathological aging (for example, atrophy of brain regions such as the precuneus and 
the inferior temporal region can be indicative of early signs of dementia (Lee et al., 2019)), it is still 
possible to detect such potential pathologic signatures using the method proposed here. This is possible 
because the reference system suggested herein was generated and evaluated for different brain regions 
separately. This allows to rate different brain regions independently, such that different atrophy 
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patterns can be identified. Figure 7.1.6 illustrates this: For patient X, atrophy was simulated in frontal 
areas, for patient Y in more posterior regions. Using method 3, the resulting p-map indicates where 
cortical thinning occurred for that patient. Such maps can be generated easily with a given patient’s T1 
MR image using the procedure proposed here, and are therefore easy to implement into clinical 
practice. 
 The atlas used in this work was the Desikan-Killiany atlas, a brain atlas defined by morphologic 
features of the cortex and is therefore surface-based. This is an important feature because cortical 
thinning is modified by genetic components (Chouinard-Decorte et al., 2014; Fjell et al., 2015), and such 
genetic patterns yield high resemblance to surface-based features (Chen et al., 2013). Additionally, 
patterns of genetic overlap seem to be coarse-grained across the human cortex (current optimal 
solutions suggest between 9 and 12 labels per hemisphere (Chen et al., 2013; Chouinard-Decorte et al., 
2014)), such that the Desikan-Killiany atlas (34 labels per hemisphere) allows a more fine-grained 
resolution than proposed by genetic commonalities. However, especially in early pathology, cortical 
thinning may be more localized, such that future work should investigate the benefit of using a more 
fine-grained atlas for such cases. Furthermore, a more fine-grained atlas might also help to enhance 
regional sensitivity of those brain regions which showed poor sensitivity with the Desikan-Killiany altas 
(such as the left frontalpole as well as the left and right transversetemporal gyri). The evaluation of 
these regions with the current method and atlas should be evaluated with caution given their lower 
sensitivity. 

Finally, the current reference system allows to progress-monitor an individual’s condition: given 
the composition of the reference standard does not change, any potential changes between two 
measurement time points can be more likely attributed to changes in the individual. Finally, it should 
be emphasized that atrophy was only simulated in this study, and it is subject to future work to validate 
the present simulations with real data. It will also be necessary to show that the system is applicable to 
data acquired from different types of MR scanners and sequence parameters (here, data from a 3 Tesla 
MR scanner with optimized parameters for T1 imaging were analyzed). 

7.1.6 Conclusions 
Taken together, the here suggested reference system can be used for sensitive and specific detection 
of cortical atrophy for distinct brain regions (defined by the Desikan-Killiany atlas) for age groups 
comparable to the reference population (22-40 years), which allows to detect differential patterns of 
cortical thinning. However, some brain regions are detected less sensitively such that those regions 
should be evaluated with care. The method should therefore be further validated with data from 
different pathologies and using different atlases. Although distinct reference systems for different age 
groups will further help to establish this method in clinical practice, the current method already allows 
to rate elderly individuals, however these cases should be treated with caution given the risk of 
detecting false positives due to effects of physiological aging. However, progress-monitoring of elderly 
individuals is possible with the current system if the individual is compared to its own ranking within the 
control population for each measurement time point. Therefore, the tool proposed in this work 
represents a first step of the translation of cortical thickness measures into clinical practice.  
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7.2 Subproject 2: “Cortical progression patterns in individual ALS 
patients across multiple timepoints: a mosaic-based approach for 
clinical use” 

 
7.2.1 Abstract  
Introduction: The majority of imaging studies in ALS infer group-level imaging signatures from group 
comparisons, as opposed to estimating disease burden in individual patients. In a condition with 
considerable clinical heterogeneity, the characterisation of individual patterns of pathology is hugely 
relevant. In this study, we evaluate a strategy to track progressive cortical involvement in single patients 
by using subject-specific reference cohorts.  
Methods: We have interrogated a multi-timepoint longitudinal dataset of 61 ALS patients to 
demonstrate the utility of estimating cortical disease burden and the expansion of cerebral atrophy over 
time. We contrast our strategy to the gold- standard approach to gauge the advantages and drawbacks 
of our method. We modelled the evolution of cortical integrity in a conditional growth model, in which 
we accounted for age, gender, disability, symptom duration, education and handedness. We 
hypothesised that the variance associated with demographic variables will be successfully eliminated in 
our approach.  
Results: In our model, the only covariate which modulated the expansion of atrophy was motor disability 
as measured by the ALSFRS-r (t(153) = − 2.533, p = 0.0123). Using the standard approach, age also 
significantly influenced progression of CT change (t(153) = − 2.151, p = 0.033) demonstrating the validity 
and potential clinical utility of our approach.  
Conclusion: Our strategy of estimating the extent of cortical atrophy in individual patients with ALS 
successfully corrects for demographic factors and captures relevant cortical changes associated with 
clinical disability. Our approach provides a framework to interpret single T1-weighted images in ALS and 
offers an opportunity to track cortical propagation patterns both at individual subject level and at cohort 
level. 
 
Keywords: Amyotrophic lateral sclerosis, Biomarkers, Neuroimaging, Cortical thickness, Longitudinal 
study, MRI 
 

7.2.2 Introduction 
Amyotrophic lateral sclerosis is a progressive neurodegenerative condition with considerable clinical 
heterogeneity and a long presymptomatic phase (Eisen et al., 2014; Lulé et al., 2020; Querin, Bede, et 
al., 2019). A record number of clinical trials have been conducted in 2020 including ground-breaking 
therapies aimed at specific genotypes (Miller et al., 2020). Despite the considerable advances in therapy 
development, current clinical trials in ALS continue to rely on functional rating scales, questionnaires, 
respiratory measures and survival as primary endpoints (Hiroshi Mitsumoto et al., 2014). Perplexingly, 
quantitative biomarker panels such as electrophysiology measures, bio- fluid assays and neuroimaging 
are not integrated in clinical trials designs (Rangariroyashe Hannah Chipika et al., 2019; Proudfoot et al., 
2019; Christina Schuster et al., 2015). While the utility of quantitative imaging in ALS has been 
repeatedly demonstrated in tracking longitudinal changes, aiding diagnostic classification, ascertaining 
presymptomatic changes, describing genotype- associated signatures, the transition from academic use 
to clinical applications is yet to materialize (Rangariroyashe H Chipika, Siah, et al., 2020; Christina 
Schuster et al., 2016). A range of promising wet and dry biomarkers have been evaluated in ALS (Blasco 
et al., 2018; Devos et al., 2019; Floeter & Gendron, 2018), but the specific appeal of imaging data is that 
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it can be non-invasively acquired and quantitatively interpreted, and it reflects directly on pathological 
changes in the nervous system. These considerations coupled with the widespread availability of MRI 
scanners, open-source soft- ware, large data repositories, and the fact that the majority of suspected 
ALS patients undergo brain imaging as part of their diagnostic work-up make a compelling argument to 
use imaging as means of identifying and tracking pathological change in ALS. Over 100 structural MRI 
studies have been published in ALS to date, many of them longitudinal, using a variety of methods from 
morphometry to cortical thickness analyses through various volumetric, subcortical and atlas-based 
parcellation approaches (Bede, Querin, et al., 2018; Menke et al., 2018; Omer et al., 2017; Trojsi et al., 
2018). Early ALS imaging studies made group-level, cross-sectional observations by contrasting clinically 
and/or genetically characterised symptomatic patient groups to healthy controls (Bede et al., 2016; 
Christidi, Karavasilis, Rentzos, et al., 2018; Trojsi et al., 2020). These studies were gradually superseded 
by large longitudinal studies (Agosta et al., 2009; Bede & Hardiman, 2018; Floeter & Gendron, 2018; 
Meier et al., 2020; Menke et al., 2018), presymptomatic studies (Lulé et al., 2020; Christina Schuster et 
al., 2015) and studies interpreting individual imaging data sets (Foerster et al., 2014; Grollemund et al., 
2019a; Querin, El Mendili, et al., 2018a; Christina Schuster et al., 2017; Welsh et al., 2013). Common 
grey matter metrics, such as regional cortical thickness (CT), is typically evaluated in group com- 
parisons. However, alternative strategies have been proposed to interpret cortical thickness values in 
individual patients with respect to carefully chosen reference groups (Tahedl, 2020). The objective of 
this study is to evaluate the utility of cortical measures in tracking longitudinal changes in individual 
patients, using demographically matched control data while minimising variance associated with age 
and gender. Instead of implementing commonly used longitudinal models (Reuter et al., 2010) which 
have been repeatedly applied to ALS cohorts (Bede & Hardiman, 2018; van der Burgh et al., 2020), we 
explore a longitudinal approach which tracks the expansion of cortical atrophy over time. To 
demonstrate the utility of this strategy, we contrast our method with the gold- standard model. Our 
hypothesis is that with that longitudinal cortical pathology can be meaningfully tracked in individual 
patients over multiple timepoints with reference to external datasets, thereby simulating a clinical trial 
scenario. 
 

7.2.3 Methods  
7.2.3.1 Study participants 
Sixty-one patients with amyotrophic lateral sclerosis (ALS) and 125 healthy controls (HC) were included 
in this study in Trinity College Dublin. All participants provided informed consent in accordance with the 
ethics approval of the Ethics (Medical Research) Committee—Beaumont Hospital, Dublin, Ireland. 
Participating ALS patients had ‘probable’ or ‘definite’ ALS according to the El Escorial criteria (Brooks et 
al., 2000). Each patient had at least three scans; 27 patients had three and 34 patients had a total of 
four scans with a uniform inter-scan interval of four months. The 125 healthy controls (HC, 62 males) 
were scanned with the same scanning parameters but were not invited for follow-up imaging. Core 
demographic data, including age, gender, handedness, symptom onset (for patients) and years of 
education, were care- fully recorded for each participant. Additional information with regard to 
comorbidities, previous surgeries, medications, alcohol intake, smoking, occupation and family history 
was also carefully recorded. Inclusion criteria included the ability to lie supine in the scanner for the 
duration of data acquisition. Exclusion criteria for participating patients included implanted non-MRI-
compatible devices, comorbid neurological diagnoses, psychiatric conditions, previous head injuries or 
established vascular risk factors. Exclusion criteria for healthy controls included any neurological or 
psychiatric diagnosis, previous head injuries, prior neuro- surgery, claustrophobia or established 
vascular risk factors. 
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7.2.3.2 Neuroimaging  
Magnetic resonance imaging 
T1-weighted images of 61 patients with ALS and 125 HCs were acquired on a 3 T Philips Achieva system 
with an eight-channel receive-only head coil using a 3D inversion recovery-prepared spoiled gradient-
recalled echo (IR-SPGR) pulse sequence with following parameters: TR/TE = 8.5/3.9 ms, TI = 1060 ms, 
field of view (FOV): 256 × 256 × 160 mm, spatial resolution: 1 mm3, flip angle (FA) = 8° and SENSE factor 
= 1.5. FLAIR images from each participant were individually assessed for vascular white matter lesion 
load. FLAIR images were acquired in axial orientation using an inversion recovery turbo spin echo (IR-
TSE) sequence: FOV = 230 × 183 × 150 mm, spatial resolution = 0.65 × 0.87 × 4 mm, 30 slices with 1-mm 
gap, TR/TE = 11,000/125 ms, TI = 2800 ms, 120° refocusing pulse, with flow compensation and motion 
smoothing and a saturation slab covering the neck region. A total of 651 external reference T1w data 
sets (321 males) were used from the Cambridge Centre for Ageing and Neuroscience (Cam-CAN) 
repository. T1w MPRAGE data from the Cam- CAN data base were acquired on a 3 T Siemens Magnetom 
TrioTrim system at the University of Cambridge with the following sequence parameters: FOV = 256 × 
240 × 192 mm, spatial resolution 1 mm3, TR/TE 2.25/2.99 ms, TI 900 ms, FA 9° and GRAPPA factor 2. 
Pre-processing 
For each subject, image segmentation and surface reconstruction were performed using FreeSurfer 
v.6.0 (Dale et al., 1999; B Fischl et al., 1999; Bruce Fischl, 2012). Data were subsequently converted into 
the grayordinate- based CIFTI format using the ciftify package (Dickie et al., 2019) for further analyses. 
Subject-specific cortical thickness (CT) maps at a resolution of 32 k meshes per hemisphere were used 
for subsequent analyses. To reduce the number of statistical comparisons and to enhance 
interpretability, each cortical thickness map underwent atlas-based parcellation. As our objective was 
to track cortical alterations over time with 
high spatial accuracy, we opted for the 1000-region atlas of the Schafer-Yeo-7-network solution 
(Schaefer et al., 2018; Yeo et al., 2011) which is a high-resolution anatomical map with equally sized 
cortical labels. We refer to the atlas-defined small cortical regions as ‘mosaics’. 
 

7.2.3.3 Quality control (QC): cross-sectional group comparison 
In an initial quality control step, we performed standard cross-sectional analyses by contrasting the 61 
ALS patients to the 125 controls from our centre merged with the 651 HC from the Cam-CAN to 
demonstrate the validity of using external control groups. Accordingly, we initially performed a one-way 
analysis of variance (ANOVA), contrasting CT maps smoothed with a Gaussian kernel of 5 mm between 
the two groups. For the ALS patients, we only considered baseline data. We used false discovery rate 
(FDR) corrections with a voxelwise thresholding at 0.05 and 5000 per- mutations to account for alpha 
inflation and controlled for age and gender. The statistical comparisons were run within the MATLAB-
based (The MathWorks, Natick, MA, USA) toolbox MRM (McFarquhar et al., 2016), which is specifically 
designed for handling multivariate neuroimaging data. 

7.2.3.4 Patch-wise interpretation of cortical atrophy 
In this work, we aimed to evaluate an alternative strategy for assessing cortical thickness (CT) over time. 
In brief, we propose to quantify how many cortical regions are significantly atrophic with respect to age-
/sex-matched controls. We refer to this approach as ‘mosaic approach’. The current gold-standard way 
to interpret cortical thickness is to assess CT differences based on raw CT values in millimetres. We refer 
to this approach as the ‘standard approach’. In order to appraise the advantages and drawbacks of our 
strategy, we contrast the two methods for each step of the statistical modelling. Values for the standard 
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approach are easily derived, since one standard output from the FreeSurfer pre- processing pipeline is 
CT maps, providing estimates of CT in millimetres. 
Definition of reference groups 
For each year of age X, we defined a subject-specific reference group which was comprised of HC 
subjects from the combined Dublin/Cam-CAN data set aged between [X–2; X + 2], separately for males 
and females. For example, the reference group for a 54-year-old male ALS patient at base- line included 
all men between 52 and 56 years from our own and the Cam-CAN data set. For that same patient, the 
reference group at 1-year follow-up slightly changed to include all men between 53 and 57 years. With 
this ‘sliding-window’ approach, we aimed to meticulously account for the effect of physiological ageing. 
Calculation of cortical thickness distributions for each reference group 
First, the cortical thickness profile of each control subgroup was established by calculating the raw CT 
values in millimetres for each of the 1000 cortical patches, z-scoring, and saving the values in a nsubgroup 
× 1000 matrix. This allows the rating of a single patient’s data set with respect to a demo- graphically 
matched reference group. Each patient’s patch thickness was then z-scored by subtracting the 
subgroup’s mean and dividing by the subgroup’s standard deviation from that same cortical patch. We 
subsequently converted the resulting z-values to p-values, by exhaustive permutation testing to obtain 
family-wise error rate (FWER) corrected p-values. We considered pFWER-values < 0.05 as significantly 
thin, i.e. atrophic with reference to demographically matched controls. Our analysis strategy is 
illustrated in Figure 7.2.1. 

7.2.3.5 Statistics 
The central idea of this study was to test which predictors modified the progression of cortical thickness 
using the standard approach and the ‘mosaic’ approach. We hypothesised that randomness associated 
with the variables ‘age’ and ‘sex’ will be eliminated with the new approach, since correction for age and 
sex is inherent in our method. (Reference groups are age and sex matched.) In order to test this 

Figure 7.2.1 Method overview. The standard versus the ‘mosaic’ approach for interpreting corti- cal thickness (CT). The 
standard approach interprets cortical thickness values across the entire supratentorial cortex in statistical models such as group 
comparisons. In the ‘mosaic’ approach, cortical thickness is first averaged across 1000 atlas-defined tiles, and each region is 
rated with respect to an age-/sex-matched control group. p-values are calculated using nonparametric permuta- tion testing, 
and each cortical region is subsequently classified as ‘healthy’ or ‘atrophic’. 
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assumption and accommodate the complex covariance structure associated with longitudinal data, we 
adopted a multilevel modelling approach. This was carried out within R (R Core Team, R Foundation for 
Statistical Computing, Vienna, Austria), using the ‘nmle’ package (Pinheiro et al., 2020). In multilevel 
modelling, the ultimate model which includes the factor time and all predictors is built step-wise, 
starting from an unconditional means model (with no repeated measure, testing only the grand mean), 
to a unconditional growth model (including the factor time—either as fixed or random effect—but no 
other predictors). These intermediate models are built so that the addition of more complexity can be 
directly assessed by comparing the model fit to the less complex precursor model. The predictors we 
included in the final model (‘conditional growth’) were age, gender, handedness, months since 
symptom onset, years of education and ALSFRS-r score. We note that we computed each model 
separately for the standard and the ‘mosaic’ approach. 
Unconditional means model (null model) 
The first model we considered within our multilevel approach was the unconditional means model 
(UMM). The UMM serves as a null model to compare subsequent, more complex models against. It does 
not consider any predictors or the repeated-measures factor time (i.e. all data points from all subject’s 
follow-ups are treated as if they were cross- sectional data). As such, the UMM tests the grand mean of 
CT (standard approach)/number of thin patches (mosaic approach) against zero to reject the null 
hypothesis. We set up the UMM using a linear mixed-effects model within R’s nmle package (Laird & 
Ware, 1982): 
 

(7.2-1) UMM ~ lme(DV ~ 1, random ~ 1 | ID, data = X, method = ‘ML’), 
 

 
where DV is the dependent variable (either CT for the standard or number of thin patches for the new 
approach), which is modelled with no slope (note the ‘ ~ 1’ following DV). Additionally, no random 
effects are being accounted for (‘random ~ 1’). Note that ID, which is an identifier for the 
timepoint/session (i.e. between 1 and 4 for each patient), serves as nested variable, since in longitudinal 
analyses, data are per definition nested by individuals. X denotes the data tabular containing 
information on all the specified variables. The method we used for estimating the model was maximum 
likelihood, ‘ML’. Our primary interest was the p-value of the fixed effect, i.e. the DV, which tested the 
hypothesis of the grand mean’s intercept being different from 0. Additionally, for later analyses, we 
were interested in the log-likelihood (LL) of the model, since this should increase for better fits, i.e. 
subsequent models considering additional variables. 
Unconditional growth model (time fixed/time random) 
Since with the UMM, we could reject the null hypotheses of the DVs (for both the standard and the 
mosaic approach) being equal to zero, we could then proceed to add a slope to our data, i.e. consider 
time as a repeated measures fac- tor, which is referred to as the unconditional growth model (UGM). 
More specifically, we sought to test whether time could be more accurately modelled as a fixed or 
random effect for the two approaches. A better slope fit implies that each member of the group follows 
a similar pattern over time, e.g. patients experience the same degree of CT thinning over time, revealing 
limited individual variability associated with other random variables. Our hypothesis was that for the 
new approach, modelling time as a random variable versus a fixed one should not improve the model 
fit, since much of the variance (i.e. variance associated with age and gender) is already accounted for in 
calculating the number of thin patches. In contrast, modelling the standard approach with a random 
effect of time vs. a fixed effect of time should improve that model fit, since in the standard approach, 
randomness associated with age and gender is not inherently corrected for. Note that no other 
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predictor than time was included in the UGM analyses; rather, we assumed that age and gender were 
the most significant predictors of cortical thickness, such that accounting for the variance associated 
with these variables would be reflected in the hypotheses suggested above. The modelling of our UGMs 
with time fixed (TF, Eq. (7.2-2 and time random (TR, (7.2-3 Eq. 3 can be summarised as follows: 
 

(7.2-2) Time fixed: UGM_TF ~ lme(DV ~ time, random ~ 1 | ID, data = X, method = ‘ML’), 
 

 
(7.2-3) Time random: UGM_TR ~ lme(DV ~ time, random ~ time | ID, data = X, method = 

‘ML’). 
 

For both approaches, we compared the UGM with the UMM, both for time fixed and time random. 
Additionally, we compared the two UGMs against each other, representing time fixed vs. random, using 
deviance statistics, which tests whether one version of the model is a better fit to the data than the 
other version. Within R’s nmle package, this is simply realised with the following notation: 
 

(7.2-4) model_comparison ~ anova(model1, model2). 
 
Conditional growth model 
Modelling time as both fixed and random variable improved the model fit in both the standard and the 
new approach compared to the UGM. However, when comparing the UGM with time as a random vs. 
time as a fixed effect, we only found improved fit in the standard approach. This suggested that in the 
mosaic approach, randomness is reduced com- pared to the standard approach, but is not fully 
accounted for. Accordingly, we next sought to test which additional variables would account for the 
remaining randomness of the two approaches. Therefore, we proceeded to test the ‘full’ model, i.e. the 
model with all predictors (i.e. age, sex, handedness, months since symptom onset, years of education 
and ALSFRS-r), which is referred to as conditional growth model (CGM). We set up that model as follows: 
 

(7.2-5) CGM ~ lme(DV ~ time + age + sex + handedness + SymptomDuration + 
yearsOfEducation + ALS- FRS-r, random ~ time | ID, data = X, method = ‘ML’). 

 
To assess potential improvements of model fit by adding these predictors, we ran deviance statistics 
comparing the CGM against the UGM_TR. 
 

7.2.4 Results  
7.2.4.1 Demographics and reference groups 
The demographic profile of the ALS cohort is summarised in Table 7.2.1. The combined Dublin/Cam-
CAN healthy control group comprised 776 subjects in total, 125 from Dublin and 651 from Cam-CAN; 
383/393 males/females; and mean age in years (SD) = 55.08 (17.63). The youngest ALS patient was 41 
years old at baseline and the oldest 83 years old (at follow-up scan 3). Therefore, we created 86 
individualised reference groups (43 reference groups for males and 43 for females, the youngest ranging 
between years [43;47] and the oldest between years [81;85]. The smallest reference group was 
composed of 16 subjects (females between 81 and 85), the largest of 49 (males between 64 and 68) 
(median group size = 33, interquartile range [28.75;33]. Cross-sectional comparison of cortical thickness 
maps from ALS patients at baseline vs. the combined Dublin/Cam-CAN HC group confirmed cortical 
thinning in the pre- and paracentral gyri. This analysis was merely performed as a quality control 
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procedure, and since these results are consistent with the imaging signature of ALS centred on motor 
cortex atrophy, we proceeded to more complex modelling. 
 
Table 7.2.1 The demographic profile of participating patients 

Timepoints 
3/4 
 

Male/female Age 
(base- 
line), 
y, 
mean 
(SD) 
 

Symptom 
duration, 
mo, mean 
(SD) 
 

Handedness 
Right/left 
 

Years of 
education, 
y, mean 
(SD) 
 

ALSFRS-r mean (SD) 

Baseline Month 4 Month 8  Month 
12 

27/34 43/18 60.20 
(9.62) 

24.89 
(13.67) 

52/9 
 

12.84 (3.23) 
 

39.46 
(6.38) 

36.92 
(7.82) 

34.48 
(7.95) 

33.44 
(9.16) 
 

Abbreviations: ALSFRS-r = revised amyotrophic lateral sclerosis functional rating scale, SD = standard deviation 
 

 
7.2.4.2 Unconditional means model 
In the UMM (see Eq. (7.2-1, we made a total of 217 observations across 61 groups. The session ID for 
each subject (i.e. the indicator of the scan timepoint for each patient, i.e. ‘time’) was modelled as a 
nested variable, such that each patient was its own group (having either three or four scans in total). 
The UMM showed that both approaches were significantly different from 0 (standard approach: t(156) 
= 159.643, p < 0.001; new approach t(156) = 14.421, p < 0.001). The log-likelihoods (LL) for both 
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Figure 7.2.2 The effect of confound- ers (age, ALSFRS-r). Effects of the co-variates age (a) and ALSFRS-r (b) on the predic- tion 
of cortical thickness (CT). Age is a significant modulator of CT in the standard approach (left column in a; t = − 2.140, p = 0.034), 
but not in the new approach (right column in a; t = − 1.379, p = 0.170). ALSFRS-r is a significant modulator for both standard 
(left column in b; t = 2.543, p = 0.012) and new approach (right column in b; t = − 2.538, p = 0.012). 
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approaches were used to test any potential improvements of subsequent, more complex models: for 
the standard approach, the LL was 276.442 and for the new approach − 1173.996. 

7.2.4.3 Unconditional growth model 
We set up an unconditional growth model (UGM_TF) by including the variable ‘time’ as fixed effect into 
the model (see Eq. (7.2-2. We found that for both approaches, time can be treated as a fixed variable 
(standard approach: t(155) = − 5.2103, p < 0.001; new approach: t(155) = 2.954, p = 0.0036). Note that 
the t-value for the standard approach was negative, indicating a decline in cortical thickness over time 
(Figure 7.2.2a, Figure 7.2.3a, Figure 7.2.4a). As expected, the t-value for the new approach was positive, 
suggesting an increase in the number of pathologically thin patches over time (Figure 7.2.2bFigure 
7.2.3b, Figure 7.2.4b). The model fit assessed with the LL for both approaches was significantly higher 
as compared to the UMM (standard approach: LLUMM_TF = 276.442 vs LLUGM_TF = 289.040, p < 
0.001; new approach: LLUMM_TF = − 1173.996 vs LLUGM_TF = − 1169.716, p = 0.0034). Next, we set 
up an UGM where we treated time as a random variable (UGM_TR, see Eq. (7.2-3, i.e. we allowed the 
slopes of CT/number of thin patches changes to vary among individuals, and tested whether that 
improved the model fit as compared to the UMM and the UGM_TF. For both models, we found evidence 
that modelling time as a random variable is statistically justified (standard approach: t(155) = − 4.792, p 
< 0.001; new approach: t(155) = 2.886, p = 0.0045). This was further confirmed by deviance statistics 
which suggested a superior model fit of the UGM_TR (LL = 291.516, p < 0.001) compared to the UMM 
in the standard approach. Similarly, the LL for the UGM_TR model in the new approach was higher than 
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Figure 7.2.3 The effect of confounders (gender, handedness). Effects of categorical co-variates gender (a) and handedness (b) 
on the prediction of cortical thickness (CT). Neither gender nor handedness is significant modulators of CT progression for both 
approaches (gender—standard approach (left column in a): t = − 1.470, p = 0.147; gender—new approach (right column in a): 
t = 1.578, p = 0.120; handedness—standard approach (left column in b): t = 0.767, p = 0.447; handedness—new approach 
(right column in b): t = − 0.122, p = 0.904). 
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for the UMM (LL = − 1169.315, p = 0.0248). When comparing the fit of the UGM_TF vs. UGM_TR, there 
was no evidence for improved model fit for treating time as a random as opposed to modelling time as 
a fixed effect, although we observed a tendency for a better fit of UGM_TR for the standard approach 
(p = 0.0841; new approach: p = 0.6691). 

7.2.4.4 Conditional growth model 
The above results suggested that although both CT decline and the number of pathologically thin patch 
behave similarly over time, there was still some randomness left in the data, with a tendency towards 
more randomness within the standard approach. Therefore, we included any observed predictors (age, 
gender, handedness, years of education, symptom duration and ALSFRS-r) into the full conditional 
growth model (see Eq. (7.2-5, to test which predictor impacts on the progression of the dependent 
variable. For the standard approach, we found evidence that both age (t(153) = − 2.151, p = 0.033) and 
ALSFRS-r (t(153) = 2.401, p = 0.0175) accounted for variability over time in terms of CT decline, while 
for the mosaic approach only the predictor ALSFRS-r (t(153) = − 2.533, p = 0.0123) was significant (Figure 
7.2.3). Neither of the other categorical co-variates (i.e. gender and handedness, Figure 7.2.4) nor 
continuous co-variates (i.e. symptom duration and years of education, Figure 7.2.5) were significant 
modulators for the standard or the mosaic approach. Table 7.2.2 and Table 7.2.3 summarise the 
statistical details of the CGM. Deviance statistics revealed a better fit of CGM as compared to the UGM 
with time treated as a random variable (standard approach: LL = 299.873, p = 0.0051; new approach: LL 
= − 1163.273, p = 0.0337). 

0 1 2 3
Session ID

2.20

2.30

W
ho

le
 b

ra
in

 th
ic

kn
es

s 
(m

m
)

0 1 2 3
Session ID

125

150

175

200

Years of 
education

   + 1 SD
   Mean
   - 1 SD

N
um

be
ro

ft
hi

n
pa

tc
he

s

2.25

2.35

Years of 
education

   + 1 SD
   Mean
   - 1 SD

0 1 2 3
Session ID

2.20

2.30

W
ho

le
br

ai
n

th
ic

kn
es

s(
m

m
)

0 1 2 3
Session ID

100

125

150

175

Months since
symptom onset

+ 1 SD
Mean
- 1 SD

N
um

be
r o

f t
hi

n 
pa

tc
he

s

2.25

2.35

Months since 
symptom onset

   + 1 SD
   Mean
   - 1 SD

a

b

Figure 7.2.4 The effect of confounders (months since symptom onset, years of education). Effects of the two co-variates 
months since symptom onset (a) and years of education (b) on the prediction of cortical thickness (CT). Neither months since 
symptom onset nor years of education were significant modulators of CT progression for both approaches (months since 
symptom onset – standard approach (left column in a): t = 0.998, p = 0.320; months since symptom onset – new approach 
(right column in a): t = − 0.281, p = 0.779; years of education – standard approach (left column in b): t = 0.929, p = 0.357; years 
of education – new approach (right column in b): t = − 0.997, p = 0.323). 
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7.2.4.5 Propagation patterns in individual 
patients and at group level 

To illustrate the utility of our approach to 
track anatomical propagation, we have 
mapped the expansion of pathological 
cortical regions over time in individual 
patients. Our examples demonstrate the 
spread of cortical pathology from the initial 
timepoint where pathology is centred on pre- 
and paracentral gyri and gradually expand to 
include prefrontal and frontotemporal 
regions (Figure 7.2.5). While our intention 
was to develop a method to interpret single 
patient scans, our method can also be utilised 
to decipher disease-, phenotype- or 
genotype-specific propagation patterns at a 
cohort level. In Figure 7.2.6, we show the 
ability of our method to depict group-level 
traits by plotting the percentage of patients 
exhibiting cortical atrophy in specific 
‘patches’ at each timepoint. This visualisation 
approach allows the illustration of group-
level propagation patterns. 
 

7.2.5 Discussion 
In this study, we aimed to demonstrate the 
utility of a novel strategy for appraising 
cortical thickness in individual ALS patients 
using z-score derived subject-specific 
reference data sets. We propose to first 
parcellate the cortex into small but equally 
sized cortical regions, or ‘patches’, using high-
resolution atlas-based segmentation. For 
each cortical patch, we calculate a normal 
distribution of cortical thick- ness (CT) values 
from age- and sex-matched control group, 
based on which individual CT profiles can be 
interpreted. In accordance with a previous 
simulation study (Eisen et al., 2014), we 
then converted that z-score rating into p-
values using nonparametric permutation 
testing. As a result, a given cortical patch with 
p < 0.05 would be considered pathologically 
thin, i.e. atrophic. This strategy offers a high-
resolution assessment of the cortex, 
categorising cortical regions of individual 

Baseline + 8 months+ 4 months

Baseline + 8 months+ 4 months

Baseline + 8 months+ 4 months

a

b

c

Figure 7.2.5 Expansion of pathological cortical regions over time in 
individual patients. Expansion of cortical degeneration over time in 
individual patients. Atrophic regions are defined according to the 
‘mosaic’ method with references to demographically matched 
healthy controls and marked in red. For patients a) and b), disease 
burden is particularly evident in the motor cortex, while in patient c) 
atrophy is most evident in the insula. For all patients, atrophy 
gradually spreads anteriorly over time. 
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patients as ‘atrophic’ or ‘healthy’ compared to normative values in demographically matched controls 
(Figure 7.2.1). Given that variance associated with age and sex should be accounted for in our approach, 
our validation centred on the demonstration of the successful removal of that variance as opposed to 
the standard approach, i.e. measuring CT in millimetres and computing group comparisons based on 
these values. To achieve that, we used existing longitudinal data from 61 ALS patients, each having 
either three or four scans. We contrasted the progression of CT change (raw values, ‘standard 
approach’) versus the change in the number of pathologically thin patches over time (‘mosaic 
approach’). We gradually increased the complexity of our model, accounting for potential modulators 
of the two dependent variables. We found that in both approaches, DV change can both be modelled 
as a fixed or random effect, which suggests that although in general, the progression pattern of both  
 
Table 7.2.2 Conditional growth model for standard approach (whole-brain thickness). 

 Value Standard 
deviation 
 

Degrees of 
freedom 

t-value 
 

p-value 
 

Intercept 2.326 0.128 152 18.106 < 0.001* 
Session ID − 0.018 0.012 152 − 1.425 0.156 
Age − 0.003 0.002 152 − 2.140 

 
0.034* 

Gender − 0.044 0.030 57 − 1.470 0.147 
ALSFRS-r 0.003 0.001 152 2.543 0.012* 

 
Symptom 
duration 
(months) 

0.001 0.001 152 0.998 0.320 

Years of 
education 

0.004 0.004 57 0.929 0.357 

Handedness 0.031 0.041 57 0.767 0.447 
*Significant at an alpha level of 0.05 

 
Table 7.2.3 Conditional growth model for new approach (number of thin patches). 

 Value Standard 
deviation 
 

Degrees of 
freedom 

t-value 
 

p-value 
 

Intercept 354.137 96.725 152 3.661 < 0.001* 
Session ID 6.411 9.335 152 0.687 0.493 
Age − 1.549 1.124 152 − 1.379  0.170 
Gender 34.943 22.144 57 1.578 0.120 
ALSFRS-r − 2.230 0.879 152 − 2.538 0.012* 

 
Symptom 
duration 
(months) 

− 0.211 0.751 152 − 0.281 0.779 

Years of 
education 

− 3.214 3.225 
 

57 − 0.997 0.323 

Handedness − 3.676 
 

30.219 
 

57 − 0.122 
 

0.904 
 

*Significant at an alpha level of 0.05 



7 Chapter II: Research articles 

 48 

 
approaches is relatively similar across the ALS population, there is some randomness left. We observed 
a tendency towards more randomness in the standard approach. In the full model, we then considered 
the modulating effects of the co-variates age, gender, ALSFRS-r, symptom duration, years of education 
and handedness. Using the standard approach, both age and ALSFRS-r significantly confounded CT 
decline. With the implementation of the ‘mosaic’ approach, the variance associated with age was 
successfully corrected for, so that only disability (i.e. ALSFRS-r score) explained variance in thin-patch-
load over time. We note that none of the other co-variates significantly modulated the progression of 
the DVs over time. Therefore, we have demonstrated that the new strategy successfully corrects for 
demographic factors. Given the sexual dimorphism associated with physiological and ALS-associated 
neuroradiological signatures, the meticulous adjustments for demographic variables are particularly 
important, especially in small studies and in the interpretation of single data sets (Bede et al., 2014; 
Luders et al., 2014; Menzler et al., 2011). An additional strength of our method is that disability as 
estimated by the ALSFRS-r score, modulates individual slopes of ‘thin-patch’ expansion over time. 
Therefore, our T1w-image-derived metric is resilient against demographic factors, but sensitive to 
clinical progression. More importantly, our proposed method enables the interpretation of individual 
patients. This is a considerable advantage over existing methods, which mainly rely on group 
comparisons. Grey matter atrophy in ALS is typically evaluated by voxel-based morphometry, cortical 
thickness analyses or various region-of-interest (ROI) approaches (Agosta et al., 2018; Bede et al., 2019, 
2020; Rangariroyashe H Chipika, Finegan, et al., 2020; Christidi, Karavasilis, Velonakis, et al., 2018). ALS 
exhibits considerable clinical heterogeneity with respect to initial disability profiles, progression rates, 
upper vs lower motor neuron predominance and neuropsychological deficits (M. Abidi et al., 2020; 

Baseline + 12 months+ 8 months+ 4 months

Figure 7.2.6 Cohort-specific cortical propagation pattern. Accumulation of cortical atrophy over time in the ALS cohort. The 
parcellation is colour-coded by the percentage of patients exhibiting atrophy in a specific cortical region, e.g. a value of 0.20 in 
a specific cortical patch means that 20% of patients have reduced cortical thickness in that area compared to their 
demographically matched controls. Initial disease burden is evident in the pre- and paracentral gyrus and the medial 
orbitofrontal cortex with gradual expansion to frontotemporal regions over time. 
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Burke, Pinto-Grau, et al., 2016; Christidi et al., 2020; Feron et al., 2018; Finegan, Chipika, Shing, et al., 
2019; O Hardiman et al., 2016; Lebouteux et al., 2014; Yunusova et al., 2019). Single data sets of 
individual patients cannot be readily interpreted, which is a major barrier to routine clinical use (Foerster 
et al., 2013). Existing imaging studies of ALS typically stratify patients into groups of genetically (Bede, 
Omer, et al., 2018; Westeneng et al., 2016) or phenotypically defined (Agosta et al., 2016; Finegan, 
Chipika, Li Hi Shing, et al., 2019; Finegan, Li Hi Shing, et al., 2019) cohorts to reduce to effect of disease 
heterogeneity before running comparative statistics to ascertain group-level signatures. The drawback 
of this approach is that the resulting statistical maps reflect on the specific cohort included in the study, 
are ‘over-fitted’ by definition, and reveal very little about individual patients. From a clinical perspective, 
the quantification of disease burden in individual patients is hugely important to help diagnostic 
classification, prognostic categorisation, tracking the course of the disease and potentially gauging 
response to therapy (Rangariroyashe Hannah Chipika et al., 2019). Existing approaches for individual 
patient data interpretation in ALS implement a variety of complex machine learning (ML) models and 
require large patient samples for adequate training, yet, despite these efforts, model overfitting is a 
common problem (Agosta et al., 2010; Bede et al., 2017; Marwa Elamin et al., 2015; Grollemund et al., 
2019a, 2020; Querin, El Mendili, et al., 2018a; Christina Schuster et al., 2017; Welsh et al., 2013; 
Westeneng et al., 2018). While the concept disease burden quantification and monitoring is firmly 
integrated in the management and clinical trials of other neurological conditions, such as lesion load/ 
lesion volume measurements in multiple sclerosis (MS), no comparable strategies have been 
implemented in ALS trials to date (Filippi et al., 1998). ALS patients often face a circuitous diagnostic 
journey, and the interval between symptom onset and diagnosis may be over 12 months (Househam & 
Swash, 2000). Diagnostic uncertainty is not only a source of considerable distress for patients and 
caregivers but also delays recruitment into clinical trials (Kraemer et al., 2010; Zoccolella et al., 2006). 
Compared to other neurological conditions, clinical trials of ALS are small; therefore, a proxy of cerebral 
disease burden, such as the extent cortical atrophy, may have practical utility obviating the need for 
large patient cohorts. Our approach also demonstrates that relying on large, high- quality external 
control data is a viable approach and enables the designation of demographically defined individualised 
control groups, which is the best match for an individual patient. Our method offers an objective 
longitudinal marker which is capable of estimating progressive cortical disease burden in single subjects 
without requiring data from other patients. Disease progression in ALS is currently evaluated by a range 
of complementary measures, many of which are not objective. In a clinical setting, upper motor neuron 
and lower motor neuron degeneration is evaluated by a meticulous neurological examination, which, 
despite best efforts to document, is suboptimal to capture gradual and subtle changes. Disease-specific 
instruments, composite scores of disability and questionnaires are often confounded by reporting bias, 
fatigue, mood, practice effects, motivation to be included into clinical trial, etc. (Burke et al., 2017; 
Cedarbaum et al., 1999; Marwa Elamin et al., 2017). The multi-timepoint mapping of progression 
patterns in the 61 patients confirmed disease-associated vulnerability patterns centred on the 
precentral and paracentral gyri at baseline, and the gradual involvement in the pre- and supplementary 
motor cortices, insula, medial orbitofrontal and dorsolateral prefrontal cortex (DLPFC) over time (Figure 
7.2.6). While these observations are reminiscent of the TDP-43 burden described based on post-
mortem observations and also consistent with neuropsychology studies, these maps merely represent 
the evolution of cortical pathology in this specific cohort (Brettschneider et al., 2013, 2014; Burke et al., 
2017; M. Elamin et al., 2013). This study is not without limitations. The pipelines implemented only 
segment supratentorial cortical regions: cerebellar and subcortical grey matter regions have not been 
evaluated despite being established foci of ALS pathology (Rangariroyashe H Chipika, Finegan, et al., 
2020; Pradat et al., 2009; Pradat & El Mendili, 2014; Westeneng et al., 2015). The analyses presented 
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herein centre of cortical grey matter alone, even though white mater degeneration, connectivity 
alterations and functional changes are important early feature of ALS (Agosta, Canu, et al., 2014; Agosta, 
Galantucci, et al., 2014; Christidi et al., 2014; Lule et al., 2007, 2010; Nasseroleslami et al., 2019; C. 
Schuster et al., 2016; Trojsi et al., 2018, 2020). All of the patients included in this study fulfilled the 
diagnostic criteria for ALS. The inclusion of presymptomatic mutation carriers would have helped to 
evaluate the detection sensitivity of our method further. Notwithstanding these limitations, we have 
demonstrated that cortical atrophy can be reliably appraised in individual patients in ALS irrespective of 
their demographic profile and accumulation of disease burden can be captured over relatively short 
follow-up intervals. Our method is based on T1-weighted input data, which is routinely acquired as part 
of any clinical and research protocol, and can be reliably and non-invasively attained at any field strength 
on any MRI platform. The presented approach offers a cheap, non-invasive and objective way to 
estimate disease burden and track cerebral progression across multiple timepoints in symptomatic 
patients, with potential utility in clinical management and pharmaceutical trials. 
 

7.2.6 Conclusions 
Disease burden in ALS may be appraised at an individual level using external reference imaging data. 
The transition from group-level comparisons to individual patient characterisation is a prerequisite for 
viable clinical applications, individualised therapies and precision monitoring in pharmaceutical trials. 
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7.3 Subproject 3: “Propagation patterns in motor neuron diseases: 
individual and phenotype-associated disease-burden trajectories 
across the UMN-LMN spectrum of MNDs” 

(accepted at Neurobiology of Aging on April 14th 2021 – unpublished version) 
 
7.3.1 Abstract 
Motor neuron diseases encompass a divergent group of conditions with considerable differences in 
clinical manifestations, survival, and genetic vulnerability. One of the key aspects of clinical 
heterogeneity is the preferential involvement of upper (UMN) and lower motor neurons (LMN). While 
longitudinal imaging patters are relatively well characterised in ALS, progressive cortical changes in 
UMN- and LMN-predominant conditions are seldom evaluated. Accordingly, the objective of this study 
is the juxtaposition of longitudinal trajectories in three motor neuron phenotypes; a UMN-predominant 
syndrome (PLS), a mixed UMN-LMN condition (ALS), and a lower motor neuron condition (poliomyelitis 
survivors). A standardised imaging protocol was implemented in a prospective, multi-timepoint 
longitudinal study with a uniform follow-up interval of four months. Forty-five poliomyelitis survivors, 
61 patients with amyotrophic lateral sclerosis (ALS) and 23 patients with primary lateral sclerosis (PLS) 
were included.  Cortical thickness alterations were evaluated in a dual analysis pipeline, using standard 
cortical thickness analyses, and a z-score-based individualised approach. Our results indicate that PLS 
patients exhibit rapidly progressive cortical thinning primarily in motor regions; ALS patients show 
cortical atrophy in both motor and extra-motor regions, while poliomyelitis survivors exhibit cortical 
thickness gains in a number of cerebral regions. Our findings suggest that dynamic cortical changes in 
motor neuron diseases may depend on relative UMN/LMN involvement, and increased cortical 
thickness in LMN-predominant conditions may represent compensatory, adaptive processes.  
 
Keywords: Motor neuron disease, Primary lateral sclerosis, Poliomyelitis, Neuroimaging, Clinical trials. 

7.3.2 Introduction 
Motor neuron disease (MND) is an umbrella term for a wide spectrum of clinically dissimilar conditions. 
While similarities exist in disability profiles among some of the MNDs, their progression trajectories and 
the overall prognosis is markedly different. Compared to ALS, other MNDs are strikingly understudied 
with respect to their phenotype-specific neuroimaging signatures. PLS and ALS groups are sometimes 
contrasted to evaluate disease-specific traits (Pioro et al., 2020), but lower motor neuron predominant 
MNDs, such as X-linked spinal and bulbar atrophy (SBMA), poliomyelitis or spinal muscular atrophy 
(SMA) are often only studied in contrast to healthy controls (Querin, Bede, et al., 2018; Shing et al., 
2019). The imaging literature of MNDs is disproportionately dominated by cross-sectional studies which 
often include mixed cohorts in various stages in their individual disease course. Existing longitudinal 
MND studies, suffer from considerable attrition rates and an inclusion bias to patients with limited 
disability and slower progression rates (Rangariroyashe Hannah Chipika et al., 2019). The meaningful 
interpretation of longitudinal imaging data requires careful adjustments for physiological aging, sexual-
dimorphism, and ideally, the inclusion of disease-controls (Christina Schuster et al., 2015). From a 
clinical perspective, there is a pressing and unmet need to monitor single, individual patients in a 
transparent and observer-independent fashion (Tahedl et al., 2021; Verstraete et al., 2015). From a 
monitoring viewpoint, a stereotyped question asked by patients and their caregivers is whether their 
condition have progressed since their previous clinic visit irrespective of other patients, other 
phenotypes, or age-matched healthy populations. From a clinical trial standpoint, the objective tracking 
of individual patients is a key requirement, preferably with the use of quantitative outcome measures 



7 Chapter II: Research articles 

 52 

(Rangariroyashe Hannah Chipika et al., 2019). Accordingly, the development of methods to track 
pathology in vivo, at an individual-patient level, is a clinically relevant quest. The characterisation of 
individual disease trajectories is also hugely relevant academically. There are a number of emerging 
concepts in MND research, which are either derived from post mortem insights, inferred from clinical 
observations or based on animal models and have not been reassuringly validated by in vivo human 
data. These theories include cognitive reserve, motor reserve, stage-wise propagation, compensatory 
processes, prion-like propagation and selective network vulnerability (Costello et al., 2021; Dukic et al., 
2019; Meier et al., 2020). There is also a notion that compensatory processes may occur in MNDs to 
adapt for relentless neurodegeneration (Querin, El Mendili, et al., 2019). Activation studies in ALS 
suggest that the pre-, supplementary- and contralateral motor cortex, the cerebellum, and subcortical 
grey matter structures increasingly contribute to the execution of motor tasks with the gradual 
degeneration of primary motor areas (M. Abidi et al., 2020; Bede et al., 2021; Nasseroleslami et al., 
2019; Proudfoot et al., 2019). Irrespective of the MND phenotype studied, the overwhelming majority 
of published papers only comment on patterns of atrophy, cortical thinning, or density reductions (Bede 
& Hardiman, 2018). Lack of atrophy or ‘resilient’ regions are sometimes specifically evaluated, but 
increased cortical thickness is either not explored in statistical models, not reported, or not discussed.  
This seems like a missed opportunity as cortical reorganisation may reveal biologically important 
processes (O Hardiman et al., 2016). Based on these considerations, we have embarked on a 
comparative neuroimaging project to contrast the longitudinal course of three MNDs; a lower-motor 
predominant condition (poliomyelitis survivors), a mixed UMN-LMN syndrome (ALS), and a UMN-
predominant condition (PLS). Our main objectives were (a) the characterisation of phenotype-specific 
propagation patterns (b) the juxtaposition of the rate of decline in LMN, UMN and mixed MNDs and (c) 
the targeted evaluation of increased thickness.  
 
7.3.3 Methods 
7.3.3.1 Participants 
45 poliomyelitis survivors (PMS), 23 patients with PLS and 61 patients with ALS were included in a 
prospective neuroimaging study. Twenty-seven ALS patients had two, 34 had three follow-up scans; 14 
PMS had one, 6 had two follow-up scans; 7 PLS patients had two, 16 had three follow-up scans. A 
uniform inter-scan interval of four months was implemented. All participants provided informed 
consent in accordance with the ethics approval of the study by the Medical Research Committee of 
Beaumont Hospital, Dublin, Ireland. ALS patients had ‘probable’ or ‘definite’ ALS according to the El 
Escorial criteria (Brooks et al., 2000) and PLS patients were diagnosed based on the Gordon criteria 
(Gordon et al., 2006). Reference data from 776 healthy control subjects were included (383 males) in 
our analyses (125 from Dublin, 651 from the Cam-CAN database (Shafto et al., 2014), with a mean age 
of 55.08 years and a standard deviation (SD) of 17.63 years. 
 

7.3.3.2  Neuroimaging 
T1-weighted (T1w) MRI data from all patients and controls was acquired on a 3 Tesla Philips Achieva 
scanner with an 8-channel receiver head coil, using a 3D Inversion Recovery Prepared Spoiled Gradient 
Recalled Echo (IR-SPGR) pulse sequence with following imaging parameters; repetition time (TR) / echo 
time (TE) = 8.5/3.9 ms, inversion time (TI) = 1060 ms, field-of-view (FOV): 256 x 256 x 160 mm, spatial 
resolution: 1 mm3. A total of 651 external reference T1-weighted MPRAGE images were also used in 
this study from the Cambridge Centre for Ageing and Neuroscience (Cam-CAN) repository (Shafto et al., 
2014).  
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7.3.3.3 Standard cortical thickness analysis 
T1w datasets were segmented and the surface reconstructed with FreeSurfer’s recon-all tool (Bruce 
Fischl, 2012). Data were then converted to the Connecitivty Informatics Technology Initiative (CIFTI) file 
format (Van Essen et al., 2013) using the CIFTIFY toolbox at a resolution of 32,000 vertices per 
hemisphere. As part of ‘standard’ cortical thickness analyses, three group comparisons were performed 
(PMS vs. HC, ALS vs. HC, PLS vs. HC) using vertexwise, non-parametric permutation testing using FSL’s 
randomise tool with 5000 iterations, controlling for age and gender (Winkler et al., 2014). To correct for 
alpha-level inflation, we considered threshold-free cluster enhancement (TFCE) corrected p-maps only 
(Salimi-Khorshidi et al., 2011). Since we investigated two contrasts for each comparison (patients > 
controls, patients < controls), the alpha threshold was set to 0.05/2 = 0.025. 
 

7.3.3.4 Normalised, ‘mosaic-based’ interpretation 
‘Standard’ cortical thickness (CT) analyses were complemented by a z-score-based approach (Tahedl, 
2020; Tahedl et al., 2021) where regional cortical thickness in single patients is interpreted with respect 
to demographically matched controls, categorising each cortical region (‘mosaic’) into ‘thin’, ‘thick’ or 
‘comparable’ (Figure 7.3.2). Following pre-processing, CT maps were parcellated into 1000 equally sized 
‘mosaics’ using an existing parcellation scheme (Schaefer et al., 2018) and implementing a 7-network 
approach (Yeo et al., 2011). A subject-specific reference group was generated for each patient based 
on age (+/– 2 years) and gender matching. To account for the effects of physiological ageing a ‘sliding-
window’ reference matching was implemented. For example, for a 56-year old male patient, his control 
group comprised male controls aged between 54 and 58 years. At one-year follow-up, his reference 
group shifted to male controls between 55 and 59 years. Regional cortical thickness in single patients 
was interpreted based on the CT distribution of demographically matched controls. Individual patient’s 
regional thickness was first z-scored by subtracting the control’s mean and dividing by the control’s 
standard deviation. Subsequently, z-values are converted to p-values by exhaustive permutation testing 
to obtain FWER corrected p-values. A threshold of p ≤ 0.05 was used to define ‘thick’ or ‘thin’. The main 
output variables from the ‘mosaic approach’ are the number of significantly thin and thick patches 
across the entire cortex and in the motor cortex defined by the pre- and paracentral labels of the 
Desikan-Killiany atlas (Desikan et al., 2006). To infer which patches were significantly thin or thick in the 
groups at baseline, Monte-Carlo permutation testing was used to correct for family-wise error rates 
(FWER), separately for the three study groups as well as for thin and thick patches. The alpha-threshold 
was set to 0.025 to account for two-sided testing. The analyses were conducted in MATLAB 2019b (The 
Mathworks, Natrick, MA, USA).  
 

7.3.3.5 Cross-sectional group comparisons  
As demographic matching is inherent in the ‘mosaic’ method, one-way, three-level, between-subjects 
analyses of variance (ANOVAs) was utilised to investigate group differences (PMS, ALS and PLS) of the 
means of the following four dependent variables (DVs): (i) number of whole-brain thin patches, (ii) 
number of motor-cortex thin patches, (iii) number of whole-brain thick patches, (iv) number of motor-
cortex thick patches. For (v) whole-brain cortical thickness (CT) in millimetres and (vi) motor-cortex CT 
in millimetres, analyses of covariance (ANCOVA) were utilised to correct for age and gender. As the 
ANOVAs and ANCOVAs reached significance for six DVs, post-hoc pairwise comparisons were conducted 
using Tukey’s honestly significant difference (HSD) testing. Statistical analyses were carried out with 
RStudio version 1.3.1093 (R Core Team, R Foundation for Statistical Computing, Vienna, Austria). 
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7.3.3.6 Longitudinal analyses using 
linear mixed effects models 
To evaluate progressive cortical thickness 
alterations with the ‘mosaic’ approach, linear 
mixed effects (LME) models were 
implemented using R’s nmle package 
(Pinheiro et al., 2020): 
 
 
 
 
 
 
 
 
 
 

(7.3-1) mod <- lme(DV ~ Time*Diagnosis, random =~ Time | ID, data = X , method = 'ML'). 
 
DV denotes the dependent variable, which is modelled as dependent upon the factor ‘Time’ and the 
categorical variable ‘Diagnosis’ (PMS / ALS / PLS). ID indicates the timepoint, which serves as a nested 
variable, since in longitudinal analyses data is per definition nested by individuals. Finally, X is the data 
containing information on all the specified variables. The method we used for estimating the model was 
maximum likelihood, ‘ML’.  
 Given that in the standard approach (cortical thickness in millimetres), age and gender are not 
inherently corrected for, we set up these models as follows: 
 

(7.3-2) mod2 <- lme(DV ~ Time*Diagnosis + age + gender, random =~ Time | ID, data = X , 
method = 'ML'). 
 

Although the LMEs captured no significant ‘Time x Diagnosis’ interaction, visual representation of the 
data (Figure 7.3.5a–b) suggested that PLS patients accumulated thin patches more rapidly than the 
other patient groups. Since the data suggested this effect may be driven by the one-year follow-up of 
the PLS patients, a supplementary ‘Time x Diagnosis’ LME analysis was added, restricted only to the 
baseline and one-year follow-up data.  
 

7.3.4 Results 
A total of 776 healthy control subjects (383 males) were included in our analyses (125 from Dublin, 651 
from the Cam-CAN database, with a mean age of 55.08 years (SD: 17.63y). The mean age of the 45 PMS 
patients (20 males) at baseline was 66.07 years (+/–6.52), the mean interval between their acute 
poliomyelitis infection in infancy and their initial brain scan was 62.75 years. The mean age of the 61 
ALS patients (43 males) was 60.20 (+/– 9.62 years), and their mean symptom duration was 43 months. 
The age profile of the 23 PLS patients (12 males) was 58.52 years (+/– 9.79 years) and mean symptom 
duration 52 months. In accordance with the demographic matching procedure (Tahedl et al., 2021), 82 
individualised reference groups were generated. The cross-sectional comparisons of CT maps between 

Figure 7.3.1 Cortical thickness patterns based on 
vertexlwise permutation testing and corrections for age 
and gender in poliomyelitis survivors (left column), ALS 
(middle column) and PLS patients (right column). 
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PMS patients and HCs (Figure 7.3.1) 
revealed significant cortical thinning of the 
bilateral superior temporal gyri, the bilateral 
medial posterior cingulate cortices (PCC), 
the right anterior cingulate cortex (ACC) and 
parts of the left frontal cortex. Intriguingly, 
we observed increased thickness in the 
bilateral sensorimotor cortices, as well as 
parts of the bilateral medial visual cortices 
and the right frontal cortex. In ALS patients, 
cortical thinning was most evident in the 
bilateral motor cortices, left frontal and 
bilateral temporal cortices, as well as 
bilateral PCC and right ACC. Small regions of 
thicker cortex were also observed in the 
right pre- and frontal cortices. In PLS, 
cortical thinning was most evident in the 
bilateral motor cortices as well as 
widespread frontotemporal regions. Small 
regions of thicker cortex were observed in 
the right rostral middle frontal and the right 
medial orbitofrontal cortex. The mosaic-
based CT analysis resulted in individual 
subject brain maps, indicating regional 
cortical changes with respect to subject-
matched controls. Representative patient 
maps are shown in Figure 7.3.2 to illustrate 
individual cortical patterns across the 
timepoints.  

 

7.3.4.1 Inferential statistics of the mosaic 
brain maps 

Permutation testing was used to infer which 
cortical regions were significantly ‘thin’ or 
‘thick’ in each phenotype. As illustrated in 
Figure 7.3.3, PMS patients exhibit ‘thick’ 
patches (red-yellow) around the bilateral sensorimotor cortices. A cluster of atrophic patches (blue-light 
blue) was observed in the right temporal cortex, in addition to thin patches scattered across the cortex. 

Figure 7.3.2 The ‘mosaic-based’ approach permits the 
evaluation of individual patient scans with respect to age-
and gender matched controls. ‘Thin’ regions are colour-
coded in blue and ‘thick’ regions in red. Representative 
examples of individual patients are shown at baseline and 
follow-ups in (A) a poliomyelitis survivor (B) ALS patient 
and (C) a PLS patient. 
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In ALS and PLS, atrophic patches dominate the 
entire cortical surface, with only occasional 
‘thick’ patches observed in middle frontal and 
inferior precentral areas in PLS.  
 

7.3.4.2 Cross-sectional group comparisons  
Significant cross-sectional differences were 
noted in all six dependent variables (Figure 
7.3.4a–f): (i) whole-brain thin patches (F(2) = 
24.51, p =  1.02e-09), (ii) motor-cortex thin 
patches (F(2) = 38.16, p = 1.1e-13), (iii) whole-
brain thick patches (F(2) = 6.468, p = 0.0021), 
(iv) motor-cortex thick patches (F(2) = 7.717, p 
= 6.9e-04), (v) whole-brain thickness (F(2) = 
20.20, pcorr =  2.55e-08), and (vi) motor-cortex 

thickness (F(2) = 32.50, pcorr = 4.482e-12). Post-hoc Tukey’s HSD confirmed differences in the following 
pairwise comparisons at p < 0.05: (i) whole-brain thin patches: PMS (mean 56.07, SD 46.92) < ALS (98.90 
+/– 87.64) (p = 0.02061), PMS < PLS (200 +/– 107.77) (p = 0.0000), and ALS < PLS (p = 3.0e-06); (ii) motor-
cortex thin patches: PMS (5.62 +/– 4.69) < ALS (14.43 +/– 14.74) (p = 0.0022), PMS < PLS (34.65 +/– 
18.12) (p = 0.0000) and ALS < PLS (p = 0.0000); (iii) whole-brain thick patches: PMS (31.53 +/– 33.97) > 
PLS (9.7 +/– 9.09) (p = 0.0016); (iv) motor-cortex thick patches: PMS (7.27 +/– 6.81) > ALS (4.51 +/– 4.76) 
(p = 0.0261), PMS > PLS (2.09 +/– 3.03) (p = 0.0007); (v) whole-brain thickness: PMS (2.34mm +/– 
0.09mm) > PLS (2.2mm +/– 0.11mm) (pcorr = 1.8e-06), ALS (2.31mm +/– 0.11mm) > PLS (pcorr = 0.0001); 
(vi) motor-cortex thickness: PMS (2.31mm +/– 0.11mm) > ALS (2.25mm +/– 0.13mm) (pcorr = 0.0293), 
PMS > PLS (2.09mm +/– 0.11mm) (pcorr = 0.0000), ALS > PLS (pcorr = 5.0e-07). 

 

7.3.4.3 Longitudinal analysis using linear mixed effects models 
Longitudinal progression of the six DVs was evaluated using linear mixed effect models (Figure 7.3.5a–
f). We found that for thin patches and raw cortical thickness – but not for thick patches – the main effect 
“Time” was significant, showing an increase of the thin-patch count and a decrease of CT over time 
across the diagnoses groups [whole-brain thin patches: t(235) = 2.2956, p = 0.0226; motor-cortex thin 
patches: t(235) = 2.4767, p =  0.0140; whole-brain CT: t(234) = -4.1241, pcorr =  0.0000; motor-cortex CT: 
t(234) = -5.1505, pcorr = 0.0000). Additionally, we found a main effect “Diagnosis” for the thin-patch 
count (Fig 5A–5B), separating both PMS and PLS from ALS, both for the whole-brain as well as the 
restricted motor-cortex count (whole-brain PLS: t(126) = 4.1607, p = 0.0001; whole-brain PMS: t(126) = 
-2.5651, p = 0.0115; motor-cortex PMS: t(126) = -3.1327, p =  0.0022; motor-cortex PLS: t(126) = 5.4094, 
p = 0.0000). In contrast, for the thick-patch count (Figure 7.3.5c–d), we observed no main effect of time, 

Figure 7.3.3 Baseline cortical characteristics in 
poliomyelitis survivors (left column), ALS (middle 
column) and PLS using the ‘mosaic approach’.  
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and in terms of the main effect of diagnosis, 
only the PMS group differed from the ALS 
group (whole-brain: t(126) = 2.1188, p = 
0.0361; motor-cortex: t(126) = 2.8325, p = 
0.0054). For the standard approach (Figure 
7.3.5e–f, the main effect “Diagnosis” was 
evident for PMS vs. ALS patients (t(125) = 
2.9811, pcorr = 0.0035), as well as PLS vs. ALS 
patients for the whole-brain analysis (t(125) = 
-3.8097, pcorr = 0.0002); likewise for the 
restricted motor-cortex analysis, both PMS 
and PLS patients differed from ALS (PMS vs. 
ALS: t(125) = 3.8037, pcorr = 0.0002; PLS vs. ALS: 
t(125) = -4.9094, pcorr = 0.0000). Given the 
differences in the available follow-up scans in 
the different study groups, an supplementary 
analysis was conducted only taking into 
account the baseline and one-year follow-up 
data in PLS and ALS patients. This LME revealed 
significant interaction effects of Time x 
Diagnosis, for both whole-brain (t(48) = 
2.3004, p = 0.0258) and motor-cortex-only 
(t(48) =  2.6795, p = 0.0101) thin-patch count. 
For standard CT values, whole-brain average 
CT revealed significant differences (t(48) = -
2.4035, p = 0.0202), while the restricted 
motor-cortex analysis only approached 
significance (t(48) = -1.9350, p =0.0589). 
 
7.3.5 Discussion  
Our findings indicate divergent cortical 
signatures in UMN-predominant, LMN-
predominant and mixed UMN-LMN MND 
phenotypes. Our results also reveal co-existing atrophy and increased cortical thickness in MND, in both 
LMN- and UMN-predominant phenotypes. Additionally, our results confirm the feasibility of individual 
patient MRI interpretation using patient-specific normative data sets.  
Longitudinal imaging in MND is one of the few ways to characterise progressive pathological changes in 
vivo to evaluate propagation patterns, verify concepts of disease-biology, and validate staging systems 
(Rangariroyashe Hannah Chipika et al., 2019; Müller et al., 2016, 2020). Longitudinal imaging studies 
have been published in symptomatic ALS patients and asymptomatic mutation carriers, but the majority 
of studies lacked disease controls and relied solely on healthy aging populations for data interpretation 
(Querin, Bede, et al., 2019). With few exceptions (Clark et al., 2017), no robust longitudinal studies have 
been published in PLS, despite the long course and relatively good prognosis associated with the 
condition. Based on clinical observations, there is a notion that PLS may be slowly progressive compared 
to ALS, but no robust quantitative imaging studies exist to support this notion (Finegan, Chipika, Shing, 
et al., 2019). Recent post-mortem studies confirmed both motor cortex and extra-motor TDP-43 

Figure 7.3.4 Cortical thickness over the entire brain 
and in the motor cortex in poliomyelitis survivors 
(green), ALS (blue) and PLS (red). Box-plots represent 
the interquartile range and whiskers indicate IQRx1.5. 
Tukey’s honestly significant difference testing was 
used for post-hoc pairwise comparisons: (*) indicates 
p-values < 0.05 (**) indicates p-values < .001.  
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pathology in PLS (Mackenzie & 
Briemberg, 2020) and 
neuropsychology studies also 
highlighted considerable cognitive 
deficits (de Vries et al., 2019). It is 
increasingly recognised that similarly 
to ALS (Burke, Pinto-Grau, et al., 2016), 
PLS is also associated with 
considerable extra-motor 
manifestations (Finegan et al., 2021).  
Imaging studies in PLS have largely 
revealed comparable cerebral 
signatures in ALS and PLS with the 
shared involvement of the PMC, 
brainstem, cerebellum, CSTs and CC 
(Bede et al., 2019, 2020; Müller et al., 
2012; van der Graaff et al., 2011). Very 
few PLS studies suggested 
distinguishing radiological changes 
from ALS; and these proposed that 
contrary to ALS, the postcentral gyrus 
may spared (Finegan, Chipika, Li Hi 
Shing, et al., 2019) and the subcortical 
signature of PLS may be different from 
ALS (Rangariroyashe H Chipika, 
Finegan, et al., 2020; Finegan, Li Hi 
Shing, et al., 2019; Finegan, Hi Shing, et 
al., 2020). Some studies suggest 
greater PMC atrophy (Kiernan & 
Hudson, 1994; Menke et al., 2018; van 

der Graaff et al., 2010) and more marked CST degeneration in PLS (Agosta, Galantucci, et al., 2014; van 
der Graaff et al., 2011) than in ALS, but others have not replicated these findings (Ferraro et al., 2017; 
Müller et al., 2018). Given the relative lack of convincing cross-sectional differences between ALS and 
PLS, longitudinal studies may be better suited to capture distinguishing features (Christidi, Karavasilis, 
Rentzos, et al., 2018). The distinction of PLS and ALS is hugely important in the first years of symptom 
onset, as there is often a diagnostic dilemma in early PLS, and apprehension that a patient with UMN-
predominant symptoms may transition to ALS (Finegan, Li Hi Shing, et al., 2020; Finegan, Siah, et al., 
2020; Turner et al., 2020; Yunusova et al., 2019). 

MNDs include a range of LMN-predominant conditions (Lebouteux et al., 2014) including 
progressive muscular atrophy (PMA), Spinal muscular atrophy (SMA), Kennedy’s disease (SBMA), 
progressive bulbar palsy (PBP), monomelic amyotrophy, flail arm / flail leg syndrome etc (O Hardiman 
et al., 2016). The cerebral imaging literature of these syndromes is particularly scarce as the primary 
pathology is in the spinal anterior horns and the brainstem nuclei (Li Hi Shing, Lope, Chipika, et al., 2021; 
Li Hi Shing, Lope, McKenna, et al., 2021). Cerebral involvement PMA is controversial. Recent PMA 
studies captured cervical spinal cord atrophy (van der Burgh et al., 2019) without overt cerebral 
connectivity alterations (Basaia et al., 2020). Some PMA studies suggested decreased cerebral white 

Figure 7.3.5 Linear mixed effects models confirming that for all dependent 
variables are associated with cortical thinning (A, B, E, F), time was a 
significant predictor of worsening. In contrast, hypertrophy (C and D) was 
stable over time, showing only a main effect of “Diagnosis” with respect to 
the poliomyelitis survivors. Lines denote the best-fit line of the regressions, 
the shadowed area around the lines indicate 95% confidence intervals. 
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matter integrity (Prudlo et al., 2012) and abnormal prefrontal activation patterns (Raaphorst et al., 
2014), while others did not detect FA reductions (Cosottini et al., 2005; H. Mitsumoto et al., 2007). 
Tractography in a PMA cohort revealed FA reductions subjacent to the PMC with concomitant FA 
increase in the rostral internal capsule/corona radiata (van der Graaff et al., 2011). Post mortem studies 
have also captured corticospinal tract degeneration in patients labelled with PMA on clinical grounds 
(P. G. Ince et al., 2003) casting doubt on whether PMA can be viewed as a distinct entity. Radiological 
reports of SBMA are just as conflicting. Cerebellar, pyramidal tract, and limbic white matter 
degeneration was described by some studies (Kassubek et al., 2007; Pieper et al., 2013; Unrath et al., 
2010), but not confirmed by others (Echaniz-Laguna et al., 2005; Nelles et al., 2008; Spinelli et al., 2019). 
Varying degree of frontal lobe atrophy (Sperfeld et al., 2005) and hypometabolism (Lai et al., 2013) have 
also been described. The biomarker literature of SMAs is dominated by electrophysiology studies 
(Querin, Lenglet, et al., 2018), and existing imaging studies are strikingly inconsistent. While cerebral 
changes have been described in SMA type 0 (Mendonça et al., 2019), type II (Losito et al., 2020), and 
adult SMA variants (de Borba et al., 2020), other studies specifically highlight the lack of cerebral 
involvement despite considerable spinal cord degeneration (Querin, El Mendili, et al., 2019). 

Our findings reveal distinct cortical signatures in LMN-predominant, UMN-predominant and 
mixed MND phenotypes. The juxtaposition of the three phenotypes helps to highlight disease-specific 
traits. Poliomyelitis survivors exhibit increased cortical thickness in both motor and extra-motor regions 
revealing a unique imaging signature. This pattern is readily captured by both traditional cortical 
thickness analyses and the individualised ‘mosaic-based’ approach using subject-specific normative 
data. The co-existing patterns of cortical atrophy and cortical hypertrophy in polio survivors showcases 
the importance of two-way analyses in MND, and highlights the pitfalls of implementing hypothesis-
aligned, one-way contrasts only. The widespread regions showing increased cortical thickness in 
poliomyelitis survivors are reminiscent of other LMN conditions such as adult forms of SMA (Querin, El 
Mendili, et al., 2019). UMN-predominant MND patients were represented by a group of PLS patients in 
this study. Consistent with previous reports, they exhibit primary motor cortex (PMC) atrophy with 
additional frontotemporal involvement. It is noteworthy, that both at group-level and at individual level, 
PLS patients also show regions of increased cortical thickness. The discussion around the interpretation 
of these findings is stimulating, as PLS is an archetypal neurodegenerative condition with considerable 
disability which is relatively well-characterised with regards to TDP-43 burden (Mackenzie & Briemberg, 
2020). Despite representing the opposing extremes of the LMN-UMN spectrum, a shared feature of 
PMS and PLS is the long survival which may permit compensatory processes to take place leading to 
structural reorganisation. Adaptive cortical changes have been observed following spinal cord injuries 
(Nishimura & Isa, 2009), in response to repetitive tasks, arduous physical training, dexterity associated 
with musical instruments, and association with cognitive training. Adaptive motor cortex changes have 
been consistently noted after unimanual training (Sale et al., 2017), aerobic exercise (Colcombe et al., 
2006), post stroke (Sterr et al., 2013), and in professional musicians (Bruchhage et al., 2020; Gaser & 
Schlaug, 2003; Hudziak et al., 2014). Extra-motor changes have also been observed following various 
exercise regimes (Pereira et al., 2007; Thomas et al., 2016), and cognitive tasks (Lazar et al., 2005). 
Despite ample examples of cortical volume gains in a range of conditions, cortical thickness increases 
or volume gains are seldom evaluated or reported in MNDs. In the ALS cohort, we have not observed 
widespread hypertrophic regions which may be explained the shorter symptom duration of this cohort. 
Our findings also suggest that longitudinal imaging may be better suited to differentiate MND 
phenotypes than cross-sectional imaging, as propagation patterns and rate of progression may be more 
specific to MND phenotypes than a snapshot of cortical disease burden.  
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The comparable cortical disease burden observed in PLS and ALS stands in stark contrast with the much 
shorter survival in ALS. Our longitudinal analyses also demonstrate faster cortical thinning in PLS than 
ALS. These observations suggest that cortical disease burden does not drive survival, and ALS patients 
are likely to succumb to the sequelae of LMN degeneration. While hypertrophic brain regions are 
seldom reported in ALS, unaffected regions have been specifically investigated (Bede et al., 2016). 
Furthermore, some ALS studies have found divergent imaging profiles between UMN-predominant and 
LMN-predominant ALS patients (Malek Abidi et al., 2021). Even tough increased cortical thickness has 
not been reported in ALS, functional studies have consistently captured adaptive changes with the 
increasing involvement of cerebellar, subcortical and contralateral motor regions in the execution of 
motor tasks (Bede et al., 2021; Proudfoot et al., 2019).  

We presented a z-score-based approach to interpret single-patient imaging data, but several 
other methods have been successfully explored in ALS (Grollemund et al., 2019b). Wet biomarkers 
(Blasco et al., 2018; Devos et al., 2019), clinical parameters (Marwa Elamin et al., 2015; Westeneng et 
al., 2018) and MRI data (Bede, Querin, et al., 2018; Welsh et al., 2013) been used in a variety of machine 
learning applications to categorise single subjects into diagnostic (Bede et al., 2017; Christina Schuster 
et al., 2016) or prognostic groups (Grollemund et al., 2020, 2021; Christina Schuster et al., 2017). 

This study is not without limitations. Despite our dual-methodological approach, only cortical 
grey matter changes have been evaluated and white matter integrity has not been assessed in this 
study. We have no supporting post mortem data to interrogate regions of increased cortical thickness 
and assess the histological underpinnings of our imaging findings. Owing to the low incidence of PLS we 
have a relatively limited sample size at our disposal. While physiological aging is accounted for in our 
‘mosaic’ model by implementing the ‘sliding window’ approach, the availability of longitudinal control 
data would have permitted more fine-grained statistical modelling. The inclusion of additional LMN 
conditions may have helped to support our interpretation that cerebral reorganisation may occur in 
anterior horn pathologies. Despite these limitations we have demonstrated different cortical 
trajectories along the LMN-UMN spectrum of MNDs. We have also shown that cortical disease burden 
can not only be interrogated at a cohort-level but may also be meaningfully evaluated at an individual-
level. Our study draws attention to areas of increased cortical thickness which are notoriously under 
evaluated in neurodegenerative conditions despite representing an important facet of disease biology.   
 

7.3.6 Conclusions 
The longitudinal analysis of cortical disease-burden distinguishes MND phenotypes, which exhibit 
markedly differing trajectories. MND patients don’t solely exhibit cortical atrophy, but LMN-phenotypes 
in particular, show regions of increased cortical thickness as well. These changes may represent adaptive 
processes, but the post mortem correlates of these findings remain to be elucidated. Cortical disease-
burden may be interpreted at an individual-level using demographically matched normative data which 
may be particularly useful in a clinical or clinical trial setting.   
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7.4 Subproject 4: “Mapping cortical disease-burden at individual-level 
in frontotemporal dementia: implications for clinical care and 
pharmacological trials”   

(accepted at Brain Imaging and Behavior on July 20th 2021 – unpublished version) 
 
7.4.1 Abstract 
Imaging studies of FTD typically present group-level statistics between large cohorts of genetically, 
molecularly or clinically stratified patients. Group-level statistics are indispensable to appraise unifying 
radiological traits and describe genotype-associated signatures in academic studies. However, in a 
clinical setting, the primary objective is the meaningful interpretation of imaging data from individual 
patients to assist diagnostic classification, inform prognosis, and enable the assessment of progressive 
changes compared to baseline scans. In an attempt to address the pragmatic demands of clinical 
imaging, a prospective computational neuroimaging study was undertaken in a cohort of patients across 
the spectrum of FTD phenotypes. Cortical changes were evaluated in a dual pipeline, using standard 
cortical thickness analyses and an individualised, z-score based approach to characterise subject-level 
disease burden. Phenotype-specific patterns of cortical atrophy were readily detected with both 
methodological approaches. Consistent with their clinical profiles, patients with bvFTD exhibited 
orbitofrontal, cingulate and dorsolateral prefrontal atrophy. Patients with ALS-FTD displayed precentral 
gyrus involvement, nfvPPA patients showed widespread cortical degeneration including insular and 
opercular regions and patients with svPPA exhibited relatively focal anterior temporal lobe atrophy. 
Cortical atrophy patterns were reliably detected in single individuals, and these maps were consistent 
with the clinical categorisation. Our preliminary data indicate that standard T1-weighted structural data 
from single patients may be utilised to generate maps of cortical atrophy. While the computational 
interpretation of single scans is challenging, it offers unrivalled insights compared to visual inspection. 
The quantitative evaluation of individual MRI data may aid diagnostic classification, clinical decision 
making, and assessing longitudinal changes.    
 
Keywords: Frontotemporal Dementia, Cerebellum, PPA, Behaviour, MRI, Cortical thickness 
 
7.4.2 Introduction 
The majority of imaging studies in FTD stratifies patients based on clinical, molecular or genetic 
categories and describes group-specific radiological traits (Omer et al., 2017; Rohrer et al., 2011; J. L. 
Whitwell et al., 2012; Jennifer L. Whitwell et al., 2005, 2011). These data however are difficult to apply 
to individual patients is everyday clinical practice. The current role of MR imaging in the diagnostic 
pathway of FTD is limited to ‘ruling-out’ structural mimics and alternative diagnoses. MR images 
acquired in a clinical setting are typically only subjectively and qualitatively interpreted with regards to 
atrophy (Adachi et al., 2004; Aizpurua et al., 2019; Baez et al., 2014; Campanella et al., 2014; De 
Maindreville et al., 2015; Di Fede et al., 2019; Harper et al., 2014; Kito et al., 2009; Kotagal et al., 2012; 
McKeon et al., 2007; Mueller et al., 2018; MUQIT, 2001; Nishio et al., 2003; Way et al., 2019; Younes et 
al., 2018). This is a missed opportunity, as raw MRI datasets contain rich, spatially coded information 
with regards to cortical thickness, subcortical volumes and white matter integrity that cannot be 
meaningfully appraised on visual inspection. In contrast, computational imaging offers objective, 
observer-independent, reference-based quantitative image interpretation (Christidi, Karavasilis, 
Rentzos, et al., 2018). The potential translation of quantitative MR analysis frameworks to routine 
clinical practice may offer a number of practical benefits, including the generation of individualised 
atrophy maps, the objective assessment of longitudinal changes, and the classification of single scans 
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into likely phenotypic categories. Ultimately, quantitative imaging may enable ‘ruling-in’ patients into 
specific groups, as opposed to merely ‘ruling-out’ differential diagnoses (Bede, Querin, et al., 2018; 
Grollemund et al., 2019b). From a practical point of view, MR platforms are widely available, MR imaging 
is non-invasive, relatively cheap, and a multitude of open-source software are available for 
computational data analyses (Du et al., 2006). Access to 18F-FDG PET imaging on the other hand may 
be limited and the costs of routine PET imaging may be prohibitive in some health care systems 
(McMahon et al., 2003; Shivamurthy et al., 2015).  

The current diagnostic approach to FTD subtypes – bvFTD, ALS-FTD, nfvPPA, svPPA - requires 
meeting specific clinical criteria and a definitive diagnosis may only be confirmed in vivo by identifying 
a pathogenic genetic mutation or typical histopathological findings (Brettschneider et al., 2013; Geser 
et al., 2009; Gorno-Tempini et al., 2011; Hodges et al., 2010; Perry et al., 2017; Rajagopalan & Pioro, 
2015; Rascovsky et al., 2011; Snowden et al., 2007; Strong et al., 2017). The recent development, 
optimisation and validation of serum and CSF biomarkers panels will not only aid diagnostic classification 
but help the exclusion of alternative neurodegenerative diagnoses such as Alzheimer’s pathology (R. M. 
Ahmed et al., 2014; Blasco et al., 2018; Devos et al., 2019; Meeter et al., 2019; Paterson et al., 2018; 
Rascovsky et al., 2011; Steinacker et al., 2017; Swift et al., 2021). As with all diagnostic criteria, there 
are practical shortcomings with regards to sensitivity and specificity: some symptomatic patients do not 
meet proposed thresholds for diagnosis, despite subsequent pathological confirmation. In a subset of 
FTD cases, the diagnosis may never be reached in vivo, or a considerable diagnostic delay is experienced 
(Harris et al., 2013; Piguet et al., 2009). Diagnostic uncertainty often creates undue stress for the patient 
and their family. The insidious onset of apathy, lack of interest and social withdrawal may be mistaken 
for depression, amongst other misdiagnoses (Besser & Galvin, 2020; Rasmussen et al., 2019). Early 
behavioural symptoms may be difficult to articulate, which is further complicated by the disparity in 
those perceived by the patients and their caregivers. Early cognitive deficits may also be difficult to 
identify, particularly due to the masking effect of cognitive reserve and the lack of sensitivity of generic 
screening instruments (Marwa Elamin et al., 2017; Rasmussen et al., 2019). Primary care physicians may 
reassure patients and caregivers based on neuropsychological screening tests and a ‘grossly’ normal MR 
imaging whilst awaiting lengthy specialist referrals (Rasmussen et al., 2019). Diagnostic delay in 
neurodegenerative conditions has a number of adverse implications. From a patients’ perspective, 
timely diagnosis is important to inform realistic expectations over coming years (Spreadbury & Kipps, 
2019). It helps to guide targeted genetic testing that may be of significance to other family members. 
Accurate and early diagnostic classification enables prompt multidisciplinary team referrals and 
appropriate lifestyle adjustments with regards to employment, finances, driving, and childcare 
(Spreadbury & Kipps, 2019). In those with language impairment, there is a critical time-window to 
explore alternative communication options e.g. ‘voice-banking’ to create a digital library for assisted 
communication devices (Fried-Oken et al., 2015). A timely diagnosis is also important for resource 
allocation and advanced care planning to ensure that the patients’ end-of-life preferences are 
recognized (Harrison Dening et al., 2019). Early diagnostic categorisation is also indispensable for the 
timely inclusion of patients in clinical trials, which in turns enables longer follow-up (Finegan, Chipika, Li 
Hi Shing, et al., 2019). Based on these considerations, we have undertaken a quantitative imaging study 
across the spectrum of FTD phenotypes to test a framework to interpret cortical atrophy patterns at 
both individual- and group-level.   
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7.4.3 Methods 
7.4.3.1 Recruitment 
A total of 227 participants were included in this study; 12 patients with non-fluent variant primary 
progressive aphasia (‘nfvPPA’ 6 females, mean age 61.50±2.97), 3 patients with semantic variant 
primary progressive aphasia (‘svPPA’ 1 female, mean age 61.67±6.43), 7 patients with behavioural 
variant FTD (‘bvFTD’ 3 females, mean age 60.71±3.30 years, 20 ALS-FTD patients with C9orf72 
hexanucleotide expansions (‘C9+ALSFTD’ 8 females, mean age 58.65±11.22), 20 ALS-FTD patients 
without C9orf72 hexanucleotide expansions (‘C9–ALSFTD’ 7 females, mean age 59.95±7.67), 40 ALS 
patients with no cognitive impairment (‘ALSnci’ 21 females, mean age 58.70±11.33) as disease controls 
and 125 healthy controls (HC). Methods for screening for GGGGCC hexanucleotide repeat expansions 
in C9orf72 have been previously described (Byrne et al., 2012; Rangariroyashe H. Chipika, Christidi, et 
al., 2020). All participants provided written informed consent in accordance with the ethics approval of 
the Ethics Medical Research Committee of Beaumont Hospital, Dublin, Ireland. 651 additional HCs were 
also included from the Cambridge Center for Ageing and Neuroscience (Cam-CAN) data base resulting 
in a total of 776 healthy controls (HC: 393 females, mean age 55.08±17.63 years) (Shafto et al., 2014).  
 

7.4.3.2 Imaging pulse sequences 
All local participants were scanned with uniform scanning parameters on a 3 Tesla Philips Achieva 
scanner using an 8-channel receiver head coil. As described previously (Bede et al., 2019), a 3D Inversion 
Recovery Prepared Spoiled Gradient Recalled Echo (IP-SPGR) pulse sequence was utilised to acquire T1-
weihted images. Acquisition details: repetition time (TR) / echo time (TE) = 8.5/3.9 ms, inversion time 
(TI) = 1060 ms, field-of-view (FOV): 256 x 256 x 160 mm, spatial resolution: 1 mm3. To assess vascular 
white matter lesion load FLAIR images were also acquired from each participant. The Cam-CAN control 
subjects were scanned with a T1-weighted MPRAGE sequence on a 3T Siemens Magnetom TrioTrim 
scanner at the University of Cambridge, using the following image acquisition parameters: TR/TE 
2.25/2.99 ms, TI 900 ms, FOV= 256 x 240  x 192 mm; spatial resolution 1 mm3 (Shafto et al., 2014). 
 
Pre-processing 
All subjects’ T1-weighted data were first pre-processed with FreeSurfer’s recon-all pipeline to 
reconstruct and parcellate the cortical surface and generate a cortical thickness (CT) map, which 
estimates CT at each vertex point of the cortical surface. All CT maps were subsequently transformed 
to the CIFTI file format at a 32k resolution per hemisphere (Connectivity Informatics Technology 
Initiative (Marcus et al., 2011; Van Essen et al., 2013), using the Ciftify toolbox (Dickie et al., 2019). 
Finally, each subject’s CT map was parcellated into 1000 equally-sized patches, or ‘mosaics’, using a 
local-global cortical parcellation scheme proposed by (Schaefer et al., 2018), which further refines a 
previously published 7-brain-network cortical parcellation framework published by (Yeo et al., 2011).  
 

7.4.3.3 Statistical analysis: The standard approach  
A one-factorial, two-level, between-subjects comparison was first conducted between each patient 
group and controls controlling for age and gender. To correct for alpha-level inflation, we used a Monte-
Carlo permutation procedure to obtain family-wise error-corrected (FWER) p-values (5000 
permutations; thresholded at the voxel-level). These analyses were ran within the SPM-based 
toolbox (http://www.fil.ion.ucl.ac.uk) Multivariate and repeated measures (McFarquhar et al., 2016). 
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7.4.3.4 Statistical analyses: the ‘mosaic’ approach 
To appraise cortical thinning at an individual level, each CT map was rated with respect to an age- and 
sex-matched control group. Since neurite density varies significantly across the cortex (Fukutomi et al., 
2018), CT was averaged across small ‘mosaics’, defined by a 1000-patch atlas. For each mosaic, null 
distributions were built non-parametrically as follows: First, the average CT value of each HC was z-
scored with respect to all remaining controls to obtain a distribution at the size of the control group. 
Likewise, an individual patient’s CT was z-scored with respect to all HC. P-values reflecting expected 
probabilities of cortical thinning were then calculated by counting how many values in the control 
distribution were smaller than the observed patient’s and dividing that count by the number of subjects 
in the control group. We considered mosaics with p-values ≤ 0.05 as significantly thin or ‘atrophic’. To 
account for confounding effects of age and gender (Trojsi et al., 2020), we customized the reference 
groups: For each patient, we only included age- and gender-matched controls from the mixed control 
cohort (in total 776 HC). ‘Age-matched’ was defined as +/– 2 years from the patients’ age. As 
demonstrated before (Tahedl et al., 2021), this strategy successfully corrects for variance introduced by 
demographic confounders. This strategy generates a binary atrophic/not-atrophic label to each cortical 
mosaic with reference to demographically matched controls, enables the calculation of the number of 
‘significantly thin’ mosaics throughout the cortex, as well as its fraction with respect to all evaluated 
mosaics. To co-validate the output of this method with the ‘gold standard’ approach we juxtaposed our 
findings with standard cortical thickness analyses. 
 

7.4.3.5 Inferential statistics of ‘mosaic’ maps 
The output maps of the mosaic approach can be readily visualized for individual patients indicating 
whether a cortical region (mosaic) is atrophic (‘hit’) or not with respect of demographically matched 
controls. (Figure 7.4.2). However, these outputs can also be at group level; we employed a Monte-Carlo 
permutation testing scheme to compare each of the clinical groups to HCs. In brief, we first generated 
a matrix with the dimensions of nPatients x nmosaics for each clinical group, indicating for each element either  

Figure 7.4.1 ’Standard’ cortical thickness analyses using voxelwise permutation testing, corrected for age and gender; family-
wise error corrected p-maps are presented for the six clinical groups with reference to healthy controls. NCI: ALS patients with 
no cognitive impairment, C9+: ALS-FTD patients with C9orf72 hexanucleotide expansions, C9-: ALS-FTD patients without 
C9orf72 hexanucleotide expansions, bvFTD: behavioural variant FTD, nfvPPA: non-fluent variant primary progressive aphasia, 
svPPA: semantic variant primary progressive aphasia 
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the presence (‘1’) or absence (‘0’) of regional atrophy. We then shuffled that matrix 100,000 times 
across mosaics, whereby we saved the count of patients with 1s at each iteration. As a result, we 
obtained non-parametric distributions, comprised of 100,000 values per mosaic, based on which FWER 
p-values can be calculated by counting the number of values exceeding the observed number of hits in 
the data and dividing that count by the number of iterations. We considered p-values ≤ 0.05 as 
statistically significant. Mathematical analyses were conducted within MATLAB version R2019b (The 
Mathworks, Natick, MA, USA). 

 

7.4.3.6 Between group contrasts 
Based on the ‘mosaic’ approach, a one-way, six-level analysis of variance (ANOVA) was conducted to 
ascertain differences among means of whole-brain thin-patch-fractions between the clinical groups. 
Based on the ‘standard’ approach, the means of raw CT values were also compared with the inclusion 
of age and gender as covariates (ANCOVA), since, as opposed to the mosaic approach, these are not 
inherently accounted for. As the ANOVA/ANCOVA revealed statistically significant effects, post-hoc 
testing was conducted. Tukey’s honestly significant difference testing (HSD) using type III errors were 
utilised for pairwise comparisons. For post-hoc testing, age was converted into a categorical variable by 
assigning each patient to one of six separate age groups, since only categorical confounders can be 
accounted for in Tukey HSD. All statistical analyses were conducted within RStudio (version 1.3.1093, R 
Core Team, R Foundation for Statistical Computing, Vienna, Austria).  

 

7.4.3.7 Region-of-interest statistics 
To further characterise regional disease-burden, we calculated fractional thin-patch-counts for four 
large regions of interest (ROIs): motor cortex (i.e. pre-/paracentral gyri), parietal, temporal and frontal 

Figure 7.4.2 Individual data interpretation in single patients using the ‘mosaic’ pipeline; representative 
examples are shown from each clinical groups. Blue colour indicates cortical thinning with respect to 
demographically matched controls. Radar charts indicate the fraction of affected ‘mosaics’ in frontal, 
parietal, temporal and motor cortices as well as over the entire cortex. NCI: ALS patients with no 
cognitive impairment, C9+: ALS-FTD patients with C9orf72 hexanucleotide expansions, C9-: ALS-FTD 
patients without C9orf72 hexanucleotide expansions, bvFTD: behavioural variant FTD, nfvPPA: non-
fluent variant primary progressive aphasia, svPPA: semantic variant primary progressive aphasia. 
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cortices. The 1000-patch mosaic-parcellation was overlaid the anatomically-defined Desikan-Killiany 
atlas (Figure 7.4.4a) resulting in 122 mosaics in the motor, 185 in the parietal, 150 in the temporal and 
200 in the frontal cortices. For each patient, we calculated the fraction of atrophic mosaics, and 
averaged that fraction across subjects in each clinical subgroup. To highlight the preferential 
involvement of main brain regions in each phenotype, we generated radar plots (Figure 7.4.4b), in which 
whole-brain fractional thin-patch-counts were also incorporated. Regional radar plots were also 
generated to characterise regional involvement in individual patients (Figure 7.4.2).  

7.4.4 Results 
Standard cortical thickness analyses confirmed subgroup-specific patterns of cortical atrophy consistent 
with the clinical diagnosis (Figure 7.4.1). The ‘mosaic-based’ approach has successfully generated 
individual atrophy maps for each patient with reference to controls (Figure 7.4.2). Group-level 
observations could also be inferred from the ‘mosaic-based’ approach following permutation testing. 
(Figure 7.4.3) These results were anatomically consistent with the outputs of the ‘standard approach’. 
(Figure 7.4.1). Group-level traits deduced from the ‘mosaic-based’ approach produced more focal and 
better demarcated atrophy maps than those generated by the standard approach. This is best 
demonstrated by the C9+ALS-FTD group where atrophy is not just more widespread than the C9–ALS- 
FTD group, but the precentral gyrus is more affected. Cortical atrophy patterns derived from the 
‘mosaic-approach’ are also more focal and less noisy in the nfvPPA group than the in the maps 
generated by the standard approach.  

 
Both the ‘mosaic’ and the ‘standard’ approach indicated intergroup differences (Figure 7.4.4a/c) 
(mosaic approach: F(5) = 14.86, p = 8.73e-11; standard approach: F(5) = 14.89, p = 9.50e-11). Post-hoc 
testing revealed that least affected study group was ALSnci compared to all the other diagnostic 
categories (Figure 7.4.4b). ALSnci vs. C9–(0.202 +/– 0.132), padj = 1.76e-04; ALSnci vs. C9+(0.214 +/– 
0.100), padj = 2.54e-05; ALSnci vs. bvFTD (0.208 +/– 0.076), padj = 2.01e-02; ALSnci vs. nfvPPA (0.321 +/– 
0.121), padj < 0.0001. The same pattern was observed for the standard approach (Figure 7.4.4d), where 

Figure 7.4.3 Inferential statistics; group-level atrophy patterns derived from the ‘mosaic’ approach. Family-wise error-corrected 
p-maps are presented at p<.05. For svPPA a threshold of p<.06 is shown. NCI: ALS patients with no cognitive impairment, C9+: 
ALS-FTD patients with C9orf72 hexanucleotide expansions, C9-: ALS-FTD patients without C9orf72 hexanucleotide expansions, 
bvFTD: behavioural variant FTD, nfvPPA: non-fluent variant primary progressive aphasia, svPPA: semantic variant primary 
progressive aphasia. 
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the ALSnci group exhibited higher CT in the pairwise comparisons than all other groups: ALSnci vs. C9– 
(2.24 mm +/–0.11 mm), padj = 1.85e-04; ALSnci vs. C9+ (2.23 mm +/–0.10 mm), padj = 2.86e-05; ALSnci 
vs. bvFTD (2.22 mm +/–0.09 mm), padj = 4.30e-03; ALSnci vs. nfvPPA (2.13 mm +/–0.11 mm), padj < 
0.0001; ALSnci vs. svPPA (2.17 mm +/–0.07 mm), padj = 1.61e-02.  In contrast, the most affected clinical 
group was nfvPPA, where the mean thin-patch-count fraction was not only higher than that of the 
ALSnci group, but also the C9–ALSFTD (padj = 9.45e-03) and the C9+ALSFTD (padj = 2.80e-02). Again, this 
pattern was mirrored by the standard approach, where the ALSnci group not only showed higher mean 
values than the nfvPPA group, but just as in the mosaic approach, also the C9–ALSFTD (padj = 1.72e-02) 
and the C9+ALSFTD (padj = 4.66e-02) groups. 

Our region-of-interest statistics evaluated thin-patch-count fraction per ‘ROI’ (Figure 7.4.5a) 
and confirmed the preferential involvement of ROIs in the study groups. (Figure 7.4.5b) The most 
anatomically widespread disease-burden was detected in nfvPPA (largest radius), the least pathology in 
ALSnci (smallest radius) and the most focal involvement in svPPA (temporal cortex).  

 
 
7.4.5 Discussion 

Our findings demonstrate the feasibility of interpreting single T1-weighted images from 
individual patients to generate maps of atrophy. We have shown that cortical regions can be successfully 
categorised as atrophic or unaffected in single subjects with respect to a databank of controls. A z-score 

Figure 7.4.4 The comparison of group profiles; distribution of the number of thin patches derived from the ‘mosaic 
approach’ (a) and cortical thickness values as calculated by the ‘standard approach’ (c). Group differences in the number 
of thin patches (b) and mean cortical thickness (d). * indicates post hoc intergroup difference at padj ≤ 0.05, (**) at padj ≤ 
0.001 following Tukey HSD testing. The widths of box plots indicate sample size and error bars represent 1.5 times the 
interquartile range. NCI: ALS patients with no cognitive impairment, C9+: ALS-FTD patients with C9orf72 hexanucleotide 
expansions, C9-: ALS-FTD patients without C9orf72 hexanucleotide expansions, bvFTD: behavioural variant FTD, nfvPPA: 
non-fluent variant primary progressive aphasia, svPPA: semantic variant primary progressive aphasia. 
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based approach not only enables the appraisal of cortical disease-burden in individual-subjects, but 
group-level patterns may also be inferred. The output maps of the proposed ‘mosaic’ approach are 
anatomically concordant with gold standard cortical thickness analyses. The topography of cortical 
thinning can be reported visually, numerically and in an ROI-based representation at both individual- 
and group-level. The pipeline is based on quantitative cortical thickness measurements, an atlas-based 
parcellation and is fully observer independent. In its current form it is computationally demanding, but 
all the mathematical steps utilised could be integrated into a single computer script and run either as a 
cloud-based solution or installed locally on the MR platform or data server.  

In this paper we have demonstrated the utility of this approach in FTD phenotypes, but this 
method could potentially also be utilised in neurodegenerative conditions where the ascertainment of 
cortical atrophy patterns is clinically relevant (Malek Abidi et al., 2021; Christidi et al., 2019; Finegan, 
Chipika, Li Hi Shing, et al., 2019; Nasseroleslami et al., 2019; Seo et al., 2010). The technique relies on 
the binary labelling of cortical regions as ‘atrophic’ or ‘normal’. This is fundamentally a reductionist 
approach, but given the very high number of cortical regions (mosaics), it is a successful strategy as 
demonstrated by the detection of confluent cortical areas. The generation of putative atrophy maps 
provides an instant representation of the anatomical expansion, focality and lobar predominance of 
disease burden. These colour coded maps are potentially useful to illustrate affected regions to patients, 
caregivers and members of the multidisciplinary team. This starkly contrasts with the current practice 
of pointing at presumed regions of atrophy on black and white 2D images which are difficult to decipher 
by laypeople (Harper et al., 2014). The z-score derived, ‘mosaic’ method may not only be applied to 
those with an established diagnosis, but also to those with a suspected diagnosis or pre-symptomatic 
mutation carriers to characterise disease burden distribution.  

In a clinical setting, progressive frontotemporal pathology is often monitored by validated 
neuropsychological tests (Burke et al., 2017; Burke, Elamin, et al., 2016; Marwa Elamin et al., 2017). 
Cognitive assessment however may be particularly challenging in certain FTD phenotypes, especially in 
ALS-FTD where motor disability and dysarthria may preclude the use of certain tests (Burke, Elamin, et 
al., 2016; Verstraete et al., 2015; Yunusova et al., 2019). In other FTD phenotypes, performance on 
neuropsychological testing may be confounded by mood, apathy, cognitive reserve and practice-effects 
which highlight the role of neuroimaging in tracking progressive changes (Costello et al., 2021; 
Radakovic et al., 2016).  

Quantitative cortical thickness mapping may also give additional reassurance to those who fear 
a particular diagnosis despite scoring high on neuropsychological tests (O Hardiman et al., 2016). This is 
often a significant source of anxiety for patients, particularly for those who have first-hand witnessed a 
family member or close friend carrying a certain a diagnosis. Immediate answers would provide early 
reassurance, alleviating the sense of heightened stress and anxiety. The implementation of this method 
may be relatively straightforward as most patients undergo a routine MRI brain scan as part of the 
current diagnostic pathway (Harper et al., 2014).  
 Despite the clinical rationale to devise such frameworks, our study has a number of limitations. 
The sample size of the various patient groups in this pilot study is relatively small necessitating validation 
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in larger external datasets. All patients 
in our study had an established 
diagnosis; thus, the sensitivity of this 
method needs to be further evaluated 
in those with a suspected diagnosis, 
early-stage disease or in 
asymptomatic mutation carriers 
(Rangariroyashe H Chipika, Siah, et al., 
2020; Li Hi Shing, McKenna, Siah, et 
al., 2021; Querin, Bede, et al., 2019). 
Moreover, only grey matter analyses 
were conducted, despite the 
contribution of white matter 
pathology to the clinical 
manifestations of these phenotypes 
(Bede et al., 2016; Bede, Omer, et al., 
2018; Qin et al., 2021; C. Schuster et 
al., 2016; Zhou et al., 2010). Finally, 
while our approach provides 
individualised atrophy maps, 
supervised and unsupervised machine 
learning approaches offer direct 
individual patient categorisation into 
diagnostic and prognostic groups 

(Bede et al., 2017; Grollemund et al., 2020, 2021; Querin, El Mendili, et al., 2018b; Christina Schuster et 
al., 2016).  

We envisage future applications for this methodological approach in both clinical practice and 
potentially in clinical trials. Consecutive MR datasets could be compared to the patients’ initial scan; 
allowing for the objective measurement of disease-burden accumulation and the evaluation of 
progression rates (Bejanin et al., 2020; Rangariroyashe Hannah Chipika et al., 2019; Christina Schuster 
et al., 2015). Alternative imaging metrics such as spinal cord measures, network integrity indices, white 
matter diffusivity parameters or subcortical grey matter metrics could also be readily investigated in a 
similar z-score based framework (Malek Abidi et al., 2021; Dukic et al., 2019; El Mendili et al., 2019; 
Proudfoot et al., 2019; Querin, El Mendili, et al., 2019). Future applications would require the validation 
of our findings in large multicentre studies, ideally incorporating diverse patient populations across a 
variety of neurodegenerative disorders.  

 

7.4.6 Conclusions 
Our preliminary findings indicate that T1-weighted MRI data from individual patients may be 
meaningfully interpreted and maps of cortical atrophy can be readily generated. The outputs of our 
analyses are anatomically analogous with gold standard methods. This is a promising approach to 
interpret single subject scans with viable clinical and clinical trial utility. 
 
7.4.7 Ethical approval  
This study was approved by the Ethics (Medical Research) Committee – Beaumont Hospital, Dublin, 
Ireland.  

Figure 7.4.5 Regional disease burden; cortical thinning was further evaluated 
in four atlas-defined regions-of-interest (ROIs) in the motor (blue), parietal 
(yellow), temporal (red) and frontal (green) cortices and over the entire 
cerebral cortex (a).  The fraction of atrophic ‘mosaics’ was calculated in each 
patient within each ROI with respect to the total number of mosaics 
comprising the given ROI. The distribution of disease burden in the patient 
groups is presented as radar charts (b). NCI: ALS patients with no cognitive 
impairment, C9+: ALS-FTD patients with C9orf72 hexanucleotide expansions, 
C9-: ALS-FTD patients without C9orf72 hexanucleotide expansions, bvFTD: 
behavioural variant FTD, nfvPPA: non-fluent variant primary progressive 
aphasia, svPPA: semantic variant primary progressive aphasia. 
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8 Chapter III: Concluding remarks 

8.1  Recapitulation  
With this dissertation, we aimed to demonstrate and validate a strategy for appraising cortical thickness 
(CT) changes in individual patients. Specifically, we suggest to first parcellate the cortex into small but 
roughly equally sized brain regions, or “patches”/“mosaics”, based on existing brain-wide atlases (we 
therefore referred to our approach as “mosaic-approach”). For each patch, we propose to calculate a 
normal distribution of CT values from an age- and sex-matched control group, based on which an 
individual’s CT can be z-scored patch-wise. We then propose to convert these z-scores into p-values 
using exhaustive nonparametric permutation testing. As such, individual CT profiles can be analyzed for 
signs of atrophy (specifically, we suggested to consider patches with p <= .05 as “significantly thin”, or 
atrophic). In subproject 1, we contrasted different strategies to convert z-scores to p-values and 
selected the one with the best combination of sensitivity and specificity for further validation 
(subprojects 2–4).  

Given our age-/sex-matched approach implied that confounding effects of age and gender 
should be corrected for, the successful elimination of variance associated with these factors needed to 
be formally shown, which we demonstrated in subproject 2 (studying a longitudinal data set from ALS 
patients). Central to clinical translation, we could also provide evidence in that study that information 
on disease burden, as measured by the ALSFRS-r rating scale, was maintained in the mosaic-approach.   

Another implication of our measure – which is exclusively targeting the cortex – is that it should 
mimic the degree of cortical involvement (as opposed to independent atrophic pathology, e.g. 
associated with the spinal cord). The motor neuron disease (MND) spectrum offers an excellent 
opportunity to investigate this issue, since its different clinical subpopulations yield different degrees of 
upper motor neuron (and therefore cortical) and lower motor neuron (spinal cord) involvement, which 
we contrasted in subproject 3: PLS patients, representing a mainly upper MND, Polio survivors, 
representing mainly a lower MND, and finally ALS patients, representing a mixed upper-/lower MND. 
The results suggested that, as hypothesized, the degree of upper motor neuron involvement is mirrored 
by the CT involvement as assessed by the mosaic-approach, such that PLS showed the most evident 
cortical atrophy, Polio only very little, and ALS ranged between the two extremes. Furthermore, the 
mosaic-approach also allows to look for signs of unexpectedly “thick” cortical regions (by just flipping 
the logic for detecting atrophy and assigning p-values to each patch which reflect the likelihood of its 
observed thickness rather than its thinness). Such hypertrophy might signify compensatory mechanisms 
and neurogenesis. In our study (subproject 3), only Polio survivors exhibited such hypertrophic clusters, 
differentiating that clinical population from both ALS and PLS, which is in line with clinical and 
pathological profiles of these differential diagnoses. 

Finally, to further demonstrate clinical utility, we aimed to probe whether our T1w derived 
metric was capable of detecting signs of atrophy at topographically distinct cortical regions (up until 
here we had only studied MND patients and therefore mainly motor cortex involvement). To achieve 
this goal, we considered diagnoses groups from a clinically similar (but pathologically dissimilar) and 
commonly observed comorbidity of MND-patients, namely patients suffering from different subtypes 
of frontotemporal dementia (FTD), in subproject 4. Although an umbrella term reflecting vast clinical 
(and pathological) heterogeneity, one commonality of most FTD patients is frontal and temporal 
neurodegeneration. Therefore, we knew the “ground truth” localization of pathology. And indeed, we 
found that evaluating atrophy at an individual level with our mosaic-based approach yielded the 
topographically distinct patterns of atrophy for the different subgroups as one would expect based on 
previous histological and (group-based) imaging findings.  
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In brief, in this dissertation we propose a strategy to assess cortical atrophy at a high-resolution 
level, which categorizes cortical regions of individual patients as either atrophic or not compared to 
demographically matched control subjects. We demonstrated high sensitivity and specificity of the 
method (study 1), provided evidence that it is resilient against confounding demographic factors while 
maintaining information on clinical disease burden (study 2), shown that it is sensitive to the degree of 
cortical involvement (study 3) and finally it is capable of correctly detecting atrophy at topographically 
distinct regions (study 4).  

8.2  Clinical (and general) discussion 
Our findings demonstrate the feasibility to generate individualized maps of atrophy using T1w MRI data 
from single patients. More specifically, we suggest categorizing distinct cortical regions as atrophic or 
not with respect to a matched control group. Furthermore, we demonstrated that it is viable to rely on 
external, high-quality control data to derive such matched control groups. As shown in study 2, this 
strategy is resilient to demographic confounding effects induced by age and gender, which is in line with 
previous reports highlighting the need for controlling for such variables, especially in small studies and 
in the interpretation of single data sets (Bede et al., 2014; Luders et al., 2014; Menzler et al., 2011). We 
consider it a particular strength of our mosaic-approach that information on clinical burden is 
maintained in spite of resilience to demographic variables.  

While the proposed binary labeling of cortical regions is a reductionist approach, we provided 
evidence that it’s a successful strategy by the capture of confluent cortical regions. The generation of 
putative atrophy maps provides an instant representation of the anatomical expansion, focality and 
lobar predominance of the disease burden. The resulting maps can be color-coded, indicating presence 
or absence of atrophy at distinct cortical regions (as displayed in the original associated research 
articles), which is potentially useful to illustrate affected regions to patients, caregivers and members 
of the multidisciplinary team. This overtly contrasts with the current practice of pointing at presumed 
regions of atrophy on black and white 2D images which are difficult to decipher by laypeople (Harper et 
al., 2014). This inter-rater independence is especially important to monitor patients suffering from 
neurodegenerative diseases such as ALS, since the current gold standard includes a range of subjective 
complementary measures and neurological examinations, which – despite best clinical efforts – is 
inadequate to capture gradual and subtle changes over time. Confounding factors including reporting 
bias, mood, practice effects, training  and fatigue, which ultimately compromise objectivity and 
reliability of such assessment tools, may be better respected (Burke et al., 2017; Cedarbaum et al., 1999; 
Marwa Elamin et al., 2017). Our automated and computational z-score based approach overcomes 
these limits.  

The key to the mosaic-approach, we believe, is however that it allows for interpretation of 
individual patients. This is a considerable advantage over existing methods, which mainly rely on group 
comparisons. Gray matter atrophy in neurodegenerative disorders such as ALS is typically evaluated by 
voxel-based morphometry, CT analyses or various region-of-interest (ROI) approaches (Agosta et al., 
2018; Bede et al., 2019, 2020; Rangariroyashe H Chipika, Finegan, et al., 2020; Christidi, Karavasilis, 
Rentzos, et al., 2018). ALS exhibits considerable clinical heterogeneity with respect to initial disability 
profiles, progression rates, upper vs lower motor neuron predominance and neuropsychological deficits 
(Burke, Pinto-Grau, et al., 2016; Christidi et al., 2020; Feron et al., 2018; Finegan, Chipika, Shing, et al., 
2019; Lebouteux et al., 2014), such that single data sets of individual patients cannot be readily 
interpreted – a major barrier to routine clinical use (Foerster et al., 2013). Existing imaging studies of 
ALS typically stratify patients into groups of genetically (Bede, Omer, et al., 2018; Westeneng et al., 
2016) or phenotypically (Agosta et al., 2016; Finegan, Chipika, Li Hi Shing, et al., 2019; Finegan, Li Hi 
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Shing, et al., 2019) defined cohorts to reduce the effect of disease heterogeneity before running 
comparative statistics to ascertain group-level signatures. The drawback of this approach is that the 
resulting statistical maps reflect on the specific cohort included in the study, are ‘over-fitted’ by 
definition, and reveal very little about individual patients. From a clinical perspective, the quantification 
of disease burden in individual patients as by our approach is hugely important to help diagnostic 
classification, prognostic categorization, tracking the course of the disease and potentially gauging 
response to therapy (Rangariroyashe Hannah Chipika et al., 2019). It also yields several advantages over 
existing methods to interpret individualized MRI data implementing using machine learning algorithms, 
given those require large patient samples, accurate labeling and adequate training, and yet, overfitting 
is a well-known problem (Agosta et al., 2010; Bede et al., 2017; Marwa Elamin et al., 2015; Grollemund 
et al., 2019a, 2020; Querin, El Mendili, et al., 2018a; Christina Schuster et al., 2017; Welsh et al., 2013; 
Westeneng et al., 2018). 

For validation purposes, another advantage of our method is that the mosaic-approach not only 
enables the appraisal of cortical disease-burden in individual subjects, but group-level patterns may also 
be inferred by employing permutation testing across patients (studies 2–4). This allowed us to compare 
the output maps of the proposed mosaic-approach to the gold standard, group-based, imaging CT 
analyses to demonstrate the anatomical concordance between the two methods. Moreover, the 
cerebral signatures revealed by the mosaic-approach were also in line with histologic findings of cortical 
involvement (Brettschneider et al., 2013, 2014; Mackenzie & Briemberg, 2020), independent imaging 
studies (Bede et al., 2019, 2020; Finegan, Chipika, Li Hi Shing, et al., 2019; Müller et al., 2012; Christina 
Schuster et al., 2013; van der Graaff et al., 2011) and neuropsychological findings (de Vries et al., 2019; 
Finegan et al., 2021). 

One aspect of our method which we hope will further promote clinical translation is that the  
topography of cortical thinning can be reported visually, numerically and in an ROI-based representation 
at both individual- and group-level. Although computationally expensive in its current form (requiring 
on average 6.5 hours per subject on an i9 3.6 GHz processor with 64 GB RAM2 – however parallel 
processing is possible), but all the mathematical steps utilized can be integrated into a single computer 
script and run either on a cloud-based software solution or installed locally on the MR platform or data 
server. 
 Our findings emphasize the utility of our approach for differential diagnosis: we were able to 
identify divergent cortical signatures in UMN-predominant, LMN-predominant and mixed UMN-LMN 
MND phenotypes (study 3). Our results also revealed co-existing atrophy and increased cortical 
thickness in MND, in both LMN- and UMN-predominant phenotypes. Furthermore, the utility of this 
approach for related conditions such as FTD phenotypes was demonstrated in study 4, which suggests 
that this method could potentially also be employed to diagnose or differentiate other 
neurodegenerative conditions where the ascertainment of patterns of cortical atrophy is clinically 
relevant (Du et al., 2006; M. Li et al., 2017; Seo et al., 2010). In addition, future work will need to explore 
whether the z-score derived, mosaic-approach may not only be applied to those with a suspected 
diagnosis, but also to those with an established diagnosis or pre-symptomatic mutation carriers, offering 
the opportunity to quantify the extent of disease burden. Quantitative CT mapping may also give 
reassurance to those who fear a particular diagnosis despite scoring high on neuropsychological tests. 
This is often a significant source of anxiety for patients, particularly for those who have first-hand 
witnessed a family member or close friend carrying a certain a diagnosis. Immediate answers could 

 
2 The provided processing time was observed on the PhD candidate’s machine, which is an iMac 3.6 GHz 8-core Intel i9 (2019) with 64 GB RAM 
and a Radeon Pro Vega 48 8 GB graphics card (note that eight subjects could be processed in parallel, each taking ~6.5 hours) and was not 
tested on different systems. 
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provide early reassurance, alleviating the sense of heightened stress and anxiety. The implementation 
of this method may be relatively straightforward as most patients undergo a routine T1w MRI brain scan 
as part of the current diagnostic pathway (Harper et al., 2014). Early diagnosis can not only facilitate 
distress for patients and their caregivers facing diagnostic uncertainty but also accelerate recruitment 
into clinical trials (Zhou et al., 2010; Zoccolella et al., 2006), which notoriously suffer from small sample 
sizes in relatively rare neurological conditions such as ALS. A proxy of cerebral disease burden, such as 
the extent of cortical atrophy we propose to assess herein, may have practical utility obviating the need 
for large patient cohorts. Interestingly, while the concept of individually-assessed disease burden 
quantification and monitoring is firmly integrated in the management and clinical trials of other 
neurological conditions, such as lesion load / volume measurements in MS, no comparable strategies 
have been implemented in ALS trials to date (Filippi et al., 1998). 
 Finally, two clinically interesting “by-products” of our methodological development shall be 
highlighted, namely (i) the utility of longitudinal imaging for differential pathologic characterization of 
clinical subgroups and (ii) the observation of hypertrophy in selected neurological disorders. Our 
findings from study 3 suggested that longitudinal studies may be better suited to differentiate MND 
phenotypes than cross-sectional imaging, as propagation patterns and rate of progression may be more 
specific to MND phenotypes than a snapshot of cortical disease burden. This is in line with previous 
reports that failed to provide consistent cross-sectional differences between ALS and PLS (many studies 
yield contradictory results, e.g. (Ferraro et al., 2017; Müller et al., 2018) and (Agosta, Galantucci, et al., 
2014; van der Graaff et al., 2011)), which suggests that longitudinal studies may be better suited to 
capture distinguishing features (Rangariroyashe Hannah Chipika et al., 2019; Müller et al., 2016, 2020). 
Clinically, however, the distinction of PLS and ALS is hugely important in the first years following 
symptom onset, as there is often a diagnostic dilemma in early PLS, and apprehension that a patient 
with UMN-predominant symptoms may transition to ALS.  

Furthermore, we have showcased the need for two-way analyses in MND – investigating both 
atrophy and hypertrophy – given that polio-survivors exhibited increased CT in both motor and extra-
motor regions (study 3), revealing a unique cerebral signature. This also suggests that hypothesis-
aligned, one-way contrasts may lead to skewed results. Such biases in analyses can lead to missing signs 
of adaptive cortical reorganization, which are well-known to occur especially in spinal cord injuries 
(Nishimura & Isa, 2009), in response to repetitive tasks, arduous physical training, dexterity associated 
with musical instruments, and association with cognitive training. Adaptive motor cortex changes have 
been repeatedly noted after unimanual training (Sale et al., 2017), aerobic exercise (Colcombe et al., 
2006), post stroke (Sterr et al., 2013), and in professional musicians (Bruchhage et al., 2020; Gaser & 
Schlaug, 2003; Hudziak et al., 2014). Extra-motor changes have also been observed following various 
exercise regimes (Pereira et al., 2007; Thomas et al., 2016) and cognitive tasks (Lazar et al., 2005). 
Despite ample examples of cortical volume gains in a range of conditions, CT increases or volume gains 
are seldom evaluated or reported in MNDs. Here, the mosaic-based approach may help to increase the 
awareness of such regenerative processes and potentially serve as a tool to capture and quantify brain 
repair in clinical trials (but see the final section “Future perspectives” on an extended discussion on this 
opportunity).  

8.3  Limitations 
We have proposed a framework for meaningful interpretation of single patients’ cortical thickness MRI 
data to infer on atrophy. The main idea is to first z-score an individual’s data to a matched control 
population and then assign p-values to these scores based on nonparametric permutation testing. To 
note, the idea to rate an individual’s MRI data with respect to a control population is not new, and we 
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do not want to take credit for that. For example, it has been extensively studied and tested in the AD 
literature, whereas standardized volume changes of various gray matter structures including the medial 
temporal lobe structures (Ma et al., 2016), the posterior cingulate cortex or the precuneus (Shimoda et 
al., 2015) as well as the hippocampus (den Heijer et al., 2010) were discussed as candidates for clinical 
diagnosis / prognosis. However, to our knowledge, we are the first ones to provide (i) carefully selected 
reference groups (in terms of age and gender), (ii) along with a thorough investigation of sensitivity and 
specificity of opposing permutation testing procedures for a (iii) a high-resolution parcellation of the 
cortex. Moreover, our strategy is easy-to-implement such that visualizations of potentially atrophic 
patches are simple to derive from a T1w scan. Despite the clinical rationale to devise such a method, 
this work has a number of limitations, both methodologically and clinically. We will discuss the most 
important limitations in the next sections. 
 
8.3.1 Methodological considerations 
One limitation of our currently proposed pipeline are the relatively small sample size of the various 
control groups in our pilot studies. Although we combined data from two sources (namely Cam-CAN 
and HC data from Trinity College Dublin, TCD), the smallest reference group was n = 16 (females 
between 81 and 85) and the largest n = 49 (males between 64 and 68; cf. also study 2). Given we 
assigned p-values to the z-scores in a permutation testing scheme (following a “singleton vs. group” 
design), the resulting p-values were highly discrete (Winkler et al., 2014). Although this procedure still 
produces valid tests even for small sample sizes, the smallest possible discrimination value is (n+1)-
choose-n, which is 1/17 = 0.0588 for our smallest and 1/49 = 0.0204 for our largest reference group. 
Therefore, significance could only be attributed to a patient matched to the smallest reference group if 
the observed value was smaller than all values found in the reference distribution (resulting in a p-value 
of 0.000). Such insufficient numbers of permutations may interfere with the sensitivity and specificity 
of the method, and it will be necessary for clinical translation to boost the sample size of the control 
population to produce valid results. Currently, we are making efforts to obtain control data from the UK 
Biobank and the German NAKO study (“Nationale Kohorte”) for further development.  
 Another methodological issue which needs to be investigated are the effects of the different 
scanner / acquisition parameters from the control population (in our case HCP [study 1] and Cam-CAN 
/ TCD [studies 2–4], respectively) and the patient data (in our case the TCD-derived data). In our present 
studies, we have combined HC data from Cam-CAN and TCD (whereas the HC data from TCD yielded 
the same scanner / acquisition parameters as the patients’). To get a first impression of the extent of 
the effects, we ran an analysis of covariance to investigate effects of time (i.e. ageing) on CT between 
the two scanning sites (Cam-CAN vs. TCD, see Figure 2). While we found significant main effects of site 
(TCD data being thinner by a mean value of 0.544 mm, F(1) = 66.730, p = 1.27e-15) and age (with CT 
decreasing over time, F(1) = 768.391, p = 2.6e-16), there was no significant interaction effect between 
the two factors (F(1) =  2.254, p = 0.134). This indicates that CT is decreasing with age commensurably 
between Cam-CAN and TCD subjects. However, it is important to note that given the TCD data yielded 
thinner CT to start with, atrophy might have been assigned to patients more readily. This is especially 
problematic for cross-sectional interpretation of the data and is another reason why larger and better-
matched HC cohorts need to be considered for building reference populations when aiming for clinical 
translation. Nevertheless, longitudinal CT changes are less problematic to interpret: given the reference 
data does not change, any longitudinally observed CT changes in a patient are likely attributable to true 
changes in that individual. Therefore, we believe that the tool is already now useful to progress-monitor 
an individual patient’s disease course.  
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8.3.2 Clinical considerations 
From a clinical perspective, one limitation is 
that all included patients (ALS / PLS / Polio 
survivors / FTD) fulfilled the diagnostic criteria 
for their respective condition. The inclusion of 
pre-symptomatic patients, e.g. mutation 
carriers of the C9orf72 gene, which 
predisposes towards developing ALS (Bede et 
al., 2013), would have helped to evaluate the 
detection sensitivity of our method further. 

Such subjects are hard to recruit, 
however, and hence we are currently working 
on improving another limitation of our 
method: Currently, our pipeline only 
considers supratentorial cortical regions, 
although also cerebellar and subcortical gray 
matter regions are well-known foci of 
pathology of neurodegenerative diseases 
such as ALS (Rangariroyashe H Chipika, 
Finegan, et al., 2020; Pradat et al., 2009; 
Pradat & El Mendili, 2014; Westeneng et al., 
2015). In particular, however, white matter 
pathology is an often observed clinical 
manifestation of these diagnoses (Bede, 

Omer, et al., 2018; Bede & Hardiman, 2018; Qin et al., 2021; Zhou et al., 2010). To acknowledge the 
central role of white matter pathology in neurodegenerative disorders, we aim to also provide a tool for 
meaningful interpretation of white matter microstructure alterations of single patients. The basic idea 
is very similar to what we presented herein for cortical thickness: First, null distributions for diverse 
diffusion tensor imaging (DTI)-derived scalars (including axial diffusivity, fractional anisotropy, radial 
diffusivity) for anatomically distinct tracts are built. Based on these, a single patient’s metrics can be 
rated with respect to his or her matched control population. While this is still work in progress, we show 
in Figure 3 how the results can look like: We display the results from this pipeline for a single MND 
patient (59 years, male) and show the results for radial diffusivity (left panel), fractional anisotropy 
(middle panel) and axial diffusivity (right panel). The presence of a tract is to be interpreted as 
“significant unexpected” extent of the observed DTI-metric; the color denotes the direction: red 
indicates “significantly increased”, blue “significantly decreased”. In this example, radial and axial 
diffusivity for this patient are increased for a wide number of tracts, including the tracts histologically 
found to be affected in MND such as the corticospinal tracts and cerebellar peduncles (this is in line with 
the current opinion that axial and radial diffusivity increases reflect axonal and myelin damage, 
(Winklewski et al., 2018), which is often also mirrored by decreases of fractional anisotropy (Baek et al., 
2020), as also observed in this patient). We hope that with the release of that work, we will be able to 
provide another tool for meaningful interpretation of a single patient’s MRI scan with respect to white 
matter pathology (in this case diffusion-weighted imaging) to further help clinical translation of 
advanced neuroimaging techniques.  

Here, I would like to make a brief excursion on the rationale of using DTI-derived metrics: Over the 
past years, it has emerged that those yield interpretational problems in regions of crossing fibers, such 

Figure 8.3.1. In studies 2–4, we combined reference data from two 
healthy control populations, namely the open-source repository 
from the Cambridge Centre for Ageing and Neuroscience (“Cam-
CAN”) and local data obtained at Trinity College Dublin (“TCD”; note 
that our patient data was obtained at the same scanning site as TCD 
using the identical acquisition parameters). We compared the 
evolution of cortical thickness (CT) in the two groups over time (i.e. 
ageing) in an analysis of covariance. We found no significant 
interaction effect (i.e. CT decreases similarly in both groups over 
age), however there was a main effect of scanning site, such that 
atrophy might be assigned more readily to patient data from TCD. 
This needs to be considered for cross-sectional interpretation of the 
current pipeline and suggests harmonization of acquisition schemes 
when aiming for clinical translation of the proposed method.  
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that e.g. both increases and decreases of one and the same metric can reflect pathology (Alba-Ferrara 
& de Erausquin, 2013). To overcome this limit, more advanced white matter metrics have been 
proposed, which often rely on constrained spherical deconvolution (CSD, (Tournier et al., 2008)) rather 
than the tensor model (Basser et al., 1994). Apparent fibre density and fibre-density cross section (D. 
Raffelt et al., 2012; D. A. Raffelt et al., 2017) are just two examples which target distinct fiber populations 
in a voxel (rather than all fiber population’s average, as do tensor-derived metrics) and quantify their 
morphometry. These measures have already been shown to be developmentally and clinically relevant 
(Pecheva et al., 2019) but are more sensitive as compared to tensor-derived metrics (Pannek et al., 
2018) given they are resilient to confounding by crossing fibers (Gajamange et al., 2018). These 
promising results – along with the argument that up to 90% of brain voxels contain crossing fibers 
(Jeurissen et al., 2013) – were compelling enough for the PhD candidate to delve thoroughly into the 
methods of CSD-based analyses. I have summarized my results in an extensive tutorial (along with 
complementary tutorial data) which is freely available on OSF (https://osf.io/fkyht/). This tutorial has 
been widely used in the community (currently counting > 3,200 downloads, as of July 2021) and won 
second prize at the 2018 tutorial contest of the MICCAI society (Medical Image Computing and 
Computer Assisted Intervention Society). Efforts to turn this tutorial into a protocol paper are ongoing; 
however, one intention of this work was to apply these CSD-based metrics for the proposed pipeline for 
rating single patient’s white matter microstructure. The reason why this has not been realized with the 
above-described work in progress is that CSD-based metrics require certain acquisition standards such 
that they are straightforward to interpret (b-values of > 3,000 s/mm2 have been discussed (D. Raffelt et 
al., 2012), but even higher b-values as well as multi-shell acquisition schemes should further improve 
interpretability, (Genc et al., 2020)). Unfortunately, the diffusion-weighted data we currently have 
available for developing the method is single-shell data with b-values of 1,000 s/mm2. Accordingly, we 
decided to stick with the well-characterized tensor-based metrics with these data, and progress 
development with more advanced white matter quantifications once sophisticated data are disposable.  

8.4  Future perspectives: Towards detecting brain repair? 
In this dissertation, we have repeatedly highlighted the potential utility of the here-proposed atrophy-
detection tool for clinical practice, which can aid to quantitatively progress-monitor a patient’s disease 
course. In addition, we have raised the possibility of such a measure serving as a new endpoint in clinical 
trials. In this section, we would like to discuss the rationale of the latter opportunity further.  
 We have commenced this thesis with a patient’s medical journey: Typically, once they notice 
physical problems, they go to see a general practitioner who then might refer them to a specialist if an 
accurate diagnosis cannot be derived. Once the diagnosis is established, there are guidelines which aid 
the doctor to initiate an appropriate therapy. And this is what the patient ultimately seeks – therapy to 
stop, ameliorate or ideally reverse their problems. Often, the presence of such medical guidelines is 
taken for granted – but the journey for any therapy to find a way into generally accepted guidelines is 
long and requires approval by a range of administrative bodies, such as the Food and Drug 
Administration (FDA), which can (ideally) only be satisfied by rigorous, exhaustive, scientifically- and 
medically-thorough clinical investigations. Coarsely speaking, a successful clinical trial requires evidence 
that efficacy of a new therapy outperforms that of existing treatment strategies. But what defines 
efficacy? Typically, efficacy demonstration requires comparative evaluation on a measure which 
indicates the current state of the pathology of a patient, also referred to as “biomarker”. Such 
biomarkers need to be objective, reliable and valid, in order to meaningfully mimic the degree of disease 
burden (Craig-Schapiro et al., 2009). As we have shown, the atrophy assessment tool we have proposed, 
which we referred to as mosaic-approach, meets all of these criteria; however, to be useful for revealing 
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curing aspects of a therapy – the ultimate goal of medical treatment – there need to be ways to change 
it. Therefore, it is crucial to evaluate whether cortical thickness can actually be changed by any drug 
when attempting to translate this tool as an endpoint for clinical trials where brain repair is aspired.  
 One obvious way to increase CT is to increase the number of neurons – however, for a long 
time, the common opinion was that neurons cannot be generated de novo in vivo. This notion changed 
fundamentally with experiments like the London Taxi Driver Study, where hippocampal sizes were 
shown to correlate with the navigation experiences of taxi drivers (E A Maguire et al., 2000). Many 
similar studies followed (Hüfner et al., 2010; Eleanor A. Maguire et al., 2006; Martin et al., 2007; 
Mechelli et al., 2004) – including work from our university where hyperthalamic hypertrophy was 
demonstrated in narcoleptic patients (Draganski et al., 2002) – such that nowadays it is established that 
even in adult brains, additional neurons can be generated (Bergmann et al., 2015; Boldrini et al., 2018). 
Such “neuroplasticity” is typically observed in circumscribed subcortical regions of the brain (Jurkowski 
et al., 2020), whereby the hippocampus (Augusto-Oliveira et al., 2019; Kozareva et al., 2019; Toda et al., 
2019) and the subventricular zone are (Ponti et al., 2013; Shapiro et al., 2009) among the best studied 
“neurogenic niches”. For treating or eventually curing neurodegenerative diseases such as the here-
study MND population, neurogenesis in cortical regions – crucially the primarily affected motor cortex 
– is required. But can such targeted neurogenesis be achieved? Filgrastim, a granulocyte-colony 
stimulating factor (G-CSF), has been suggested to induce also cortical neurogenesis (Schneider et al., 
2005; Wallner et al., 2015), and was recently shown to yield positive effects on survival in ALS by an 
associate research group (Johannesen et al., 2021). In that study, biomarkers reflecting stem cell 
mobilization, neuroinflammatory response but also white matter microstructure (as measured by DTI-
derived fractional anisotropy) were shown to be the main modulators differentiating G-CSF responders 
from non-responders.  

Nonetheless, it has not been evaluated in that study whether the putative neurogenesis was 
actually reflected in macroscopic CT changes. The here-proposed biomarker offers to evaluate such 
macroscopic changes, which is why we initiated a cooperation with the G-CSF study group to investigate 
CT-changes in the filgrastim-treated ALS population. In Figure 4, we demonstrate some preliminary 
results by an illustrative example from an individual patient (with the kind approval of U. Bogdahn who 
was in charge of that study) to show how our tool may be useful for clinical trials. The presented patient 
was male and diagnosed with ALS at the age of 44. He was included in the filgrastim-study and treated 
with a mean dose of 480 Mio IU/month (range 90 to 2,160 Mio IU/month, injected subcutaneously), 
mainly as five-day treatment block once or twice a month, or continuously on single days (mostly every 
second day; but see the original reference for details on the treatment plan). Every three months, he 
was invited for follow-up clinical assessments, which included a T1w MRI scan. This patient exhibited 
exceptionally long survival (> 45 months; but compare to the median survival of 15.8 months of ALS 
patients following diagnosis, (Traxinger et al., 2013)). For each consecutive scan, we z-scored the data 
as suggested herein, with respect to the patient’s age- and sex-matched male control group, with 
reference ages ranging between years [X-2; X; X+2], whereby X denotes the patient’s age at a respective 
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scan date. However, the control 
data for this analysis was only 
derived from the Cam-CAN 
control population and did not 
contain any HC from TCD (due to 
data protection policies on the 
one  hand and due to different 
scanner parameters on the 
other, as outlined in section 
“Methodological considerations” 
– note however that if mixing the 
control data from Cam-CAN and 
TCD to rate the G-CSF patient on, 
we would have mixed three 
scanner acquisition schemes / 
parameters instead of just two 
[as we did in the associated 
studies], which we considered 
too much without proper 
investigation of confounding 
effects, as discussed above). This 
however yielded even smaller 
reference groups as previously 
(also cf. section “Methodological 
considerations” for the 
problematic nature of small 
reference groups). Therefore, 
conversion of z-scores to p-
values with the proposed Monte-
Carlo permutation procedure 
would have resulted in 
unsatisfactory little (and 
potentially insufficient) numbers 
of permutations such that the 
associated p-values were not 
meaningfully interpretable, as 
discussed above. As such, for 
demonstrative purposes, we 
decided to only consider the z-
scored maps for a first 
impression of possible CT 
changes associated with G-CSF 
treatment. In spite of all these 
shortcomings, Figure 8.4.1 
suggests a highly dynamic nature 
of CT: the left panel shows the 

Figure 8.4.1. Can the mosaic-approach indicate neurogenesis? A male patient was diagnosed 
with amyotrophic lateral sclerosis (ALS) at 44 years of age and included in a clinical evaluation 
at the University of Regensburg, where he was treated with filgrastim (G-CSF), a growth factor 
believed to indirectly allow induction of neurogenesis. This patient exhibited exceptionally 
long survival (> 42 months) and was assessed for clinical follow-ups every three months. We 
applied the mosaic-approach on each of his follow-up MRI data, and show some exemplary 
time points here. The left panel shows the z-score maps from the mosaic-approach, the right 
panel the distribution of z-scores across all brain “patches”. Hot colors indicate relative thicker, 
cool colors relative thinner cortex as compared to his reference group. Of particular interest 
to the study was the relative increase of cortical thickness at his (right) motor cortex and insula 
after 18 months of filgrastim treatment (compare respective regions in B vs. the baseline 
shown in A). However, at the end of his disease (C), atrophy was evident across the entire 
cortex, such that any potential drug effects might have been outweighed by ALS pathology. 
Although merely preliminary and descriptive data, they are in line with the supposed 
molecular mechanism of filgrastim and motivate us to explore the potential utility of the 
mosaic-approach to mirror neurogenesis further. This could offer a new opportunity quantify 
in vivo neurogenesis in clinical trials for the emerging pharmacological field of 
neuroregenerative medicine. Notice also the QR code in C, which links to a video where we 
show all of the patient’s 15 follow-ups consecutively.  
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patient’s z-scored maps at some exemplary time points, the right panel shows the respective 
distributions of the z-scores across all patches; cool colors indicate relative lower, hot colors relative 
higher CT with respect to the control group. Of particular interest to this retrospective clinical study is 
the relative increase of CT in the motor cortex (especially on the right hemisphere) after 21 months of 
filgrastim treatment (notice the hot colors at the motor cortex in Fig. 4B vs. 4A). However, at the end of 
his disease and after 42 months into his diagnosis (Fig. 4C), cool colors dominated his cortex, indicating 
atrophy occurring throughout his brain. The dynamics of CT changes however really becomes evident 
when inspecting all consecutive scans, which is why we provide a video showing all 15 scans 
chronologically and which can be accessed by the QR code in Figure 4C. We are however fully aware 
that the displayed results are noisy such that statistically relevant CT changes cannot be concluded from 
these images but can at most serve exploratory purposes. However, we also believe that the suggested 
CT increase in the motor cortex might be real since it is in line with the hypothesized molecular 
mechanism associated with G-CSF (i.e. neurogenesis); moreover, the “spreading” CT decline towards 
the end of his disease is in line with the clinical presentation of this devastating disorder, with disability 
rapidly progressing over time (Bromberg, 2014). These results motivate us to investigate this tool 
further for demonstration of in vivo neurogenesis, which will require larger control populations, ideally 
obtained with the identical scanner / acquisition parameters as the patient data. We are currently 
planning to realize this in a prospective clinical trial on G-CSF with Prof. Bogdahn’s study group. One 
methodological goal of this study will be to assess whether the number of significantly “thin patches” 
or “mosaics” (and eventually also the number of thick patches) correlates with respondence to G-CSF, 
i.e. survival, as well as clinically observed disease burden. Such a demonstration would highly suggest 
the utility of the here-proposed method to evaluate slowing down of neurodegeneration and eventually 
also indicate neurogenesis. This would make our tool highly attractive for clinical trials probing therapy 
in the ever-more emerging field of CNS-regenerative medicine (Salgado, 2020).  

8.5  Conclusions 
To summarize, this dissertation suggested an inter-rated-independent tool to reliably appraise cortical 
disease burden in individual patients by rating single patient’s cortical thickness at distinct regions with 
respect to a matched control group (study 1; “mosaic-approach”). We have demonstrated that our 
method is independent of the demographic profile (but not independent of the clinical profile, study 2). 
Furthermore, it is a valid tool for quantifying the degree of cortical involvement (as opposed to e.g. 
spinal cord pathology, study 3) and lastly is powerful to detect topographically distinct atrophy patterns, 
which are in line with histological findings on the respective conditions (study 4). Sine the mosaic-
approach is merely based on T1w MRI data, which is routinely acquired as part of clinical and academic 
protocols, it offers a cheap and non-invasive way to estimate and quantify cortical disease burden, 
which can aid to progress-monitor individual patient’s disease course which in turn can aid clinical 
management. We are currently undertaking efforts to improve the tool further (including increasing the 
sample size of the reference populations and harmonizing acquisition parameters) and compliment it 
with a related tool to assess white matter pathology individually. We have high hopes that our tool 
might also be useful for pharmaceutical trials. The utility for demonstration of therapeutic efficacy is 
currently furthermore motivated by very precautious results suggesting that even neurogenesis might 
be reflected by our tool (cf. preliminary data from G-CSF study presented in part III), but such a 
correlation will require further and thorough scientific investigation, which can however be probed soon 
since the mosaic-approach is planned to be used in a prospective clinical trial on G-CSF in ALS patients. 
To conclude, we envisage ample future application for our methodological approach, both for daily 
clinical routine and clinical trials. However, future applications will require further validation of our 
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findings in larger and ideally multi-center studies, investigating various clinical subgroups across a 
variety of neurodegenerative disorders.  
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10 Appendix 

10.1  Supplementary Figure 1 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

10.2  Supplementary Table 1 

Supplementary Table 1. Cumulative sensitivity calculations for different thresholds for method 2 (in 
method 2, a label was defined “atrophic” if a certain percentage of each label’s vertices yielded pFWER < 
0.05). 

 1% 5% 10% 20% 30% 40% 50% 

Degree of atrophy required 

for detection of atrophy in 

80% of cases (sensitivity)* 

 

84% 88 % 90% 94% 98% n.a. n.a. 

* Note that lower values of atrophy suggest more sensitive methods, since they detect less 
pronounced atrophy. Abbreviations: n.a. = not available 

 

Supplementary Figure 1. Cumulative sensitivity relative to the degree of 
simulated atrophy (across vertices/brain regions), comparison between the four 
tested methods and different thresholds for method 2. In method 2, a label was 
defined “atrophic” if a certain percentage of its vertices yielded pFWER < 0.05. Here, 
the results for thresholds 1%, 5% (which is shown in the main text), 10%, 20%, 
30%, 40% and 50% are displayed.  
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10.3  Supplementary Table 2 
Supplementary Table 2. For methods 2,3 and 4, cumulative sensitivity was defined based on the degree 
of simulated atrophy a method required to sensitively detect 80% (method 2: 88%, method 3: 23%, 
method 4: 12%). However, regional sensitivity varied for that degree of atrophy. This table indicates 
which labels showed < 80% sensitivity for each method’s “crucial” degree of atrophy, along with the 
regional sensitivity detected for that degree of atrophy. 

Method 2 (88 % simulated atrophy) Method 3 (23% simulated atrophy) Method 4 (12% simulated atrophy) 

Labelname Regional 

sensitivity 

Labelname Regional 

sensitivity 

Labelname Regional 

sensitivity 

L_cuneus 75.22% L_caudalanteriorcingulate 0.7965 L_caudalanteriorcingulate 0.6903 

L_entorhinal 40.71% L_entorhinal 0.4867 L_cuneus 0.7434 

L_inferiortemporal 0.00% L_lingual 0.6549 L_entorhinal 0.5664 

L_lingual 0.00% L_parahippocampal 0.4779 L_isthmuscingulate 0.7965 

L_middletemporal 9.73% L_parstriangularis 0.6195 L_lingual 0.6726 

L_parahippocampal 2.65% L_rostralanteriorcingulate 0.4956 L_parahippocampal 0.3540 

L_pericalcarine 0.00% L_frontalpole 0.0973 L_paracental 0.7788 

L_rostralanteriorcingulate 20.35% L_temporalpole 0.2389 L_parsorbitalis 0.7788 

L_temporalpole 0.00% L_transversetemporal 0.0177 L_pericalcarine 0.6549 

R_inferiortemporal 0.00% R_bankssts 0.6460 L_rostralanteriorcingulate 0.7788 

R_lingual 0.00% R_caudalmiddlefrontal 0.5310 L_frontalpole 0.5487 

R_parahippocampal 0.88% R_entorhinal 0.6195 L_temporalpole 0.5664 

R_pericalcarine 0.00% R_parsorbitalis 0.2743 L_transversetemporal 0.7080 

R_rostralanteriorcigulate 76.99% R_parstriangularis 0.7788 R_caudalanteriorcingulate 0.7522 

R_frontalpole 76.11% R_rostralanteriorcigulate 0.2478 R_cuneus 0.6726 

R_temporalpole 44.25% R_frontalpole 0.2920 R_entorhinal' 0.5310 

  R_temporalpole 0.0619 R_isthmuscingulate 0.7788 

  R_transversetemporal 0.2389 R_lingual 0.7522 

    R_parahippocampal' 0.4867 

    R_parsorbitalis 0.7788 

    R_pericalcarine 0.5752 

    R_rostralanteriorcigulate 0.6283 

    R_frontalpole 0.4956 

    R_temporalpole 0.3540 

    R_transversetemporal 0.7080 

Abbreviations: R = right, L = left 

 


