
Publication of this thesis was financially supported by ChipSoft B.V.

Cover design & layout  Laurens de Vos
Printed by    Gildeprint Drukkerijen B.V., Enschede

© 2017 Ruben Schmidt

All rights reserved. No part of this publication may be reproduced or 
transmitted in any form or by any means, electronic or mechanical, including 
photocopy, recording, or any information storage or retrieval system, without 
permission in writing from the author.



ALS IMPRINTS ON THE BRAIN LINKED TO THE CONNECTOME

ALS afdrukken op het brein gelinkt aan het connectoom
(met een samenvatting in het Nederlands)

Proefschrift

ter verkrijging van de graad van doctor aan de Universiteit Utrecht op gezag 
van de rector magnificus, prof. dr. G.J. van der Zwaan, ingevolge het besluit 
van het college voor promoties in het openbaar te verdedigen op dinsdag 14 
maart 2017 des middags te 4.15 uur

door

Ruben Schmidt

geboren op 3 mei 1988 te Nijmegen



Promotoren: 

Prof. dr. L.H. van den Berg 
Prof. dr. J.H. Veldink

Copromotor:

Dr. M.P. van den Heuvel



Contents

1. Introduction

2. Proportional thresholding in resting-state fMRI functional 
connectivity networks and consequences for patient-control 
connectome findings: issues and recommendations

3. Kuramoto model simulation of neural hubs and dynamic 
synchrony in the human cerebral connectome

4. Correlation between structural and functional connectivity  
impairment in amyotrophic lateral sclerosis

5. Brain morphologic changes in asymptomatic 
C9orf72 repeat expansion carriers

6. Simulating disease propagation across white matter  
connectome reveals anatomical substrate for neuropathology 
staging in amyotrophic lateral sclerosis

7. White matter connectome serving as a common  
infrastructure for pathogenic protein 
propagation in neurodegenerative disorders

8. General discussion

Nederlandse samenvatting

List of publications

Dankwoord

Curriculum vitae

 

p.    7

p.  17

p.   49

p.   75

p.   97

p. 125

p. 145

p. 163

p. 173

p. 179

p. 183

p. 189





7

1. Introduction



8

Amyotrophic Lateral Sclerosis

While first described already in the early 19th century and the earliest mention of 
its current name dates back to 1874 (1), amyotrophic lateral sclerosis (ALS) long re-
mained a neurological condition receiving little attention. Only in 1939, when famous 
New York Yankees baseball player Lou Gehrig was struck by the disease, it became 
better known especially in the United States by the name of Lou Gehrig’s disease. The 
past two decades have witnessed a surge in worldwide visibility for the disease also 
known as motor neurone disease (MND) in the Commonwealth. Owing to better di-
agnosis, successful awareness campaigns and increasing research efforts, ALS is now 
widely known to be a severe, rapidly progressive neurodegenerative brain disorder 
affecting voluntary muscle control ultimately leading to immobility and respiratory 
problems. Neurological examination of ALS patients reveal both upper and lower 
motor neuron involvement: muscle weakness, fasciculations, hyperactive reflexes, 
muscle spasticity and sometimes loss of control over emotional responses. Patients 
have a median survival of three to four years from first symptom onset (2,3) and, to 
date, no effective treatment is available. 
 Besides the unknown etiology, there are many other unexplained character-
istics of ALS, e.g. the occurrence of so-called “sporadic” cases accounting for roughly 
90% of the entire patient population, with the remainder being referred to as “famil-
ial” cases having a first- or second-degree relative with the disease (4). Furthermore, 
no biological underpinnings have been found for the age of onset ranging from early 
adulthood to old age, the increasing risk with age, the 1.5:1 incidence ratio between 
males and females (5), the highly variable survival (up to 20% live over 10 years with 
the disease (6)) and the different order in symptom development with some patients 
appearing to be cognitively unaffected and others showing signs of cognitive involve-
ment up to full-fledged frontotemporal dementia (FTD) (7). From a genetics perspec-
tive ALS is just as diverse. In 1993 the first genetic mutation causing familial ALS 
(in the SOD1 gene) was discovered (8) and currently ALS-associated mutations are 
known in over a hundred different genes (http://alsod.iop.kcl.ac.uk, Amyotrophic 
Lateral Sclerosis Online genetics Database), together accounting for the genetic etiol-
ogy of about two-thirds of familial cases and 11% of sporadic cases (9). To date, the 
repeat expansion in the C9orf72 gene is the most common causal genetic mutation 
among familial cases (explaining about 40%) and also accounts for a considerable pro-
portion of sporadic cases (about 7%) (9). This same mutation has also been identified 
to cause around 25% of familial FTD cases (10,11), strongly linking FTD to ALS.  This 
large heterogeneity among clinical phenotypes and genotyping of participants on its 
way to become a routine procedure in ALS research programs has led investigators 
to consider subgroups of patients separately. Selecting more uniform participants re-
garding their phenotype and/or genotype, hypotheses of different pathogenic mech-
anisms, pathology patterns and perhaps treatment responses can be studied (12).
 On the basis of its prevalence, roughly 5 cases per 100,000 of the total popula-
tion at any point in time, ALS is classified as a rare disease (13). However, the preva-
lence is relatively low partly due to the short survival of ALS patients. The incidence, 
estimated around 2 new cases diagnosed every year per 100,000 of the total popula-
tion, or, equivalently, approximately 400 new cases per year in the Netherlands alone 
(14), therefore better reflects the impact ALS has on society. 
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 Progress in ALS research is clearly illustrated by the growing list of ALS-as-
sociated genetic mutations, better indications of environmental and lifestyle risk fac-
tors, the development of animal models and detailed in vivo descriptions of disease 
effects, however, many important questions still remain. Perhaps most importantly, 
the pathogenic mechanisms linking risk factors to the ultimate manifestation and sub-
sequent evolution of the disease are yet to be unraveled. A better understanding of 
the pathogenesis should aid the identification of therapeutic targets for which future 
medicine or treatment strategies can be designed and tested in clinical trials.

Neuroimaging in ALS

Neuroimaging techniques provide the unique opportunity for in vivo examinations 
of the structure and function of the nervous system. In ALS research the most widely 
used neuroimaging modality, and also the modality on which this thesis is based, 
is magnetic resonance imaging (MRI), covering both the structural domain of gray 
and white matter anatomy and the functional domain relating to brain activation-
al patterns. In a patient-control study design, neuroimaging enables the description 
and quantification of disease effects and, in a longitudinal setting, it allows disease 
effects to be tracked over time. The two main objectives of neuroimaging in ALS are: 
i. unraveling the pathogenic mechanism, and ii. developing a reliable and sensitive 
biomarker for disease progression. While these two objectives partly overlap, as a 
better understanding of the pathogenesis is likely to also contribute to finding an 
effective biomarker and vice versa, the respective studies are of a different design. De-
scriptive studies aiming to find differences in the brain of patients as compared with 
healthy control subjects to study patterns of disease effects, give insights into possible 
underlying mechanisms. Following-up patients over time, possible development of 
disease effects or disease progression can be assessed. Such broad, descriptive studies 
are often hypothesis generating. Biomarker studies, however, are strongly hypothesis 
driven and have a well-defined desired outcome, namely an objective measure cor-
relating with e.g. disability, disease stage or survival.  
 First MRI studies in ALS based on a few individual patients reported white 
matter abnormalities in the corticospinal tract (15), spinal cord (16) and in the corpus 
callosum (17). Later, aided by automated white and gray matter segmentation and 
parcellation software, subtle cortical thinning was detected in patients compared with 
healthy controls, primarily in the motor cortex (18,19). With increasing sample sizes 
and higher resolution data, structural and functional connectivity impairment was 
shown not to be limited to the corticospinal tract and the corpus callosum, as wider 
involvement including tracts between primary and secondary motor cortex, somato-
sensory cortex and the brain stem and even extra-motor tracts was observed (20–22).
 These MRI findings clearly indicated upper motor neuron pathology to be 
concentrated around the white and gray matter of motor areas. Many neuroimaging 
studies have attempted to link measures of cerebral involvement as potential bio-
markers to disease burden experienced by the patient, commonly measured by the 
ALS functional rating scale (ALSFRS) (23,24). While modest correlations have been 
reported between imaging markers and clinical outcome (19,25–28), a reliable and 
validated marker for disease status or progression rate is not available yet. 
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The human connectome

The term “connectome” refers to the comprehensive map of all neural connections part 
of an organism’s nervous system. In this strict definition, only one full connectome 
has been reconstructed, namely that of the roundworm C. elegans comprising 302 
neurons (29). However, in the context of human neuroscience, the connectome is 
commonly understood as a macroscopic description of the brain network, considering 
bundles of axonal projections as connections between brain regions. Diffusion 
weighted MRI (DWI) and tractography techniques for reconstructing white matter 
tracts from diffusion profiles across the brain extended the field of connectomics, the 
production and study of connectome maps, to human brain research. While the field 
of connectomics is still in its infancy – the word connectome was first coined in 2005 
(30,31) – many concepts and metrics to analyze the wiring scheme of connectomes 
have been adopted from graph theory and network science, areas of mathematics 
with a much longer tradition. In graph theory a network is represented by a graph 
defined by a collection of nodes and the set of interconnecting edges, readily applicable 
to brain regions (nodes) and interconnecting white matter pathways (edges). This 
abstract representation of the brain network is well suited for the computation of 
graph theoretical metrics (e.g. characteristic path length, clustering, small-world 
index, modularity (32)), which describe and quantify features of network organization.
 Thus far the connectome has been discussed as a structural, anatomical 
representation of the brain network. However, instead of choosing edges as white 
matter tracts, also co-activation levels between regions obtained from resting-state 
functional MRI (rs-fMRI) or other functional modalities (e.g. EEG or MEG) are 
commonly considered as edges, effectively producing a “functional connectome” 
(33–35). An edge of the functional connectome represents a functional link between 
two brain regions, assuming that the level of similarity between activation patterns 
during recording indicates involvement in a shared process. Hence, the functional 
connectome provides the opportunity to study brain dynamics and potentially gives 
more insight into the workings of the brain, while the white matter connectome can be 
seen as a static anatomical infrastructure. Integrating both structural and functional 
connectome approaches, the field is advancing to elucidate structure-function 
relationships in the brain (36–38).
 As the brain is widely acknowledged to be an integrative complex system of 
strongly interconnected and interdependent processing units, rather than a collection 
of individually operating brain regions (39,40,35), the connectome is an appropriate 
framework to study the workings of the brain. Also in disease, where effects in the 
brain commonly appear in connected circuits rather than in focal isolated sites, 
connectome approaches have proven to be fruitful (41–44). Using combined structural 
and functional connectome studies, structural damage has been linked to functional 
disease effects (45–47), further utilizing the connectome to learn about underlying 
disease processes. In ALS, connectome studies confirmed early MRI findings of white 
matter involvement in the corticospinal tracts and the corpus callosum, but also 
indicated many more tracts part of the motor network to be affected both structurally 
and functionally (48–50). 
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Disease progression

The quest for an effective biomarker to track ALS disease progression has 
increasingly turned toward neuroimaging. With larger (longitudinal) cohorts, 
higher resolution scans and more advanced software tools to analyze brain 
connectivity and morphology, neuroimaging indeed is a promising candidate 
to deliver a marker for disease progression in terms of cerebral involvement 
and potentially holds information about an individual’s disease course as well. 
However, there is a large gap between a patient’s neuroimaging phenotype (relating 
to upper motor neurons) and his/her symptom severity (lower motor neurons) 
which needs to be bridged for neuroimaging biomarkers to be of value (51).  
 In recent years, both the structural and the functional connectome have 
been studied in the context of spread of pathology across the brain in several 
neurodegenerative disorders (52,53). These types connectome of investigations 
distinguish themselves from those that study connectivity effects, i.e. connectomic 
differences between patients and healthy control subjects. Here, the healthy 
connectome is considered as the vehicle underlying observed patterns of disease 
effects, not necessarily relating to the connectome, e.g. cortical atrophy or the 
presence of neuronal inclusions. Such approaches aim for new mechanistic insights 
that contribute to a better understanding of disease progression and may ultimately 
help to explain the disease course at the individual patient level. 

Thesis outline

The aim of the work of this thesis is to better understand the role of the connectome 
in pathology and patterns of pathology spread observed in the ALS brain. The first 
two chapters following this introduction are more of a methodological and theoretical 
nature, generally applicable to connectomics in disease. In chapter 2 an often-used 
strategy to deal with between-subject density differences (total number of edges) 
in functional connectome maps known as ‘proportional thresholding’ is critically 
assessed in the context of patient versus control studies, bringing to light problematic 
consequences of this approach to group comparisons of graph metrics. The healthy 
structural connectome is taken as the basis for neural synchrony simulations using 
a Kuramoto model in chapter 3, modeling the nodes as a set of oscillators coupled 
according to the edges of the connectome. This theoretical model is used to study 
the effect of structural damage to nodes and edges to functional processes of 
synchronization. Then, chapters 4 and 5 shift focus from methodology to empirical 
findings in patient data describing ALS imprints on the brain. Structural and 
functional connectivity effects are studied by comparing patients to healthy control 
subjects in chapter 4 and, using a unique cohort of asymptomatic C9orf72 mutation 
carriers and noncarriers recruited from the same family, chapter 5 zooms in on signs 
of grey matter atrophy or connectivity impairment before clinical onset of the disease. 
ALS imprints have also been described from a histological perspective in postmortem 
studies, revealing sequential stages of protein aggregation across the brain. These 
sequential stages of neuropathology are being linked to the white matter connectome 
as an underlying infrastructure of protein propagation in chapter 6 by means of graph 
theoretical measures and in silico simulations of disease spread. Extending these 
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findings to other neurodegenerative disorders for which similar histological stagings 
have been described, chapter 7 provides evidence for the anatomical connectome to 
be a common infrastructure for pathogenic protein propagation in ALS, behavioral 
variant FTD, Alzheimer and Parkinson. A general discussion of the key findings and 
future directions relating to the work of this thesis is presented in chapter 8.
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Abstract

Graph theoretical analysis has become an important tool in the examination of the 
functional connectome and an important approach for the study of effects of brain 
dysconnectivity in neurological and psychiatric brain disorders. A typical functional 
network study involves the construction of a functional graph or network from the 
connectivity matrix, with the entries in the connectivity matrix reflecting the functional 
connectivity between brain regions assessed from correlation analysis of fMRI and/or 
EEG/MEG time-series. A common analysis step in the construction of the functional 
graph or network involves “thresholding” the connectivity matrix, selecting the set of 
edges that together form the graph on which the network organization is then evaluated 
using graph theoretical analyses. To avoid systematic differences in absolute number 
of edges, studies have argued against the use of an “absolute threshold” in case-control 
studies, and have proposed the use of “proportional thresholding” instead, in which 
a pre-defined number of strongest edges in the network are selected across datasets, 
ensuring equal network density across datasets. Here, we systematically studied the 
effect of this proportional thresholding on the construction of functional matrices and 
the subsequent evaluation of graph metrics, with a particular focus on the effect of 
this analysis step on the comparison of graph metrics in patient-control studies. In 
a few simple experiments we show that proportional thresholding can have severe 
consequences on the evaluation and comparison of graph metrics between groups. 
More precisely, we show that simple differences in the overall strength of functional 
connectivity (FC) – as often observed between patients and controls – can have direct 
consequences on binary graph metrics (global efficiency and clustering), and can 
introduce systematic and predictable between-group differences. The reasoning for 
this is the following: to include the same number of connections across datasets, in 
individual networks with lower overall FC the proportional thresholding algorithm 
has to select more edges based on lower correlations, which have a higher probability 
of being spurious and thus introduces a higher degree of randomness in the resulting 
network. Here we show across exemplary disease datasets that lower levels of overall 
FC in either the patient or control group will most often directly lead to differences 
in binary network efficiency and clustering, suggesting that differences in FC across 
subjects will be artificially translated into differences in network organization. We 
show that these network topological effects are likely to have little to do with disease 
conditions, with the same effect occurring across disorders, in a population of healthy 
controls of the Human Connectome Project, and even within single subjects. Based 
on these findings we caution against the use of proportional thresholding in network 
patient-control studies in which the groups show a significant and widespread 
between-group difference in the strength of functional connectivity (FC). We suggest 
a few simple recommendations for disease connectome studies on how to report and/
or correct for overall FC effects in patient-control studies. 

Introduction

The measurement and investigation of functional connectivity has become an 
important approach in the field of connectomics, the study of the topological 
organization of the structural and functional wiring of nervous systems (1–6). 
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Furthermore, the examination of the topological aspects of functional brain networks 
and the possibility of examining possible disruptions in network organization in 
disease has become an invaluable tool for studying brain dysconnectivity in a wide 
range of disorders (7–9). 
 A typical experimental setting to examine differences in functional brain 
network organization is the acquisition of resting-state fMRI data (or equivalent EEG/
MEG), followed by the computation of functional connectivity by means of correlation 
analysis between the measured time-series. Performing correlation analysis for all 
possible pairs of brain regions results in a functional connectivity matrix for each of the 
individual subjects, with the obtained case and control matrices often “thresholded”, 
meaning the selection of those connections that reach a certain absolute or relative 
threshold. This operation is often performed A) to remove spurious connections and 
B) to obtain sparsely connected matrices, a prerequisite for the computation of many 
graph theoretical metrics.  
 Two of the most commonly applied approaches to perform this thresholding 
include the “absolute threshold” and the “proportional threshold” approach. The 
absolute threshold approach describes the selection of those network edges that exceed 
an absolute threshold T, for example all correlations T>0.3, with (in the binary case) all 
surviving connections set to 1 and all other network connections set to 0. Although a 
simple and potentially powerful approach to reconstruct functional networks, setting 
an absolute threshold can lead to different number of network edges across datasets, 
and -importantly for patient-control studies- different levels of network density 
between control and patient cases. Network density, expressing the proportion of 
all possible connections that are present in the network (also commonly referred to 
as “graph density” or “connection density”) has been shown to have a direct effect 
on the computation of many graph metrics (10), potentially leading to statistical 
differences in network metrics between patient and control populations, effects that 
should be attributed to underlying differences in number of network connections and 
not directly to disease related differences in network topology. As such, this approach 
has been suggested to be less favorable for patient-controls studies (11).
  To overcome this issue, studies have proposed an alternative approach of 
using a proportional threshold (12–14), aiming to keep the number of connections 
fixed across all individuals, ruling out the influence of network density on the 
computation and comparison of graph metrics across groups. The proportional 
thresholding approach includes the selection of the strongest PT% of connections in 
each individual network, setting all (in the binary case) surviving connections to 1 
and other connections to 0. This selection procedure is often referred to in literature 
as an analysis in which the “density” (14,15) or “network cost” (12,13,16) is set fixed 
across patient and healthy control cases, with potential between-group differences 
in graph metrics (e.g. clustering, path length, small-worldness) assumed to result 
from differences in the topological organization of edges and not due to differences in 
number of edges. Here, we studied the effect of this proportional thresholding on the 
formation of functional networks and the subsequent computation and comparison 
of graph metrics, in particular in the case of examining patient-control differences in 
graph metrics. 

To be more specific about our study aim, we set out to investigate whether the use 
of proportional thresholding can introduce (artifactual) topological differences in 
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network structure, differences that could be attributed to underlying between-group 
differences in functional connectivity. We write this report to caution against the 
use of this approach in case-control network studies in which there is a widespread 
between-group difference in overall functional connectivity strength (FC). In the 
methods and results section of this technical report, we show that individual variation 
in overall functional connectivity (i.e. connectivity strength in network nomenclature) 
can lead to variation in binary network structure and subsequent evaluation and 
comparison of graph metrics. Patient populations often show different levels of 
functional connectivity as compared to controls (be it the result of disturbed brain 
communication, changes in neural activity and/or of increased noise, global signal or 
motion), and we show that this can have a pronounced effect on the computation of 
network global efficiency and clustering when using proportional thresholding.

This effect can be understood as follows: When setting a proportional threshold, 
the number of connections across patient and healthy control subjects is set to the 
same fixed number, leading to a fixed network cost or density across all included 
participants. In the case of a dataset in which edges show lower levels of total functional 
connectivity as compared to other datasets in the sample, this fixed network density 
can only be reached by including more low correlations to reach the required number 
of network edges1. Due to the nature of the computation of the correlation coefficient, 
lower correlations based on the same number of time-point samples are less reliable 
and this will increase the chance of including a random noisy connection into the 
reconstructed network, an effect detrimental for the computation of network metrics 
(see (17) and discussion). The inclusion of (even a few) more random network edges 
will lead to an overall more randomly wired network, reflected in higher levels of 
global efficiency and lower levels of clustering. 

While this effect may average out when averaging functional networks for example in 
studying the healthy functional connectome, in the setting of a patient-control study 
this can have severe consequences. Having lower overall functional connectivity in 
one of the groups could lead to significant differences in network structure, due to 
the inclusion of more random connections, making the network as a whole more 
comparable to randomly wired networks. The small-world model of Watts and 
Strogatz (18) shows that random edges can act as shortcuts in the network, reducing 
the overall shortest path length and lowering the chance of finding topologically 
closed local circuits. The Watts and Strogatz model illustrates that the inclusion of even 
a few random edges can strongly reduce the overall shortest path length (and thus 
strongly increase global efficiency) in the network, illustrating that graph properties 
can rapidly chance with respect to small changes in network wiring. Following this 
line of thought, in the case of a patient population showing lower overall connectivity, 
1  We assume here that all (or at least a large subset) of elements in the matrix show reduced correlations. 
We recognize that this does not always have to be the case: overall mean strength over all elements of the matrix 
can be lower while the proportionally thresholded edges across datasets are similar, for example in the situation 
in which only the set of low weighted edges show lower correlations, while the set of strongest edges show equal 
strength. Comparison of the sorted list of edge weights of two toy networks A=[0.9 0.8 0.5 0.4] and B=[0.9 0.8 0.2 
0.1] results in network B having a lower overall weight, but a proportional threshold of 50% results in 2 networks 
with equal strength across selected edges. However, in this study we assume that if overall functional connectivity is 
reduced, this is an effect caused by (on average) all edges showing a reduction in connectivity. In the results and SI 
we verify that in the empirical datasets examined in this study (on average) this is indeed the case, with the weights 
of the set of selected edges again showing significantly different correlation across groups.
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setting a proportional threshold may introduce random shortcuts which can have a 
pronounced effect on the creation of shortest paths. This will be reflected in an increase 
in network global efficiency, reduction in overall network clustering, and a network 
topology more comparable to that of random networks. Conversely, if patients show 
increased levels of functional connectivity as compared to healthy controls, this can 
lead to lower global efficiency and increased local clustering, and thus a -perhaps 
incorrectly concluded- less efficient and more locally clustered network organization 
in patients.

In what follows we show empirical evidence for this phenomenon in functional brain 
networks reconstructed using proportional thresholding. First, we illustrate the effect 
in several patient and control populations, in both fMRI and EEG derived networks. 
Furthermore, we show evidence of such case-control effects to go hand in hand with 
differences in overall functional connectivity between individuals, with topological 
differences diminishing when case and control subjects are matched on overall FC. 
Second, we explore the consequence of using proportional thresholding in functional 
networks of a population of healthy control subjects, data taken from the high-
quality HCP dataset. We show that by ordering subjects solely on their overall FC 
we can mimic typically observed patient-control effects of network differences, with 
the extent of between-group differences dependent on the difference in FC between 
groups. Third, we provide evidence that the selection of functional edges based on 
lower FC correlations is more likely to result in the inclusion of spurious connections 
into the reconstructed network showing that low correlation connections tend to 
exhibit smaller overlap with underlying brain anatomy. We conclude by making a 
few recommendations for functional network researchers to verify that their reported 
patient-control effects of disrupted network organization are not a direct result of 
underlying differences in overall connectivity strength.

Methods

By means of four simple experiments we examined and tested the effect of inter-
subject variation in overall FC on the construction of functional networks using 
proportional thresholding and the subsequent computation of the graph metrics 
of global efficiency GE, network clustering C, two metrics commonly examined in 
disease connectome studies. We focus our examination on graph metrics of binary 
versions of the derived functional networks, describing only the presence and absence 
of connections between cortical regions. We decided to focus on binary networks to 
show that differences in graph metrics between selected groups are the result of the 
topological organization of selected network edges, and not the result of differences 
in amount and/or distribution of weights across the set of selected network edges 
(although we discuss and show in the Supplemental Information that the same effect 
might occur in weighted graphs). In what follows we first describe the fMRI and 
EEG functional connectivity datasets used in this study, followed by a brief formal 
description of the examined graph metrics and the procedures used for statistical 
evaluation of between-group effects. The Results section gives a description of four 
illustrative experiments that examine the influence of overall FC on graph metrics 
and between-group effects, as well as strategies to correct for confounding effects of 
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total functional connectivity on graph metrics.

Dataset I: Schizophrenia. 
The first patient-control dataset was taken from a study on anatomical network 
connectivity and structural-functional coupling in schizophrenia patients (19), 
from which we included functional connectivity networks of 48 patients and 44 
matched healthy controls. A brief description of the construction of the functional 
connectivity matrices is given below and for details we refer to previous work of 
van den Heuvel et al. (19). Data was acquired on a 3 Tesla Philips Achieva clinical 
scanner at the University Medical Center Utrecht, using an eight-element SENSE 
receiver head-coil. Participants underwent a 45-minute scanning session, in which 
Diffusion Weighted Imaging (DWI), resting-state fMRI and an anatomical T1 scan was 
acquired. Resting-state Blood Oxygenation Level Dependent (BOLD) signals were 
recorded during a period of 8 minutes (parameters: 3D PRESTOSENSE, TR/TE 22/32 
ms using shifted echo, flip-angle 9 degrees; p/s-reduction 2/2; dynamic scan time 502 
ms, 4 mm isotropic voxel size, 32 slices covering whole brain). A T1-weighted image 
was acquired for anatomical reference (parameters: 3D FFE using parallel imaging; 
TR/TE 10ms/4.6ms; FOV 240x240mm, 200 slices, 0.75 mm isotropic voxel size). Data 
processing of the resting-state fMRI data involved realignment and co-registration 
to the T1 image, removal of linear trends and first order drifts, removal of global 
effects (regressing out the white matter, ventricle, and global mean signals, as well 
as 6 motion parameters) and band-pass filtering (0.02 - 0.12 Hz) (Figure 1c). Potential 
effects of motion were removed by means of ‘scrubbing’ (20), removing scan frames 
from the individual time-series in which significant movement was detected (see (19) 
for details). Next, tissue classification and cortical segmentation was performed on 
the basis of the T1 scan, followed by parcellation of the cortex into 68 cortical areas 
using the Desikan-Killiany atlas (21,22). Functional connectivity between each of the 
68 cortical regions (34 left hemisphere, 34 right hemisphere) was assessed by means of 
correlation analysis, computing the Pearson correlation coefficient between the time-
series of region i and region j, for all combinations of regions i and j of the Desikan-
Killiany atlas, resulting in a fully filled 68x68 FC matrix.

Dataset II: ADHD and Autism. 
Functional connectivity matrices of patients with ADHD and healthy controls were 
downloaded from the USC Multimodal Connectivity Database, describing resting-
state functional connectivity between 190 brain regions for 190 patients and 330 
healthy controls (URL:http://umcd.humanconnectomeproject.org/) (23). Functional 
connectivity matrices of patients with autism and matched healthy controls were 
taken from the same connectivity database, describing functional connectivity 
matrices between 264 regions for 42 patients and 37 matched controls. 

Dataset III: EEG Autism. 
To show that the reported effects are not specific to networks derived from resting-
state fMRI data, we also examined the effect of proportional thresholding on 
functional connectivity matrices derived from EEG recordings of autistic children 
and matched healthy control children. Data was taken from a recent EEG study (24), 
including EEG recordings and subsequent functional connectivity reconstruction in 
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a set of 12 autistic children and 19 matched healthy controls (32 electrodes, 2048Hz 
sampling rate, neutral stimuli condition) (24). In this study, functional connectivity 
was assessed by means of the phase lag index between the time-series of 32 skull 
electrodes (PLI, a metric ranging from 0 to 1, with 0 indicating no functional coupling 
and 1 indicating strong coupling, beta-band), resulting in a filled 32x32 functional 
connectivity matrix for each of the participants. 

Dataset IV: Human Connectome Project. 
Functional connectivity matrices were reconstructed for the Q3 release dataset of the 
Human Connectome Project (25,26) Q3 release, resting-state fMRI data of 473 healthy 
controls included, voxel-size 2mm isotropic, TR/TE 720/33.1 ms, 1200 volumes, 14:33 
minutes, first LR run taken here). fMRI volumes were realigned, co-registered with the 
T1 image, band-pass filtered (0.01 - 0.1 Hz), corrected for global effects by regressing 
out effects of motion (taken as the realignment parameters as described by HCP), 
global signal mean, ventricle and white matter signal, and scrubbed for potential 
movement artifacts following standard procedures (see (27,28) for all details). T1 
scans were used to parcellate the cortex into 68 cortical areas using the Desikan-
Killiany atlas (the same as in the schizophrenia dataset), after which a functional 
connectivity matrix was derived by computing Pearson correlation coefficients 
between every pair of average regional time-series. In addition, regional signal power 
was computed over the preprocessed time-series for all regions i, with total signal 
power over the entire dataset computed as the average power across all regions i. 
Finally, besides functional connectivity matrices, for each of the 473 HCP subjects an 
anatomical connectivity matrix was computed on the basis of a subject’s individual 
diffusion weighted MRI dataset for anatomical validation of thresholded functional 
connections (see experiments below). These anatomical networks were derived by 
means of Generalized Q-sampling reconstruction of the diffusion signal (allowing for 
complex fiber configurations) and deterministic fiber tracking, taken from the study 
of (29), see this report for technical details on the reconstruction.

Within-subject networks. 
To examine the effect of proportional thresholding on graph metrics of functional 
networks constructed within a single subject we divided the functional time-series 
(1200 time-points) in half and made a corresponding FC matrix of each of the two 
parts (i.e. time points 1 to 600 and time points 601 to 1200) in the exact same way as 
on the entire time-series. We chose to split one time-series in half rather than taking 
one of the other runs available in the HCP data to rule out any potential difference 
in physiological state between different runs, assuming that within one run (~15 
minutes) the physiological state of a subject would remain the same. To verify this, 
we checked across the 473 datasets that the low and high overall FC runs (see next 
paragraph for the formal definition and computation of overall FC of a matrix) were 
equally distributed across the two runs to rule out any potential systematic differences 
between the two runs (for example differences in arousal as one might argue that 
subjects are potentially more relaxed or more sleepy in the second part of a run). 
This was indeed the case (251 subjects showed the lowest FC in the first part and the 
highest in the second part (53% of total group), 224 subjects showed the highest FC in 
the first and the lowest FC in the second part (47%)). Extending this split-half analysis 
we also examined dynamical networks creating multiple FC networks by selecting 
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blocks of 100 time-points by means of a moving window across the complete time-
series (Results shown in Supplemental Materials). 
 

Overall functional connectivity. 
For each individual matrix, the overall functional connectivity of a matrix (referred 
to in this paper as overall FC) was taken as the mean of all positive values across all 
elements of the matrix. Computing overall FC across negative and positive entries (as 
well as taking absolute values) revealed similar findings.

Proportional thresholding. 
Proportional thresholding was performed on the FC matrices by selecting the PT% 
strongest connections (i.e. the strongest PT% correlations / PLI values) of the derived 
functional connectivity matrix, and setting these connections to 1, with all other 
connections set to 0. The application of a PT% proportional threshold to a functional 
connectivity matrix resulted in a binary graph with a density of PT%. In this study we 
examined a wide range of levels of PT from 35% to 1% in steps of 1% (see experiments 
below), with the application of the proportional threshold of PT=15% used to 
illustrate effects. [We note that at threshold level 1% the graph is not connected as 
there are not enough edges left to connect all nodes, and we just show these levels for 
completeness]. From now on we refer to setting a proportional threshold of PT% and 
the subsequent binarization of the matrix to make an unweighted undirected graph 
as the application of a proportional threshold of PT%.

Graph metrics. 
After thresholding, topological properties of the reconstructed binary connectivity 
matrices were quantified by means of graph theoretical analysis. We focus on the 
commonly used basic metrics of global efficiency GE and clustering C, computed as 
implemented in the Brain Connectivity Toolbox (Rubinov and Sporns, 2010). Binary 
global efficiency GE was computed as the inverse of the harmonic mean of the shortest 
path length between all nodes i and j in the network, with higher levels of GE often 
interpreted as a network topology better suited for efficient network transfer. Binary 
clustering C was computed as the ratio of the present and total possible number of 
connected triangles around a network node i, averaged over all nodes i in the network.

Random networks. 
Networks with a random placement of their edges are known to have a very short 
path length, reflected by a high GE, and sparse local connectedness, reflected by a 
low clustering C. The procedure of normalization of network metrics to values 
observed in comparable random networks is often used in an attempt to correct for 
differences in network density, as well as argued to correct for potential differences 
in overall FC between cases and controls. Although not strictly needed when 
examining proportionally thresholded binary matrices (as network size and density 
are equal across patients and control sets), we nevertheless also examined the effect 
of proportional thresholding on normalized GE and normalized C to show that 
normalization with respect to random networks does not correct for the influence of 
overall FC on network metrics. Degree preserved randomized networks, obtained by 
using Maslov-Sneppen randomization (30) were examined. For each network, GE and 
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C values were benchmarked against the values of random networks (average over a 
1,000 networks), computed as the ratio of the observed value and its randomized 
counterpart for each graph metric of interest. In the main text we focus on GE and C, 
data on normalized GE and C are provided as Supplemental Information.

Between-group comparison and statistical evaluation
Statistical evaluation of differences in graph metrics was assessed using t-tests, with 
differences between two groups (i.e. patient / controls) tested using two-sample 
t-tests and differences within individual datasets (see experiment 2 evaluating HCP 
data) tested by means of paired samples t-tests. Non-parametric testing by means of 
permutation testing (random shuffling group assignment (31,32), 10,000 permutations 
examined) revealed similar findings. We examined and statistically tested a wide 
range of proportional thresholds as well as several different patient and healthy 
controls groups to illustrate that the same effect occurs over a range of thresholds and 
across a wide range of conditions. To test across a wide range of settings and analysis 
strategies a two-sided alpha threshold of 0.05 was used.

Results

Experiment 1. In the first experiment we examined empirical differences in GE 
and C between patients and controls, using the schizophrenia, ADHD and autism 
fMRI and EEG datasets. For this we followed a standard analysis procedure for 
disease connectome studies, with individual functional connectivity matrices first 
proportionally thresholded, binarized and then analyzed with graph theory, followed 
by statistical evaluation of the derived graph metric values across the patient and 
control group.

Schizophrenia dataset. 
As expected, the population of schizophrenia patients showed significantly higher 
GE and lower C as compared to the population of controls. For example, for an 
exemplary threshold of 15%, patients showed a significantly higher global efficiency 
GE (p=0.0284, Figure 1) and trend-level lower clustering C (p=0.0523, Figure 1) as 
compared to the population of healthy controls, which is commonly interpreted as 
a more random network organization. We tested overall FC between patients and 
controls, observing a 4.8 % lower overall FC in patients (p=0.0052). Figure 1 C shows 
the effect in GE for the range of examined proportional thresholds. Examination of 
the mean overall FC of the selected network edges revealed reduced levels in the 
patient graphs as compared to the control graphs (5.3 %, p=0.0225), suggesting that 
FC was lower in patients across the entire FC matrix (see also SI for additional tests).
 Next, to test the potential influence of overall FC on the between-group 
comparison of GE and C, we ordered the set of 48 patients and 44 controls according 
to individual overall FC, with the set of controls and patients ordered separately. 
We then tested, for an exemplary proportional threshold of 15% (see below for an 
examination of the entire range between 35% and 1%) the difference in GE and C for 
a subsample of patients and controls that no longer showed a significant difference 
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in overall FC, removing one by one the remaining lowest FC scoring patient and 
the top highest FC scoring control from the two samples until the overall between-
group difference in overall FC showed a p>0.05. The first subsample that reached this 
criterion involved 46 patient and 44 control datasets, i.e. the removal of 4 datasets 
in total. Statistical testing of this subpopulation of patients and controls no longer 
revealed a significant effect in GE (p=0.134) nor in C (p=0.239). To be more strict 
on differences in FC (to rule out that small, non-significant, effects in FC could still 
result in changes in GE and C) we also performed the same analysis but now with a 
more strict threshold, removing subjects until a t-statistic of <1 (p~0.15) was reached. 
The first subsample that reached this criterion involved 44 patient and 40 control 
datasets. Statistical testing of this subpopulation of patients and controls no longer 
revealed any indication of a between-group effect in GE (p=0.4272, Figure 1) nor in 
C (p=0.5217)2. To verify that this was not an effect of reduced study power (due to a 
smaller sample size), we performed a similar test on a subset of 44 patients and 40 
controls, randomly selected from the total population of patients and controls, which 
did again reveal differences in GE (p=0.0272, Figure 1) and a trend level difference 
in C (p=0.0681), as well as a difference in overall FC (p<0.001). Performing a 1,000 
random draws revealed similar findings (e.g. GE: median t-score -2.01 corresponding 
to p=0.02168). 

2  To rule out that this was the result of the removal of potentially the most severely ill patients, we 
performed the same subsample analysis, now removing only control samples (the 7 lowest FC individuals were 
removed until between-group FC showed a t-score <1). This similarly revealed a diminishing effect on group 
differences in GE (p=0.551) and C (p=0.406).
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Figure 1. Effect of proportional thresholding on an exemplary patient-control dataset. Panel A reports the results of 
a typical graph theoretical analysis on functional connectivity (FC) networks of schizophrenia patients (n=48) and 
matched healthy controls (n=44). FC networks are thresholded with a proportional threshold of 15% and from the 
binary graphs global efficiency GE and clustering C are computed and tested, resulting in a significantly increased 
GE and significantly reduced C in patients. The right bar plot shows the significant difference in total functional con-
nectivity (FC) between patients and controls. Panel B describes the results of the same dataset, but now with the two 
samples matched for total FC, by removing the top 6 patients showing the lowest FC and the top 6 controls showing 
the highest FC removed from the sample (total FC t-score <1). GE and C now do not show group-differences. Panel 
C shows the difference (as expressed in t-scores) in GE between controls and patients across a range of proportional 
thresholds (35% to 1%). X indicates a significantly higher level of GE in patients as compared and controls. Orange 
arrow marks the difference in GE at a proportional threshold of 15%, as shown in panel A. Note that at threshold levels 
of 1% and 2% the matrix is (by definition) not connected anymore. 

 To further examine the extent of FC differences on the computation 
and evaluation of graph metrics between groups, we next performed a series of 
comparisons between a range of subsamples of patients and controls. First, from both 
the patient and control population a subsample of the top m=20 subjects (i.e. subjects 
[1,2,..,m]) scoring respectively the lowest (for the patients) and the highest (for the 
controls) on FC were selected and compared (see Figure 2A for a schematic overview 
of this analysis). Next, subsamples with the second highest / lowest overall FC, i.e. 
subjects [2,3,..,m+1], of both populations were selected and compared, followed by a 
selection of the subsample [3,4,..,m+2] etcetera, until all possible ordered subgroups 
were selected (i.e. up to the set of [n-m+1,n-m+2,..,n], with n the patient/control 
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sample size). As such, for the first test the difference in overall FC between the patient 
and control sample was maximized (controls having 17% more overall FC than the 
subsample of patients, p<0.0001), but per subsequent test the total difference in FC 
between the tested patient and control set was reduced, and with this the effect in 
GE diminished (as shown in Figure 2B). At the level at which △FC was around 0 
(subsample 16, showing the minimal △FC meaning that patients and controls showed 
equal levels of overall FC), effects in GE were not present. In subsequent subsamples 
the set of patients demonstrated higher FC than the controls (as we were now selecting 
the highest FC patients and the lowest FC controls) with GE now lower in the patient 
population than in the control population. The relationship between effects in GE and 
effects in FC became more even apparent when we correlated △GE to △FC across all 
subsamples, showing a strong association between the two values (r=-0.988, p<0.001).
 We next tested the effect of △FC on △GE across the range of proportional 
thresholds (Figure 2C). Testing across proportional thresholds from 35% to 1% again 
showed the strongest group effects in network metrics to be present in subsamples 
of maximal differentiating levels of overall FC, and with diminished effects when 
subsamples of equal levels of FC were tested. The right panel of Figure 2B shows for 
the total range of proportional thresholds (left to right: 35% to 1% network density) 
the computed between-group effect size in GE (in percentage of change between 
patients and controls, and corresponding t-statistic) for each of the subsequently 
tested subsamples until the minimal △FC of 0% was reached (bottom to top). The left 
panel shows the accompanying difference in overall FC between the tested patient 
and control samples (left to right).

Figure 2. Panel A provides a schematic overview of the performed subsample analysis, selecting subsamples of 
maximum and minimum differences in total FC. Patients and controls were ordered according to their level of total 
FC, and starting with two subsamples of n=20 patients with the lowest level of FC and n=20 controls with the highest 
level of FC maximizing the largest group difference in total FC (lower row). Next, a subsample of n=20 of the top-1 
scoring patients and controls was tested (second row), followed by testing the top-2 subsample (third row) etcetera, 
until a minimum positive difference of total FC was reached (upper row). Panel B shows that the difference in total FC 
across tested subsamples declines (a trivial effect given the selection of the subsamples), and effect accompanied by 
a decrease in the between-group difference in GE, with eventually (at levels were total FC is matched across groups) 
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effects in GE disappearing. Panel C shows the effect of the level of difference in total FC between patients and controls 
to be associated with the level of difference in GE. Panel shows the results of the exact same analysis as Panel B, but 
now for the entire range of proportional thresholds 35% to 1% (left to right). Panel shows that the effect of total FC is 
present across almost all proportional thresholds, and particularly disruptive at high to medium network density levels 
and in subsamples where the difference in total FC is the strongest. * p<0.05. GE is given as the t-statistic score in GE 
between the subsamples of patients and controls. FC is computed as the percentage of difference in total FC between 
patients and controls, computed (controls - patients) / controls x 100%. 

Autism dataset. Similar findings were observed when examining the fMRI functional 
connectivity dataset of the autism sample. Functional connectivity matrices of autism 
patients showed significantly lower levels of overall FC as compared to controls 
(proportional threshold 15%, p=0.0070), as well as higher levels of GE (p=0.0180) 
and lower C (p=0.0094) (Supplemental Figure 1). Excluding the 14 lowest FC 
patient datasets and the 14 highest FC controls until the between-group difference 
in FC level showed a t-test score <1, group effects vanished in GE (p=0.404) and C 
(p=0.345) (Supplemental Figure 1). Similar effects were observed when testing other 
proportional thresholds. Testing an equally sized random subsample again revealed 
(trend-level) effects in GE (p=0.105) and C (p=0.065).
 
ADHD dataset: an opposite effect. Similar observations were made for the examined 
ADHD dataset, but now the bias in GE and C was in the opposite direction. The 
functional networks of the ADHD patients showed a marginally (but non-significant) 
higher overall FC as compared to the functional networks of the healthy controls 
(patients, on average, 1% higher than controls, p=0.30 ns.), which would lead 
to, following our line of reasoning, decreased GE and increased C in the patient 
population. Indeed we now observed the proportionally thesholded network to have 
lower GE (proportional threshold: 15%, p=0.058) and higher C (p=0.0291, Figure 3) 
in the ADHD patient population as compared to the healthy controls. Similar as in 
the other two datasets, selecting a subsample of patients and controls that matched 
for differences in overall FC (in this case this involved the removal of the 5 highest 
FC patients and lowest FC controls until the between-group differences in overall 
FC showed a t-test score of <1) lowered between-group effects in GE (p=0.083) and 
C (p=0.044). Testing equally sized random subsamples again revealed (trend-level) 
effects in GE (p=0.0637) and C (p=0.0323). [Removing cases until a stricter t<0.25 
score was reached further diminished between-group effects in GE (p=0.130) and C 
(p=0.129)].
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Figure 3. Data for the exemplary ADHD dataset. Panel A shows that, opposite to the schizophrenia dataset, testing the 
entire sample resulted in ADHD patients revealed a slightly (but non-significant) higher total FC in the patient popula-
tion in comparison to the controls. This was accompanied by a borderline lower GE (p=0.058, ns) and higher C in the 
patient population. Panel B shows that matching the samples in terms of total FC (removing the 20 highest FC patients 
and 20 lowest FC controls until the group differences was below a t-score <0.5) diminished findings in GE and C. 
  
Autism EEG dataset. We also examined the same effects in functional connectivity 
networks derived from EEG recordings. Proportional thresholding of functional 
networks in the autism patient group resulted in a slightly, but non-significantly, 
lower GE (proportional threshold 25%, p=0.19 ns; proportional threshold 35%, p=0.19 
ns) and higher C (p=0.18 ns) as compared to controls, effects again accompanied 
by significantly lower levels of overall FC in patients (p=0.0182). Effects were less 
pronounced than in the fMRI examples and mostly present at the higher proportional 
thresholds, likely due to the small sample size. Indeed, as in the fMRI experiments, GE 
and overall FC were significantly correlated (r=0.60, p=0.0010), which again suggested 
an effect of overall FC on graph metrics. Indeed, as observed in the other patient fMRI 
datasets, testing small subsamples (here m=6) by ordering all patients and controls 
and examining subsets of the lowest FC patients and highest FC controls (see above) 
revealed a strong association between the △FC between subsamples and △GE (r=-
0.88, p=0.0181). 

Experiment 2. One possible argument for the relationship between overall FC and 
network metrics could be that changes in overall FC and changes in network topology 
are both pathological effects in the patient population, occurring simultaneously and 
in parallel, but not directly influencing each other. To further show that this effect 
is also present in a healthy population (thus with no neurological or psychiatric 
disease pathology) we performed a second experiment in which we examined the 
same phenomenon in healthy controls of the HCP dataset. After reconstruction 
and quality control of the FC matrices (473 HCP datasets remained, Q3 release, see 
methods), datasets were ordered according to overall FC, and a subsample of the 
n=100 top lowest FC and the subsample of n=100 highest FC subjects were selected 
for further examination (selecting the top n=50 or top n=200 revealed similar results). 
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FC matrices were proportionally thresholded, after which binary graph metrics GE 
and C were computed. First, we examined effects using a proportional threshold of 
15%, and compared derived graph metrics GE and C across the top n=100 lowest and 
top n=100 highest FC subjects. We observed the same effects as seen in the patient 
- control comparisons of experiment 1, namely a significantly higher GE (p<0.001, 
Figure 4A) and significantly lower C (p<0.001, Figure 4A) in the group of low FC 
subjects as compared to the group of high FC subjects (Figure 4). Overall FC was (by 
construction) different between the two groups (28% higher in the high overall FC 
group, p<0.001). Across the entire HCP dataset GE significantly correlated to overall 
FC (r=-0.73, p<0.001, Figure 2).
 Examining the entire set of HCP subjects revealed the same effect. Selecting 
opposite groups of m=50 subjects out of the lowest and highest FC scoring subjects 
(i.e. comparing groups of lowest and highest [1,2,..,m], [2,3,..,m+1], etcetera, see 
experiment 1 and Figure 2A) showed that differences in GE and C go hand in hand 
with underlying group differences in overall FC, with between-group differences 
in graph metrics being lower (and eventually disappearing) when subgroups with 
smaller differences in FC are tested (Figure 4C). 
 Next, we examined the within-subject matrices to show that the effect is 
likely not due to true biological individual variation in overall FC. For each HCP 
subject, we took the low and high FC matrix (obtained by splitting the time-series in 
half and computing for each part the overall FC, see methods). Both matrices were 
proportionally thresholded (exemplary proportional threshold 15%), and graph 
metrics GE and C were computed for each of the two parts. Testing differences in 
graph metrics between the low FC and high FC parts revealed significant differences 
in graph metrics between the two parts, with the proportionally thresholded matrices 
based on the low FC matrices showing higher GE (p<0.001). No clear differences 
in C were observed (p=0.33). Examination of dynamical networks revealed similar 
findings, with GE and C of runs related to overall FC (data shown SI).
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Figure 4. HCP data. Figure shows the results for experiment 2, examining the effect of proportional thresholding on 
HCP healthy control data. Panel A shows the levels of GE and C of the subsample of the top n=50 highest (black) 
and top n=50 lowest overall FC subjects out of the entire HCP subset. Right panel illustrates the difference in overall 
FC between the two groups. Panel B shows the direct association between overall FC of the matrix and GE comput-
ed on the extracted binary proportionally thresholded functional graph (proportional threshold of 15%), clearly indi-
cating that GE is dependent on overall FC. Panel C illustrates the findings in GE as computed by testing subsamples 
of maximal and minimal differences in FC. Panel shows the results of the same analysis as shown in Figure 2 on the 
schizophrenia data. All HCP subjects were ordered according to overall FC and subsamples of n=50 were selected. 
The first t-test included the top [1,2,..,50] vs last [424,425,..,473] sample (with maximal difference in overall FC 
between subsamples), the second subsample the top [2,3,..,51] vs [423, 424,..,472], etcetera, until the subsample 
of minimal difference in overall FC was selected (i.e the two subsamples in the middle of the distribution). Panel 
shows t-statistic scores in GE computed across a range of proportional thresholds (35% - 1%), with negative values 
indicating higher GE in the low FC population versus the high FC population. * p<0.05.△GE is given as the t-statis-
tic score in GE between the selected subsamples of HCP subjects. △FC is computed as the percentage of difference 
in overall FC between the two groups, computed as (A - B) / A x 100%, with A the high FC and B the low FC group.

Experiment 3. 
How can differences in functional connectivity strength result in differences in graph 
theoretical metrics when they are computed on binary functional networks? We 
hypothesize this effect to be the result of lower FC connections to have (on average) 
a higher probability of being spurious, and therefore to result in the inclusion of 
more noisy and potentially false-positive edges in the final binary graph. To test this 
hypothesis, we first examined whether the edges in the functional networks derived 
from lower FC subjects in the HCP data would show a lower overall prevalence 
over the entire HCP group, indicative of potentially less reliably measured network 
edges. Computing across-subject prevalence of FC connections (i.e. counting the 
total number of times a selected binary edge was present across the total examined 
population of 473 subjects) showed a significantly lower overall prevalence of 
connections of the networks of low FC subjects versus high FC subjects (top n=100 
lowest overall FC versus top n=100 highest overall FC subjects of the HCP data, 
proportional threshold 15%, p<0.001), indicative of edges observed in subjects with 
low FC to be (on average) less commonly present in the overall population. Across 
the entire group of HCP subjects, individual network edge prevalence (the individual 
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mean of the group-based prevalence values of the set of binary connections within a 
subject’s FC proportionally thresholded matrix) significantly correlated with network 
metrics (proportional threshold 15%, GE: r=-0.20, p<0.001, C: r=0.41, p<0.001, overall 
FC: r=0.34, p<0.001), indicative of those FC networks that are constructed of edges 
less commonly observed across the population to display an overall more random 
organization with higher GE and lower C values.
 Next, we computed for each of the included FC edges the distance between 
their endpoints as the Euclidean distance between the center of mass of the nodes and 
observed low FC matrices on average to contain longer connections as compared to 
high FC networks (proportional threshold 15%, top n=100 lowest FC versus top n=100 
highest FC HCP subjects, p<0.001, on average 7% longer).
 We also tested the anatomical prevalence of the proportionally thresholded 
functional connections. First, for each of the individual HCP datasets, we combined 
the reconstructed functional network with the subject’s reconstructed anatomical 
network (as based on the DWI data, see methods) and for all of the selected functional 
edges we counted the number of times it coincided with an anatomical connection 
between the same region pair (left and right hemisphere computed separately and 
total number combined). Intra-hemispheric matrices were used for this analysis as 
DWI is known to provide incomplete reconstructions of interhemispheric connectivity 
(33–35). The outcome of the FC with SC comparison expressed an anatomical validity 
of the complete set of proportionally thresholded edges. Testing the set of n=100 
lowest versus the set of n=100 highest FC subjects resulted in marginally lower SC 
validity scores for low FC networks as compared to high FC networks (exemplary 
proportional threshold 15%, p=0.0742 ns; proportional threshold 10%, p=0.0356). 
  
Experiment 4. 
In a fourth experiment, we once again examined the patient and HCP dataset and 
now aimed to examine potential counter measures to correct for the effect of overall 
FC across groups. First, in the schizophrenia dataset, overall FC was regressed out 
of the graph metrics across the total population (i.e. the total group of both controls 
and patients) and the corrected graph metrics (i.e. the residuals) were tested between 
groups. Including overall FC as a covariate diminished between-group effects 
(threshold 15%, GE: p=0.822, C: p=0.974). Similarly, regressing out overall FC also 
diminished between-group effects in the autism (exemplary threshold 15%, fMRI: GE: 
p=0.0732, C: p=0.746; EEG: GE: p=0.312, C: p=0.877) and ADHD datasets (exemplary 
threshold 15%, GE: p=0.879). Effects in C remained in the ADHD dataset (p=0.0354). 
Regressing out overall FC from GE and C in the entire HCP dataset and testing the 
n=100 lowest versus n=100 highest FC subjects no longer showed differences in graph 
metrics (exemplary threshold 15%, GE: p=0.8378, C: p=0.5322). 
 As a second alternative we explored the use of permutation testing. In a 
typical permutation test a null-distribution of between-group differences is obtained 
by randomly drawing subsamples from the total population, to examine which effect 
sizes occur irrespective of patient/control status. In addition to a normal permutation 
approach (in which only group assignment is randomized), here we also took into 
account the observed difference in overall FC between the two groups. First, typical 
for permutation analysis, group assignment was randomized by randomly drawing 
two samples of the size of the patient and control population (e.g. n=48 and n=44 in the 
schizophrenia dataset) from the total set of participants. Next, two random subjects 
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were drawn, one from each sample, and subjects were swapped between groups until 
the difference in overall FC between the two samples reached the level of the original 
between-group difference in FC (i.e. 4.8 % in the schizophrenia dataset). The patient 
and control distribution was kept fixed to that of the initially randomly drawn samples, 
by swapping only control subjects for control subjects and patient subjects for patient 
subjects between groups. Once the two pseudo-randomly drawn samples were 
established, matrices were proportionally thresholded, graph metrics were computed 
and differences in graph metrics GE and C between the two groups were obtained. 
We performed this procedure for 10,000 permutations, resulting in a null-distribution 
of expected effects under the null-hypothesis of A) no effect of group assignment and 
B) a difference in overall FC equal to the observed difference between the patient 
and control group. Next, similar as in a typical permutation testing approach, the 
obtained null-distribution was used to assign a p-value to the originally observed 
effects in GE, by computing the proportion of the null-distribution that exceeded the 
originally observed group difference in GE. In the schizophrenia dataset, overlapping 
with the results of the t-tests, normal permutation testing revealed a difference in 
GE (p=0.0152) and C (p=0.0259). However, using the alternative null-distribution, the 
effects in GE and C were no longer found to be significant (GE:p= 0.4605, C:p=0.344), 
indicating that the h0 hypothesis of GE and C being equal in the patient population 
could no longer be rejected. Similar statistical effects were observed in the autism 
dataset (GE:p=0.241, C:p=0.414), showing no longer a significant difference in graph 
metrics. In the ADHD dataset effects in GE were diminished (GE:p=0.0890), but 
effects in C remained (p=0.0218) suggesting remaining differences in clustering when 
controlling for effects in overall FC.

In this study we show the effects of proportional thresholding on the reconstruction 
of functional connectivity graphs and the computation of graph theoretical metrics. 
The main conclusion is that proportional thresholding should be used with care 
when there are differences in total functional connectivity between the examined 
groups, because even a minimal difference in overall FC may introduce potential be-
tween-group differences in network metrics. 

Our study findings confirm the intuitive notion that the inclusion of lower correlations 
as functional edges will lead to the inclusion of more noisy and thereby potentially 
more random connections into the reconstruction of a functional network, an effect 
reflected in the evaluation of graph metrics. We conclude from our presented findings 
that low FC connections tend to have (likely not all, but on average, see SI) a higher 
probability of being spurious, with their inclusion into network reconstructions lead-
ing to the inclusion of more random connections as compared to network reconstruc-
tions based on high FC. In turn, the inclusion of these more random connections can 
give the topology of the reconstructed graph a more random character, most notably 
reflected in higher global network efficiency and lower network clustering.

Zalesky and colleagues recently examined the effects of false-positive (FP) connections 
and false-negatives (FN) edges to network analysis of healthy human and animal 
connectomes, and showed empirical and theoretical evidence of the inclusion of 
FPs to be more detrimental to the computation of network metrics as compared to 
the exclusion of FN connections (17). Specificity was reported to be at least twice 
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as important as sensitivity with respect to computation and evaluation of graph 
theoretical metrics of reconstructed brain networks, advocating a 2:1 ratio of FP and 
FN inclusions in anatomical brain networks. Our current functional results are clearly 
in line with these findings and now show that proportional thresholding of matrices 
may further inflate the effect, with profound consequences for between-group 
comparisons. With low FC connections having a lower group prevalence, a lower 
reliability and less anatomical validity, they are more likely to result in the inclusion 
of a false-positive connection, which in turn disrupts the computation and between-
group comparison of graph metrics.

We have no intention here of arguing that alterations in functional brain connectivity 
as commonly reported in neurological and psychiatric disorders are in any way 
false effects or effects driven by artifacts, and we thus refrain from naming specific 
studies that used proportional thresholding and have reported disturbances in brain 
network organization. In contrast, we emphasize that disturbances in neuronal 
activity, accompanying changes in BOLD fluctuations or EEG/MEG recordings, as 
well as disturbances in region-to-region functional communication are all very likely 
to include key factors in many brain disorders, resulting in the correct observation 
of changes in interregional functional connectivity. Our main point here is that 
subsequent proportional thresholding of such functional connectivity matrices in 
disease studies may translate into differences in graph metrics between groups that 
may be simply owing to the inclusion of (even a few) spurious connections in one 
of the two groups. Such effects may thus be driven by, or at least cannot fully be 
disentangled from, underlying changes in overall functional connectivity, with the 
issue of whether and if so how brain disorders affect the topological organization 
of functional brain networks remaining an open question and a topic for continuing 
investigation.

Binary versus functionally weighted networks
In this study we focused on the examination of binary functional networks with the 
presence and absence of functional edges forming the main topic of investigation. 
We focused on binary networks to examine the effect of low FC connections on the 
topological organization of networks, thus excluding any additional influence of 
differences in edge weights between subject groups. Including weights on the edges 
would potentially introduce a second effect, with between group differences in 
overall edge weight directly translating into graph metrics. For example, functional 
networks of low FC subjects would include (on average) lower weighted network 
edges, resulting now in lower GE and lower C values. To examine to what extent 
potential between-group effects in graph metrics go beyond simple differences in 
edge weights, studies most often compare normalized GE and C across groups (i.e. 
taking the ratio of GE and C with their counterparts as computed in comparable 
random networks). These metrics are argued to counteract potential between-group 
differences in network strength, as the total sum of weights in the network of interest 
and the randomized networks is equal and thus to cancel out. However, we argue 
that the same effect of including more random edges in low FC networks is likely to 
remain. Indeed, analysis of low FC versus high FC subjects, but now incorporating 
information on the weights of proportionally thresholded functional connections 
revealed the same effect as described for the binary situation (see Supplemental 
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Information).

Other graph metrics
We examined in our report the basic graph metrics of global network efficiency and 
local clustering, to best illustrate the systematic influence of overall FC on functional 
graph topology. The field of network science of course provides a much wider range 
of graph theoretical tools to explore the topological architecture of connectome maps, 
and to examine potential disruptions in network topology in brain disorders. These 
include metrics that are directly related to GE and C, such as the small-world index 
and/or betweenness centrality, as well as metrics that provide insight into more 
complex architectural features related to network segregation and integration, such 
as modularity (36) and rich club organization (37). However, here too, individual, and 
thus patient-control differences in overall FC may have a disruptive effect on between-
group comparison of network metrics. With individual variation in FC related to the 
level of network randomness, and with many of these network metrics depending 
on benchmarking to random null-models, patient-control differences in network 
strength may easily be translated into signs of disrupted network topology. Indeed, 
a post-hoc analysis in the HCP data again showed a significant effect of overall FC 
on small-world index, overall betweenness, modularity and rich club coefficient (see 
SI). Also here, general care is advised when comparing metrics across groups without 
recognizing and/or controlling for the effect of overall FC.

Anatomical networks
Our main topic of study here is on functional networks. Proportionally thresholding 
is less commonly used in the reconstruction and analysis of structural graphs (as 
the matrix is most often already sparse), but the inclusion of false-positive edges 
may –in principle– in a similar way influence anatomical network reconstruction 
and as such introduce influence between-group differences in graph metrics when 
comparing groups. For example, overall lower number of reconstructed streamlines 
and/or lower levels of fractional anisotropy of edges in the patient and/or control 
population could potentially lead to the inclusion of more false-positive edges in 
proportionally thresholded anatomical graphs and as such influence the computation 
of graph metrics (17). The examination of structural networks is out of the scope of 
this study, but future studies examining this effect in more detail in SC networks and 
compare across DWI reconstruction strategies to show or to rule out the influence of 
overall connectivity strength on the evaluation and between-group comparison of 
graph metrics would be of interest. 

Alternative methods for thresholding
Studies have suggested useful alternative approaches to avoid or reduce the effect of 
thresholding in the examination of functional networks, and one could thus think that 
these methods will solve the issue. One alternative approach includes the evaluation 
of graph metrics suited for fully weighted networks, avoiding the need for any type 
of thresholding in the first place. Although the main topic of investigation in this 
study is the evaluation of proportional thresholding on functional networks and not 
the evaluation of non-thresholded approaches, we do argue that potentially the same 
effect of overall FC might influence the computation of such graph metrics, although 
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likely to a lesser extent. Here too, the inclusion of functional edges based on lower 
correlations could lead to the inclusion of less accurate estimations of connections, and 
thereby potentially include more random connections. The advantage of a weighted 
approach is that such edges will have lower weights and therefore will likely have 
a less strong influence on overall network organisation, but the effect may still be 
present. Indeed, a post-hoc analysis of graph analyses on fully weighted functional 
connectivity matrices of the patient-control and HCP dataset revealed comparable 
findings as we showed for the proportionally thresholded binary situation, with 
differences in overall FC between groups going hand in hand with between-group 
differences in network metrics (see Supplemental Information). 
 A second proposed alternative strategy for proportional thresholding is 
the computation of a minimal spanning tree (MST) or related local k-nearest neighbor 
thresholding of functional matrices (15,38,39). The MST describes the tree of minimal 
number of n-1 strongest edges needed to keep the network connected, with n the 
number of nodes in the network. Related to this, in a k-nearest neighbor thresholding 
approach a local threshold is applied to the functional matrix, selecting the edges 
of the graph by including for each node the edges to the k-strongest connected 
neighbors. Graph metrics are then compared on the resulting graphs and subsequently 
compared across groups. MST approaches have been successfully applied in several 
functional connectivity studies and argued to include an unbiased approach, 
avoiding methodological biases for the selection of an arbitrary threshold level and 
having the strong advantage of ensuring equal network density levels across groups 
(39). In mathematical terms, the selection of the MST could be seen as one of the 
strictest levels of proportional thresholding, namely the application of a (n-1)/(n x (n-
1)) = 1/n% threshold with the additional selection rule that the network has to remain 
connected. As such, we could argue that the MST approach may also be subject to the 
same issues of proportional thresholding as described in this paper, albeit lower as 
only high (and thus more reliable) correlations are used for edge selection (see also 
Figure 2). Following this line of thought, one could similarly argue that k-nearest 
neighbor thresholding on functional graphs may be influenced by variation in overall 
FC (38). In the k-nearest neighbor approach, for each of the nodes the local strongest 
links are included in the graph, which may again result in the inclusion of (slightly 
more) random edges in datasets with an overall low FC. Moreover, since the k-nearest 
neighbor approach mandates a minimal number of edges per node, this may result in 
the inclusion of even more weaker edges as compared to the application of a global 
proportional threshold, something that may exacerbate the effect of overall FC on 
graph metrics. Indeed, a post-hoc analysis examining MST and k-nearest neighbor 
thresholding in the HCP data again revealed overall FC to have an effect on between-
group comparisons of graph metrics (data shown in Supplemental Information).

Strategies to compensate and control for the effect of overall FC on graph metrics
We discuss two potential strategies to correct for the effect of differences in overall 
FC when using proportional thresholding. First, in case of a difference in overall FC 
across participant groups, we show that the inclusion of the overall FC as a covariate 
could be used to compensate for the effect of proportional thresholding on the 
computation of graph metrics during statistical evaluation. However, we recognize 
that this involves a rather strict correction, as in the severe case of all patients showing 
lower FC as compared to the controls this could lead to the removal of a large portion 
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of potentially true differences in network organization between patients and controls. 
As a potential second strategy, we advise patient-control network studies to include 
post-hoc control analyses in which one examines subsamples matched on FC levels, 
for example by removing some of the most severe cases on both sides of the spectrum, 
and show that the same between-group effects in graph organization are also present 
when samples are matched on FC. In case there is evidence of the highest or lowest FC 
subjects to include the most severely ill patients (which in itself would be an interesting 
finding to report), permutation approaches with null-distributions matched on FC 
could be used as a potential alternative. 
 We note that both of the above mentioned strategies do not really ‘correct’ 
for the potential selection of more random connections in the construction of the 
functional network, but rather aim to control for the effect during statistical evaluation. 
We strongly encourage the field to design analysis methods that take care of this 
potential bias earlier in the analysis, preferably already during network construction 
and/or during the computation or normalization of the graph metrics. Until such 
normalization and/or correction approaches are proposed, we advise that patient-
control connectome studies include some of the discussed post-hoc analyses, just to 
verify that one’s reported case-control differences in network organization are not 
simply the result of underlying differences in overall FC, but reflect true differences 
in network configuration. 

Conclusion and recommendations
We show the influence of overall FC on proportional thresholding of functional brain 
networks and the subsequent computation and comparison of graph metrics across 
groups. Fixed thresholding of matrices and resulting differences in network density 
has rightfully been suggested to have an important effect on the computation of graph 
metrics (10) and thus to be less suitable for the examination of network organization in 
patient-control studies. However, our current findings now similarly advise against 
the use of the proposed alternative approach of using density matched networks in 
situations where a clear difference exists in underlying total functional connectivity 
strength between groups. 

We make two recommendations for future patient-control functional connectome 
studies. First, in a between-group functional connectome study, we advise authors to 
examine, statistically test and to report overall FC between tested groups. Second, in 
case of the suspicion of a potential difference in overall FC between groups, we advise 
that these differences are taken into account when graph metrics are statistically tested 
between patients and controls, for example by including overall FC as a covariate 
and/or by including post-hoc control analyses in which one verifies that reported 
between-group differences in graph metrics remain when testing subsamples matched 
for overall FC. We hope these recommendations will be of use for future functional 
disease connectome studies.
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Supplemental information

Analysis of verification of overall changes in FC
In this study we analyzed the effect of proportional thresholding on the evaluation of 
binary networks, meaning that weights of edges were discarded in the computation 
of the graph metrics. However, we did validate to what extent total functional 
connectivity of the selected proportionally thresholded binarized edges was different 
between compared groups. In our introduction we noted in a footnote that we assume 
in our line of reasoning that changes in the total level of FC of a matrix is a good 
reflection of a change in weight across all elements in the matrix (or at least a large 
proportion thereof). However, we also recognize that in the case of only the low 
correlations to be altered in the patient population, that proportional thresholding 
can still result in graphs of equal correlations, and thus with equal probability of 
including random edges into the network. As an additional simple test, we examined 
for each of the datasets whether across groups the corresponding weights of the 
selected binary edges still revealed differences in overall FC.

Schizophrenia dataset. 
Across the examined range of proportional thresholds, mean FC over the selected 
edges were significantly lower in patients as compared to controls. A maximal 
difference was observed at the highest tested proportional threshold (PT=35%, 6.7% 
difference) with effects decreasing towards more sparser thresholds (as low as 4% at 
PT=5% and 1.78% at PT=1%), for all but PT=1% and 2% showing a significant effect 
(p<0.05, here FDR correction was applied as we want to test a h1 hypothesis of effects 
in selected edges to be different between conditions).
 We also tested the difference in FC per edge across the patient and control 
sample to further examine whether an decrease in FC was limited to a small subsample 
or an effect across the majority of edges. Testing the FC strength across the complete 
functional connectivity matrix resulted in 10.7% of all matrix elements to show a 
reduction in FC in patients (p<0.05 was used). Testing the same effect for the edges 
in the proportionally thresholded matrices, revealed 11.3% of all edges to show a 
reduction in FC (p<0.05 was used and a group-threshold of 50% (de Reus and van den 
Heuvel, 2013)). These findings again point into the direction of reductions in FC to be 
a global, overall effect in the tested patient control dataset.

Autism dataset. 
Also in the autism FC dataset the level of FC of the proportionally thresholded 
edges were found to be significantly lower in patients as compared to the controls 
(proportional threshold 15%, p=0.0081). Other threshold revealed similar findings.

ADHD dataset. 
Consistent with the reports on overall FC, in the ADHD dataset the effect was the other 
way around, with the level of FC of the proportionally thresholded edges found to be 
trend-level higher in patients as compared to controls (proportional threshold 15%, 
p=0.066 ns). Other thresholds showed the same effect. These findings are consistent 
with the results of showing a lower level of GE and higher clustering C in this patient 
population (see main text). 
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HCP dataset. 
We also tested the level of FC of the selected edges in the HCP dataset, in the 
performed top n=100 lowest versus top n=100 highest FC subjects. Here too, the edges 
of the low FC subjects showed consistently lower FC as compared to the selected 
edges in the high FC subjects (proportional threshold 15%, 17% lower level of FC as 
compared to the high FC subjects, p<0.0001). Similar as in the schizophrenia dataset, 
this effect was present across the entire range of tested proportional thresholds, with 
the strongest effect present at the highest thresholds and gradually decreasing effects 
when reaching more strict thresholds with sparser networks, at all levels (except for 
2% and 1%) showing a significant level of decrease in FC of the selected edges (p<0.05, 
here FDR correction was applied).

Supplemental Analyses
In the main manuscript we discussed the effect of differences in overall FC on the 
computation of the graph metrics of global efficiency (GE) and clustering (C) of 
binary proportionally thesholded graphs and their effect in between-group studies. 
As an alternative of examining GE and C in a binary approach, one can also examine 
and compare normalized and/or weighted graph metrics across groups, metrics that 
are often argued to overcome the problem of differences in total network connectivity 
(i.e. overall FC). We also examined the effect of overall FC in between-group analysis 
on these normalized and weighted graph metrics and discuss the findings below.

Normalized binary metrics
Normalized GE and C were computed by taking the ratio between GE and C and 
their values in a set of 1,000 random networks. Similar to the computation of GE and 
C as discussed in the main text, individual FC networks were first proportionally 
thresholded, GE and C were computed (data shown in main text), followed by the 
computation of GE_norm and C_norm, computed by dividing GE and C by the values 
of GE and C observed in a population of random networks. These random networks 
were formed by randomizing the edges of the originally (proportionally thresholded 
binary) matrix using the Maslov Sneppen randomization algorithm (Maslov and 
Sneppen, 2002)(preserving the degree sequence). A set of 1,000 random networks was 
examined, with GE_rand and C_rand taken as the average values across the 1,000 
random networks. Finally, GE_norm was computed as GE/GE_rand and C_norm was 
computed as C/C_rand. 
 GE_norm and C_norm were then compared across the patient and HCP 
datasets. We describe here the results for an exemplary proportional threshold of 
15%. In the schizophrenia dataset, GE_norm was again found to be higher in patients 
(p=0.0606 ns), with importantly GE_norm directly associated to overall FC across the 
entire group (r=0.88, p<0.001). C_norm was higher in patients as in controls (p=0.0505 
ns), an effect opposite to observed in the non-normalized C, an effect caused by the 
inclusion of random edges having a much stronger effect on the level of clustering in 
random networks as compared to structured networks.
 Similar effects were observed when testing the HCP data. Comparison of 
GE_norm and C_norm across the top n=100 lowest FC and top n=100 highest FC 
HCP subjects again showed significant differences in normalized metrics, with the 
group of lowest FC subjects showing a higher level of GE_norm (p<0.001) and C_
norm (p=0.0055). Similarly, GE_norm strongly correlated to overall FC across the set 
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of selected HCP subjects (r=0.63, p<0.001), suggesting a strong influence of overall FC 
also on normalized graph metrics.

Propotional thresholding combined with weighted normalized metrics
In addition to binarizing a matrix after proportional thresholding and examining 
binary versions of GE and C, one can also keep the weights of the selected networks and 
then examine weighed variants of GE and C. To correct for total differences in weights 
between patients and controls samples, normalized GE and C are compared across 
groups (with the total sum of weights kept identical in the randomized networks, 
argued to avoid influences of differences in overall FC across subjects). We examined 
this option by keeping the procedures the same as described in the main text, but 
now keeping weights on the selected edges. To this end, individual FC matrices were 
proportionally thesholded (examplary proportional threshold 15%), weights of the 
selected edges were kept, and weighted GEw and Cw were computed. GEw and Cw 
were normalized to a population of 1,000 random networks. In the schizophrenia 
dataset, GEw_norm (p=0.13) was again found to be different between patients and 
controls, but effects now slightly attenuated compared to the binary variants, but 
GEw_norm again correlated to overall FC (r=-0.45, p<0.001). No clear effects in Cw_
norm were found. Similar effects were observed in the HCP data. Comparing GEw_
norm between n=100 lowest FC and n=100 highest FC subjects revealed significantly 
higher GEw_norm in the group of low FC subjects (p=0.00017), but no significantly 
different effects in Cw_norm (p=0.227). GEw_norm did not significantly correlate to 
overall FC (p=0.28 ns), but Cw_norm did correlate to overall FC (r=0.488, p<0.001).

Fully weighted normalized metrics
Another alternative is to keep all connections in the network, and compute graph 
metrics on fully weighted connectivity matrices. We also examined this approach in 
the patient and HCP datasets. To this end, weights of the reconstructed FC matrices 
were first placed between 0 and 1 (to avoid negative values, adding +1 and dividing all 
resulting elements by 2. As such, global differences in overall FC were kept between 
individuals. Next, GEw_norm and Cw_norm were computed on the fully connected 
matrices, with GEw_rand and Cw_rand now computed on 1,000 random networks 
in which the edges were randomly shuffled. In the schizophrenia dataset, GEw_
norm was now found only to be marginal (but non-significant) higher in the patient 
population as compared to controls (p=0.35), suggesting some effect of this type of 
analysis. However, GEw_norm still significantly correlated to overall FC across all 
subjects, suggesting an influence of differences in overall FC (r=-0.48,p<0.001). This 
was confirmed in the HCP data. Comparing GEw_norm across the top n=100 lowest 
and top n=100 highest FC subjects similarly revealed a significant higher GEw_norm 
in the low FC group (p<0.001) as well as higher Cw_norm (p<0.001). Furthermore, 
GEw_norm (r=-0.39, p=0.0018) and Cw_norm (r=0.85, p<0.001) correlated to overall 
FC.

MST
We also examined the approach of selecting the minimal spanning tree (MST) and 
comparing graph metrics between groups. To this end, first, for each individual FC 
matrix of the HCP, the binary MST was computed and GE and C were computed on 
the MST and compared across groups. In the schizophrenia dataset, no effect on GE 
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(p=0.54) was found, which is consistent with the use of a very sparse proportional 
threshold (see main text). However, in HCP data (in which differences in overall FC 
were maximized) did reveal an effect of overall FC. Comparing the n=100 lowest and 
n=100 highest FC subjects showed higher GE (p=0.0092). GE (r=-0.18, p=0.018) also 
significantly correlated to overall FC across the selected HCP subjects. 

k-NGG. 
We also examined the influence of overall FCC on k-nearest neighbor graphs 
(k-NGG). The k-NGG graph of a network describes the subgraph in which all nodes 
are connected to their k nearest neighbors. First, to ensure connectedness of the graph, 
the MST was selected. Next, for each node i in the network, the next k - 1 strongest 
edges were included in the graph, connecting each node to its remaining strongest 
connected k -1 neighbors. This approach is also referred to the application of a local 
threshold, as information on the local level of connectedness of a node is used to 
select network edges. This, in contrast to the application of a proportional threshold, 
which in this terminology could be referred as the application of a global threshold 
(see for a comprehensive description of k-NGG graphs and their application to fMRI 
networks (Alexander-Bloch et al., 2010). [As this approach does not always directly 
ensure complete equal network density across individuals (as the k-strongest link of 
node i to node j may or may not be also among the strongest k-nearest neighbors of 
j), networks were further filled up to a density of (N * k) / (N * N-1), where N denotes 
the number of nodes in the network, by additionally adding the needed number of 
connections from the set of strongest remaining edges in the network when needed. 
Including / excluding this additional fill-up revealed the same findings]. For each 
individual in the HCP dataset, a k=4 nearest neighbor graph was constructed, graph 
metrics GE and C were computed, and then compared across the n=100 low FC and 
n=100 high FC subjects of the HCP dataset. As argued in the main text, k-NGG graphs 
were equally susceptible to differences in overall FC. The group of low FC subjects 
showed significantly higher GE (p= 0.0039) and lower C (p= 0.0070) as compared to 
the group of high FC subjects.

Higher resolution networks, DK-114 and DK-219
Similar effects were observed in networks constructed using/ based on other 
parcellation atlases. In addition to the normal Desikan-Killiany atlas (DK-68, 68 
regions) we examined the higher resolution subparcellations DK-114 and DK-219 
atlases (Cammoun et al., 2011). fMRI FC of HCP data was analyzed with these two 
atlases and a similar analysis of comparison of graph metrics on the proportionally 
thresholded FC matrices (proportional threshold 15%) of the lowest n=100 FC and 
highest n=100 FC subjects was performed. Similar to using the DK-68 atlas, GE was 
found to be significantly higher in the low FC group (DK-114:p<0.001, DK-250:p<0.001)  
and C was found to be significantly higher (DK-114:p<0.001, DK-250:p<0.001). Overall 
FC was correlated to GE (DK-114:r=-0.73, p<0.001, DK-250:r=-0.80, p<0.001) and C 
(DK-114:r=0.45, p<0.001, DK-250:r=0.81, p<0.001). Correcting for overall FC across the 
two groups by regressing out overall FC as a covariate, simply diminished effects in 
GE (DK-114:p=0.59, DK-250:p=0.989) and C (DK-114:p=0.84, DK-250:p=0.795).
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Dynamical networks 
We extended the split-half analysis (see main text) by examining within-subject 
dynamical networks. For each individual HCP dataset, 111 dynamical FC matrices 
were computed by performing a sliding window over the total series of 1200 
timepoints, each time selecting a block of t=100 consecutive timepoints, with a step size 
of 10. The within-subject dynamical networks showed a similar effect as the split-half 
analysis. Over the dynamical networks, GE (median over all HCP datasets, r=-0.8609, 
p<0.001) and C (r=0.6757, p<0.001) correlated to overall FC of the dynamical networks, 
suggesting that a significant proportion of the varying levels of network efficiency 
and network clustering in dynamical networks may be related to fluctuations in 
network FC.

Other network metrics
We also examined the effect of overall FC on small-world index, overall betweenness 
centrality, modularity and functional rich club organization. Metrics were computed 
on fully weighted (modularity) and the proportionally thresholded binary graphs 
(SW, betweenness, rich club), following the definitions as provided in the Brain 
Connectivity Toolbox (Rubinov and Sporns, 2010). The small-world index SW was 
computed as the ratio between C_norm and 1/GE_norm (1,000 random networks). 
Overall betweenness centrality B was computed as the average of nodal betweenness 
centrality scores, computed as the normalized number of all node-to-node shortest 
paths in the network that pass through node i. Modularity Q was computed as the fit 
of the community structure of the network, with the community structure derived by 
means of Newmann’s modularity algorithm (Newman, 2006). Rich club organization 
was examined as described in (van den Heuvel and Sporns, 2011), with the normalized 
binary rich club coefficient computed as the proportion between the present and total 
possible number of edges between the set of nodes of degree >k, normalized to the 
coefficient observed in a set of random networks (1,000 random networks, degree 
distribution preserved). 
 Network metrics were compared between the top n=100 lowest and top n=100 
highest FC subjects in the HCP dataset. A proportional threshold of 15% was used 
(other thresholds revealed similar findings). Consistent with the notion of edges in 
low FC networks to display a more random character, SW (p=XXX) and modularity 
Q (fully weighted matrix, p=XXX) were found to be significantly lower in the low FC 
group as compared to the high FC group. Furthermore, also betweenness centrality B 
was found to be significantly lower in the low FC group (p=XXX), suggesting a more 
even distribution of shortest paths across network edges. Finally, again consistent 
with an overall more random organization of low FC networks, the normalized rich 
club coefficient was found to be lower in the low FC group as compared to the high FC 
group (p=XXX, subset k>15), suggesting a less dense concentration of edges between 
rich club nodes in low FC networks as compared to high FC networks.
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SI Figure 1 Data for the exemplary autism dataset. Panel A illustrates that, similar to the schizophrenia dataset, testing 
the entire sample resulted in autism patients resulted higher levels of GE, lower levels of C and lower levels of overall 
FC. Panel B shows that matching the samples in terms of overall FC (removing the top lowest FC patients and top 
highest FC controls until the group differences was below a t-score <1) diminished findings in GE and C. This effect 
was not due to reduced study power as testing a random subsample of equal size again resulted in differences in GE 
and C.
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Abstract

Background: The topological structure of the wiring of the mammalian brain cortex 
plays an important role in shaping the functional dynamics of large-scale neural activity. 
Due to their central embedding in the network, high degree hub regions and their 
connections (often referred to as the ‘rich club’) have been hypothesized to facilitate 
intermodular neural communication and global integration of information by means 
of synchronization. Here, we examined the theoretical role of anatomical hubs and 
their wiring in brain dynamics. The Kuramoto model was used to simulate interaction 
of cortical brain areas by means of coupled phase oscillators—with anatomical 
connections between regions derived from diffusion weighted imaging and module 
assignment of brain regions based on empirically determined resting-state data.  
Results: Our findings show that synchrony among hub nodes was higher than 
any module’s intramodular synchrony (p < 10−4, for cortical coupling strengths, 
λ, in the range 0.02 < λ < 0.05), suggesting that hub nodes lead the functional 
modules in the process of synchronization. Furthermore, suppressing structural 
connectivity among hub nodes resulted in an elevated modular state (p < 4.1 
× l0−3, 0.015 < λ < 0.04), indicating that hub-to-hub connections are critical in 
intermodular synchronization. Finally, perturbing the oscillatory behavior of 
hub nodes prevented functional modules from synchronizing, implying that 
synchronization of functional modules is dependent on the hub nodes’ behavior.  
Conclusion: Our results converge on anatomical hubs having a leading 
role in intermodular synchronization and integration in the human brain. 
Keywords: hub node, structural connectivity, neural synchronization, cortical 
coupling, suppression, perturbation 

Background

The human brain has to continuously process a large variety of information relating to 
vision, hearing, motor function, and numerous associative processes. The topological 
organization of the brain’s wiring pattern has an important role in enabling complex 
functionality, evidenced by studies examining structural wiring architecture of 
mammalian and nematode neural systems that revealed several network attributes 
of an efficient processing and communication structure (1,2). Neural systems have 
been shown to exhibit synchrony patterns associated with communication between 
segregated anatomical neural components in terms of neuronal discharges, beta 
and gamma band uctuations and resting-state blood oxygenation level dependent 
(BOLD) signals of brain regions (3–9). Synchronized activity of specialized groups 
of neurons has been proposed to provide a neural basis for binding and integrating 
information (10–12). Moreover, brain disorders such as schizophrenia, epilepsy, 
autism and Alzheimer and Parkinson disease have been associated with abnormal 
neural synchronization (7). These observations of (dys)synchrony called for the 
formulation of mathematical models to provide insight into the neural dynamics and 
its relation to the complex architecture of the underlying structural pathways (13,14).  
 Embracing network science as a general mathematical framework to 
understand topological organizational features of neural wiring, studies have 
revealed high levels of clustering and community structure, suggesting the existence 
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of functional sub-systems, as well as short communication pathways and the 
existence of high-degree hub nodes that take a central role in the overall network 
organization (3,15–18). Furthermore, recent research has shown that a highly 
interconnected collection of high-degree nodes, the ‘rich club’, is embedded across 
many functional domains and may thus serve as an anatomical infrastructure for 
global neural communication between otherwise segregated systems (1,2,16,19,20).  
 Using the Kuramoto model (21) to simulate brain interactions through 
synchrony on the basis of structural connectivity, functional implications of the 
organization of brain connectivity can be examined. These include for example 
how cross-domain integration can be influenced by the underlying wiring anatomy 
of the brain. Simulation studies employing the Kuramoto model have investigated 
synchronization patterns in the cortical brain networks of the cat (3), the macaque (22) 
and the human (23–25), showing correspondence with resting-state functional data 
supportive of the applicability of the model (24,26). Here, extending to previous work 
on random or targeted attack in structural brain networks (22,27,28), we studied the 
synchronization effects of suppressed structural connectivity and perturbed intrinsic 
oscillatory behavior of brain regions in the human cortical network. Simulating these 
phenomena we shed light on the role of anatomical hubs in functional dynamics of 
the brain network, which may ultimately contribute to the understanding of effects of 
structural brain pathology on brain function. 

Methods 

Subjects 
The cohort consisted of the 40 healthy subjects (mean age ± standard deviation 27 ± 
6.9; male/female: 27/13) previously reported on by Van den Heuvel et al. and used 
as a replication set in (29). Each subject gave informed written consent according 
to the Declaration of Helsinki and the study was approved by the medical ethics 
committee for research into humans of the University Medical Center Utrecht. 
Scanning sessions lasted 45 min and were performed on a 3 Tesla Philips Achieva 
Clinical scanner. For each subject, diffusion weighted imaging data (acquisition 
parameters: SENSE-p = 3; two sets of 30 different weighted directions, and 2 × 
b = 0 images; repetition time (TR)/echo time (TE) = 7,035/68 ms, 2 × 2 × 2 mm, 75 
slices covering whole brain, b weighting of 1000 s/mm2, second set with reversed 
k-space readout) and an anatomical T1 image for anatomical reference (3D fast field 
echo (FFE) using parallel imaging; TR/TE = 10 ms/4.6 ms; field of view (FOV) = 240 
× 240 mm, 200 slices covering whole brain, 0.75 × 0.75 × 0.75 mm) were acquired.  
 
Connectome reconstruction 
The structural network from (29) was recomputed at a 219 × 219 network resolution 
using a subdivision of the Desikan–Killiany atlas (30). Each area of the brain was 
designated as a node in the network, and edges represent anatomical connections 
between these nodes. For each individual, if reconstructed white matter fiber(s) were 
found between two nodes i and j, then a 1, indicating the presence of a connection, 
was placed in cell c(i,j) of the 219 × 219 connectivity matrix, M. If no fibers were found 
connecting regions i and j, then these nodes were taken to be non-connected and the 
corresponding entry in the weighted connectivity matrix M was set to zero. From 
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the individual connectivity matrices a binary group matrix was constructed having 
a 1 for connections present in at least 40% of the subjects and a 0 otherwise (31).  
Cortical network, rich club, and functional modules 
A template of resting-state networks (RSNs) (32–35), distinguishing between 
subnetworks of regions that show correlated activity during rest based on resting-
state functional MRI (fMRI) data from a group of healthy subjects, was used to define 
11 commonly reported RSN networks (Figure S1) (16). Van den Heuvel and Sporns, 
2013 used Independent Component Analysis (ICA) decomposition on the resting-state 
fMRI data to define this RSN template. The 11 functional network maps were realigned 
to the group-averaged normalized T1 images of the subjects and resampled to the 219 
parcellation scheme of the diffusion data. As performed by Van den Heuvel and Sporns 
(16), each node was assigned a single RSN by means of a majority vote based on its voxels’ 
participation across the 11 RSNs. This resulted in each network node participating in 
a single functional module, with the functional modules varying in size from 11 to 31 
nodes. Following the line of thought of previous studies (32,33), these 11 RSNs were 
taken as a description of 11 functional domains (i.e. modules) of the human brain.  
 Hub nodes were selected on the basis of degree of connectivity. Consistent 
with the size and layout of a neural rich club as reported in literature (2,3,36), the 
thirty-nine nodes with the highest number of connections (17.8% of all nodes) were 
designated as members of the rich club. In concurrence with previous findings, the 
anatomical rich club included the insula, precuneus, superior frontal and superior 
parietal regions and participated in all of the 11 functional modules (16,20). 
 In order to verify our findings on the human cortical network, a 
reconstruction of the macaque cortical network was used based on collated 
data from tract-tracing experiments. To this end the open source CoCoMac 
neuroinformatics database (37) was queried for white matter axonal projections 
linking cortical regions of the Felleman and Van Essen 91 atlas (38). The Felleman 
and Van Essen 91 atlas describes a single hemisphere and includes a parcellation 
of the cerebral cortex into 78 non-overlapping regions. For all node pairs a 1 was 
included in the symmetric structural connectivity (SC) matrix if the query returned 
at least 1 report and if of these reports at least 40% were positive reports; otherwise 
a 0 was included in the matrix. The resulting SC matrix had a 27.6% density.  
 Since no predefined functional modules were available for the macaque, 
modules were created based on structural connectivity data by maximizing the 
number of within-group edges (39). Modules were selected so that each module 
contained a minimum of 8 nodes out of the total of 78 nodes. 

The Kuramoto model 
The Kuramoto model simulates dynamic behavior of a set of coupled oscillators. 
Applying the Kuramoto model to the group-averaged anatomical brain network, 
each node was assigned an oscillator with a fixed, random internal angular frequency 
and an initial random phase. The model is defined as, 

θ̇i = ωi + λ∑ Wji sin(θj − θi)
N

j=1
 

where θi(t) and ωi are the phase and internal angular frequency of oscillator i 
respectively. The cortical coupling strength that is applied to the edges is denoted 

Eq. 1
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by λ. Wij is the symmetrical group matrix containing all connections between cortical 
nodes (Figure 1) and N is the total number of nodes. The set of differential equations 
(Eq. 1) was solved numerically using a Runge–Kutta solver. During every run of the 
model, each node was assigned a random initial phase, θ, uniformly distributed 
between [−π, π] and a random internal frequency, ω, uniformly distributed between 
[0, 1]. Simulations were carried out for T = 700 with a transient time of τ = 300, keeping 
these parameters the same as in previous work (3). Explorative longer runs of T = 5000 
did not change the nature of our findings. Output data from the last 400 time points 
was then used in the analyses.

Fig. 1 Structural binary input with functional output. The binary undirected adjacency matrix that describes the cor-
tical brain network in the lower triangle, and the edgewise weighted synchronization output (simulated functional 
connectivity) in the upper triangle (generated at cortical coupling factor λ = 0.02). The histogram at the bottom shows 
the degree (i.e. number of connections) of each node. Each module is color-coded and rich club nodes, distributed 
across the functional modules, are shown in black. The eleven functional modules are: (1) Default Mode, (2) Primary 
Visual, (3) Extrastriate Visual, (4) Motor, (5) Sensory, (6) Bilateral Parietal, (7) Left Parietal Frontal, (8) Right Parietal 
Frontal, (9) Auditory, (10) Salience, and (11) Frontal

Synchronization metrics and computational details 
Two order parameters r and rlink were used to describe global dynamic coherence.1 
The first order parameter, r, is based on a complex number z defined as,

𝑧𝑧(𝑡𝑡) =  1
𝑁𝑁 ∑ 𝑒𝑒𝑖𝑖𝜃𝜃𝑗𝑗(𝑡𝑡)

𝑁𝑁

𝑗𝑗=1
= 𝑟𝑟(𝑡𝑡)𝑒𝑒𝑖𝑖Φ(𝑡𝑡) 

where r(t) is the modulus of z(t). The variable r(t) is a measure of the phase 
synchrony among the population of N oscillators. Φ(t) is the average combined 
phase of all oscillators. Averaging r(t) over time yields the first order parameter, r.  
 In addition to the average phase coherence, r, the average edgewise synchrony 

1  rlink is equivalent to r*link in (3), in which the Kuramoto model was applied to the cat brain. 

Eq. 2
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also provides information about the state of the network (3,40). The edgewise 
synchrony between nodes i and j, Cij, is de defined by

𝐶𝐶𝑖𝑖𝑖𝑖 =
1
Δ𝑡𝑡 |∑ 𝑒𝑒𝑖𝑖[𝜃𝜃𝑖𝑖(𝑡𝑡)−𝜃𝜃𝑗𝑗(𝑡𝑡)]

𝜏𝜏+Δ𝑡𝑡

𝜏𝜏
| 

together forming C, the simulated functional connectivity matrix. Average edgewise 
synchronization levels are taken together to yield rlink,

𝑟𝑟link =  1
𝑁𝑁(𝑁𝑁 − 1) ∑ 𝐶𝐶𝑖𝑖𝑖𝑖

𝑖𝑖,𝑖𝑖
 

where N is the total number of nodes of the network. The phase coherence, r, and the fraction 
of synchronized node pairs, rlink, together describe the global dynamics of the system.  
 Going beyond the examination of global dynamics, synchronization dynamics 
were also studied on a modular level, analyzing nodes together on the basis of their 
functional module assignment. In order to assess the likelihood of particular nodes 
to be in synchrony, node pairs need to be classified as either synchronized or non-
synchronized. To this end the rlink parameter, ranging from 0 (total incoherence) to 1 
(perfect synchrony), was used to define the proportion of nodes that are in synchrony. 
Assuming a threshold level of synchronization, Cij, exists above which the nodes’ 
oscillatory behavior converge to full synchrony, a theoretically equivalent system 
with equal order parameter rlink, was constructed composed of N(N-1) × rlink perfectly 
coherent and N(N-1) × (1-rlink) completely incoherent node pairs, described by a binary 
synchronization matrix Fij

𝐹𝐹𝑖𝑖𝑖𝑖 = {1, 𝑁𝑁(𝑁𝑁 − 1)𝑟𝑟link largest elements of 𝐶𝐶𝑖𝑖𝑖𝑖
0, lower values of 𝐶𝐶𝑖𝑖𝑖𝑖

 

The number of edges present in F now matches the number of synchronized connections 
predicted by rlink. The node pairs showing the highest synchronization levels are thus 
categorized as synchronized, and those with lower synchrony as unsynchronized. In 
order to study synchronization levels independent of initial conditions, n = 103 trials 
were run for each cortical coupling strength λ. The Fij values were averaged across 
trials into rij such that,

𝑟𝑟𝑖𝑖𝑖𝑖 =
1
𝑛𝑛∑𝐹𝐹𝑖𝑖𝑖𝑖(𝑙𝑙)

𝑛𝑛

𝑙𝑙=1
 

where rij reflects the probability of regions i and j to be synchronized and where l is 
the trial number. Based on the probability of synchronization between any two areas, 
modular synchronization, rαβ, is calculated as,

𝑟𝑟𝛼𝛼𝛼𝛼 =  1
𝑁𝑁𝛼𝛼𝑁𝑁𝛼𝛼

∑ 𝑟𝑟𝑖𝑖𝑖𝑖
𝑖𝑖𝑖𝑖𝛼𝛼,𝑖𝑖𝑖𝑖𝛼𝛼

 

where i describes the nodes in module α, and j are nodes in module β. Nα and Nβ 
are the number of nodes in module α and β respectively. In the case of intramodular 

Eq. 4

Eq. 5

Eq. 6

Eq. 3

Eq. 7
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synchrony (α = β), Eq. 7 was slightly adapted to Eq. 8 so that synchrony within a 
node (i.e. rii) was eliminated, to avoid module size to have an effect on intramodular 
synchrony.

𝑟𝑟𝛼𝛼𝛼𝛼 = 1
𝑁𝑁𝛼𝛼(𝑁𝑁𝛼𝛼  −  1) ∑ 𝑟𝑟𝑖𝑖𝑖𝑖

𝑖𝑖,𝑖𝑖≠𝑖𝑖∈𝛼𝛼
 

The mean field representation is an alternative representation of the Kuramoto model, 
describing each oscillator’s dynamics by a centroid with a mean radius and a mean 
phase: 

�̇�𝜃𝑘𝑘 = 𝜔𝜔𝑘𝑘 − 𝑅𝑅𝑘𝑘 ∙ sin(𝜙𝜙𝑘𝑘 − 𝜃𝜃𝑘𝑘) 

derived by substituting the following expression into the original Kuramoto model 
definition of Eq. 1 (21,41): 

𝑅𝑅𝑘𝑘𝑒𝑒𝑖𝑖𝜙𝜙𝑘𝑘 =  1
𝐷𝐷𝑘𝑘

∑ 𝑊𝑊𝑘𝑘𝑘𝑘𝑒𝑒𝑖𝑖𝜃𝜃𝑗𝑗
𝑘𝑘

 

 where Rk is the radius and φk the phase of the centroid representing node k and Dk is 
the degree of node k (i.e. the number of other nodes it is connected to). The centroid’s 
radius Rk captures the phase coherence among the nodes that node k is connected 
with and, as can be seen from Eq. 9, it denotes the strength by which the mean field 
influences the frequency of node k. Rewriting Eq. 10 as follows yields each module’s 
contribution to the mean field and therefore one obtains a measure of how strongly 
each of the modules influence the frequency of node k: 

1
𝐷𝐷𝑘𝑘

∑ 𝑊𝑊𝑘𝑘𝑘𝑘𝑒𝑒𝑖𝑖𝜃𝜃𝑗𝑗
𝑘𝑘

= 1
𝐷𝐷𝑘𝑘

[∑ 𝑊𝑊𝑘𝑘𝑘𝑘𝑒𝑒𝑖𝑖𝜃𝜃𝑗𝑗 +
𝑘𝑘𝑗𝑗𝑗𝑗

∑ 𝑊𝑊𝑘𝑘𝑘𝑘𝑒𝑒𝑖𝑖𝜃𝜃𝑗𝑗 + ⋯ 
𝑘𝑘𝑗𝑗𝑗𝑗

] = 

1
𝐷𝐷𝑘𝑘

[𝐷𝐷𝑘𝑘,𝑗𝑗𝑅𝑅𝑘𝑘,𝑗𝑗𝑒𝑒𝑖𝑖𝜙𝜙𝑘𝑘,𝛼𝛼 +  𝐷𝐷𝑘𝑘,𝑗𝑗𝑅𝑅𝑘𝑘,𝑗𝑗𝑒𝑒𝑖𝑖𝜙𝜙𝑘𝑘,𝛽𝛽 + ⋯ ] 

where Dk,α is the number of connections between node k and module α, Rk,α stands 
for the influence module α has on the frequency of node k, and φk,α is the mean phase 
of module α nodes that are connected to node k. A similar expression can be used to 
describe the influence of hub nodes’ on the frequency of node k: 

𝑅𝑅𝑘𝑘,hubs𝑒𝑒𝑖𝑖𝜙𝜙𝑘𝑘,hubs =
1

𝐷𝐷𝑘𝑘,hubs
∑ 𝑊𝑊𝑘𝑘𝑘𝑘𝑒𝑒𝑖𝑖𝜃𝜃𝑗𝑗

𝑘𝑘𝑗𝑗hubs
 

If node k is connected to only one node of module α, Dk,α = 1, it follows that Rk,α = 1 
which cannot be interpreted as a measure of phase coherence. Therefore analyses 
were based on instances of Dk,α > 1. 
 As a measure of the impact of module nodes or hub nodes on nodes in another 
module, values of Rk,α were averaged over all nodes k belonging to the collection of 
nodes of interest, e.g.: 

Eq. 11

Eq. 8

Eq. 12

Eq. 9

Eq. 10
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𝑅𝑅𝛽𝛽,𝛼𝛼 =
1
𝑁𝑁𝛽𝛽
∑ 𝑅𝑅𝑘𝑘,𝛼𝛼

𝑘𝑘∈𝛽𝛽
 

 , similarly, for hubs: 

𝑅𝑅𝛽𝛽,hubs =
1
𝑁𝑁𝛽𝛽

∑ 𝑅𝑅𝑘𝑘,hubs
𝑘𝑘∈𝛽𝛽

 

where Rβ,α (or Rβ,hubs) denotes the average influence of module α nodes (or hub nodes) 
on the frequencies of module β nodes. 

Connectivity suppression 
To assess the effects of suppressed connectivity on synchrony, selected edges were 
computationally removed from the adjacency matrix (42). Hub connectivity was sup-
pressed by decoupling all hub nodes with respect to each other. Since this type of hub 
connectivity suppression alters the overall connectivity density (which may have gen-
eral consequences for network synchronization), an equal number of random edges 
was removed for reference purposes in the test condition. For trials with suppressed 
connectivity, the structural adjacency net- work, W, was adjusted by, 

𝑊𝑊𝑚𝑚,𝑛𝑛∈𝐾𝐾 = 0 

where K is the subset of nodes selected to be modulated.It is important to note that 
in the modulation conditions all hub nodes remained connected to the rest of the 
network as normal.

Nodal frequency perturbation 
In the trials where oscillator frequency was tracked, the data was grouped by module 
and a Fourier transform was applied in order to find the most powerful frequency 
within the modules. In the model trials, in which a set of nodes (i.e. hubs, random 
nodes or all nodes belonging to one of the modules) had their internal frequencies 
perturbed, the nodes were first assigned a random initial phase and internal frequency 
(as described above). Then, nodes within the selected set had their angular frequency 
increased by one. 
To test the variation among dominant frequencies of the functional modules, a 
Bartlett’s test was performed on the unperturbed modules at the cortical coupling 
factor immediately prior to when the perturbed set of nodes became synchronized 
with the rest of the modules. For this purpose, whole brain synchronization was 
defined as the point at which lowest modular frequency was within 5 % of the highest 
modular frequency. 

Results 

Global synchronization
Assessing global synchronization in the anatomical brain network with the Kuramoto 

Eq. 14

Eq. 15

Eq. 13
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model revealed a modular state for low cortical coupling strengths, λ, that quickly 
transitioned into whole brain synchrony at increased cortical coupling. The level of 
global synchronization was measured by the Kuramoto model’s order parameters r 
and rlink, denoting the extent to which nodes are in phase and the share of in-phase 
nodes respectively, where r (or rlink) close to zero indicates global incoherence and r 
(or rlink) near one reflects a state of global synchrony. 
 Figure 2a shows how levels of global synchronization progress with respect 
to cortical coupling strength. The order parameter r has been shown to follow a 
square-root function of the coupling strength λ (21), therefore the shape of the curve 
results from a square-root curve smoothed out by the heterogeneity in the intrinsic 
frequencies and by the network topology of the oscillators. A critical regime was 
observed between λ = 0.02 and λ = 0.04, indicated in blue in Figure 2a, during which 
the network abruptly switches from brain regions being synchronized locally to a 
state of global synchrony, consistent with previous work on the cat cerebral cortex 
(3). Figure 2b shows three panels of synchronization levels, or simulated functional 
connectivity, illustrating the modular state (small clusters of synchronized nodes), 
transition state (widespread synchrony arising) and global synchrony state (nearly all 
nodes in synchrony), evaluated by the Kuramoto model at cortical coupling factors λ 
= 0.02, λ = 0.03 and λ = 0.04, respectively. 

Figure 2. Global synchrony progression. The order parameters, r, reflecting global phase synchronization, and rlink, 
reflecting the synchronized node fraction, increase with the coupling factor, λ (a). The critical regime, highlighted 
in blue, is the domain during which the system quickly transitions from the modular state to whole brain synchrony. 
Panel (b) shows the simulated functional synchrony output of the model at several different cortical coupling factors. 
A notable change from synchrony within the modules (along the diagonal) to whole brain synchrony occurs as the 
coupling factor is increased. Note that for illustrative purposes color scales vary among the three realizations of 
simulated functional synchrony

Network connectivity 
Overlaying the reconstructed structural brain network, described by a binary 219 
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× 219 matrix derived from diffusion weighted imaging (DWI) data of 40 healthy 
subjects, with 11 commonly reported functional modules (see “Methods”), revealed 
that functional modules were structurally more densely connected as compared to 
the overall density of the SC matrix (Figure 1, p < 10−3, permutation test, 103 random 
selections of nodes). As a result, the highly internally connected functional modules 
produced higher levels of synchrony in our Kuramoto simulations, peaking at λ = 0.02. 
Synchrony was found to be significantly higher among node pairs that were directly 
connected by a structural connection compared with structurally unconnected node 
pairs (factor 3.9, p < 10−4, permutation test, 104 random selections of unconnected node 
pairs), reflecting the apparent overlap between the lower triangular part of the matrix 
of Figure 1, the SC matrix, and the upper triangular part containing the simulated 
synchronization levels. The high structural density of the functionally defined 
modules and their high levels of synchronization are thus indicative of a positive 
structure–function relationship, in accordance with recent literature (43–45). 

Hub selection and participation 
The anatomical brain network showed a clear rich club organization (2,20,46), with 
nodes of high degree, k, or hub nodes, being more densely interconnected than 
expected by chance (11 < k < 44). Next, using k = 26, we selected the 39 nodes (18 % of 
all nodes) having the largest number of connections (degree), as the set of anatomical 
hubs (2,3,36). These hub nodes were found to be distributed throughout the brain 
network and to participate in all 11 functional modules (Figure 1), in accordance with 
the central embedding of hubs in the anatomical network and their suggested ability 
to facilitate communication and integration between anatomically segregated brain 
regions (3,16). 

Modular synchronization 
Intramodular synchrony, reflecting the share of in-phase nodes within a functional 
module, was observed to evolve as an s-curve with respect to coupling strength in 
all 11 functional modules (Figure 3a) again with a critical regime between λ = 0.02 
and λ = 0.04 showing a steep increase in intramodular synchrony similar to global 
synchrony (Figure 2). In Figure 3b the synchronization among the hub nodes (intra-
hub synchrony) is contrasted with the intramodular synchrony levels observed in 
each of the 11 functional modules. While similar in shape, the curve corresponding to 
the hub nodes is observed to be shifted towards lower cortical coupling strengths with 
respect to the graphs of the functional modules. In other words, intra-hub synchrony is 
higher than any module’s intramodular synchrony (p < 10−4, 104 random permutations 
of connection labels ‘intra-hub’ and ‘intramodular’, 0.02 < λ < 0.05), implying that the 
rich club structure, spread out across the brain network and involved in all functional 
modules, requires less cortical coupling in order to reach synchrony than the similarly 
dense or even denser functional modules. 
 Furthermore, nodes participating in the same functional module were found 
to be more closely synchronized to each other than nodes from different modules, 
reflected by a 1.5 times higher synchrony between nodes within a module than 
between nodes in different modules (p < 10−3, 103 random permutations of connection 
labels ‘intramodular’ and ‘intermodular’, evaluated at the onset of the critical regime, 
λ = 0.02). Examining hubs showed this class of nodes to have a significantly higher 
synchronization among themselves than the nodes belonging to any functional 
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module or than an equally sized random set of nodes (p < 10−4, 104 random 
permutations of node labels ‘hub’ and ‘modular’, 0.005 < λ < 0.075), indicating that 
global hub nodes are leading the functional modules in establishing local modular 
synchrony. In addition, synchrony between a functional module and the set of hub 
nodes was found to be significantly higher than intermodular synchrony (p < l0−4, 104 
random permutations of connection labels ‘hub-module’ and ‘intermodular’) for 53 
out of all 55 combinations of functional modules (11 × 10/2) (Figure S2), suggesting the 
structure of the network supports intermodular synchronization through the strongly 
tied hub nodes.

Figure 3. Intramodular synchrony progression. Panel a shows the evolution of intramodular synchrony within each of 
the 11 functional modules. The aberration of the Frontal module near whole brain synchrony is due to a single low-
degree node. Panel b compares the intramodular synchrony of the modules to that of the hub nodes. Notably, the hub 
nodes led all of the functional modules in intramodular synchrony even though they were spatially distributed across 
the functional modules, and possessed a structural density on par with the average of the functional modules. Panel c 
shows the influence of each of the 11 modules and the hub nodes on the frequency of Default Mode Network nodes. 
The hub nodes become dominant in the process of global synchronization during the critical regime.

The mean field representation of the Kuramoto model and the break down of 
synchrony contributions across the functional modules and the hub nodes Eqs. 13 
and 14, allowed for the comparison between the contributions of modules and hub 
nodes towards global syn- chrony. Figure 3c shows the synchrony contributions 
received by the Default Mode Network from each of the functional modules and the 
hub nodes (for the other modules see Figure S3). In the critical regime between λ 
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= 0.02 and λ = 0.04, where the hub nodes become more synchronized among each 
other, the hubs exert stronger influence on the modules and take on a dominant role 
in exerting influence on the rest of the network, evidenced by the steepest increase 
in impact on functional modules compared to the change in influences exerted by 
the modules (Figure S3, paired t-test between a module’s and the hub nodes’ impact 
on the set of 11 modules, p < 0.02). Moreover, at the end of the critical regime, λ = 
0.04, the hub nodes’ influence on each of the modules is greater than that of 9 out 
of 11 modules (paired t-test, p < 0.04) and not significantly different from the two 
remaining modules (Visual and Bilateral Parietal, paired t-test, p > 0.85). 

Hub connectivity suppression 
Next, we examined the role of hub nodes in establishing global synchrony. Targeted 
suppression of structural connectivity was inflicted by computationally removing 
edges between hub nodes. For comparison, in a separate simulation, an equal number 
of random edges were removed. In simulations with suppressed connectivity (either 
between hubs or between random nodes), stronger cortical coupling was required for 
synchronization to compensate for the loss of connectivity, while the general shape 
of global synchronization progression towards a state of global synchrony remained 
the same (Figure S4). However, simulations in which hub-to-hub connectivity was 
suppressed showed a significantly higher intramodular to global synchrony ratio than 
randomly suppressed connectivity simulations (Figure 4) (p < 4.1 × l0−3, 104 random 
permutations of hub-to-hub and random connectivity suppressions, 0.015 < λ < 0.04). 
This increased intramodular to global synchrony ratio as seen in the hub suppressed 
network indicates that connections spanning between hub nodes (so-called ‘rich club 
connections’ (29)) play an important role in the integration of modules needed to 
reach global synchrony. Also in comparison with the unsuppressed, normal condition, 
suppression of hubs resulted in increased modularity (Figure S5), again illustrating 
that without interconnected hub nodes, functional modules become more separated 
and the emergence of global synchrony is hampered.

Figure 4. Modularity increased with hub connectivity suppressed. The ratio between the average intramodular syn-
chrony of the functional modules and the whole brain synchrony is displayed for the cases in which either edges 
between hub nodes or random edges have been removed. Interestingly, when hub connectivity was suppressed, in-
tramodular synchrony relative to global synchrony increased during the critical regime. Conversely, this increase in 
modularity was not observed when only random edges were removed
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Hub perturbation 
Apart from manipulating connectivity through edges as presented in the previous 
analysis, synchronization dynamics in the Kuramoto model can also be perturbed 
by offsetting the initial internal frequencies of a set of nodes. As lower levels of syn-
chronization are a trivial consequence of these frequency perturbations, we tracked 
nodal frequencies along the path towards global synchrony to examine how different 
sets of nodes affected the synchronization of the entire system. Figure 5a shows that 
with the frequency of the hub nodes perturbed, the functional modules remained out 
of synchrony with respect to each other until the hub nodes stabilized at a frequency 
near the whole brain frequency corresponding to global synchrony. In contrast, in all 
other simulations where a different set of nodes was perturbed, the frequencies of 
the unperturbed modules converged to a common global frequency, reflecting global 
synchronization, even though the perturbed set of nodes were still operating at a 
markedly higher frequency. For example, when a random set of nodes (equal in num-
ber to the hub nodes) had their internal frequencies perturbed, the remaining unper-
turbed portion of the system was found to synchronize without the perturbed set of 
nodes (Figure 5b). Similarly, perturbing the nodes of any of the 11 functional modules 
did not keep the other modules from synchronizing among one another (see Figure 5c 
for an example in which the Default Mode Network module was perturbed). Nearly 
identical findings for the remaining 10 functional modules are provided in Figure S6. 
 Testing the variation of frequencies among modules in the case of hub node 
perturbation, compared to if either a functional module or a random set of nodes was 
perturbed, showed, as depicted in Figure 5, that hub node perturbation caused the 
highest frequency variation among the functional modules (p < 6× 10−9, Bartlett’s test). 
This effect of relative global asynchrony with perturbed hub nodes remained present 
when a smaller rich club comprising 22 hub nodes, closer to the average functional 
module size of 17. 9 ± 5.1 nodes, was examined (Figure S7). Taken together, these 
frequency perturbation findings suggest that the hub nodes are essential components 
that cannot operate at frequencies isolated from the rest of the network in order for 
global synchronization to occur.

Figure 5. Modular frequency tracking during perturbation. When the internal frequencies of a particular module 
were perturbed, the evolution of the frequencies towards whole brain synchrony was tracked for each module. Panel 
(a) shows the case in which the hub nodes had their internal frequencies altered, and the rest of the modules were 
unable synchronize until the hub nodes’ frequency came down to the range of frequencies of the functional modules. 
Panel (b) shows the case in which a random set of nodes equal in number to the rich club has been perturbed. Here, 
synchronization occurred faster than when the hub nodes were perturbed, and the functional modules were able to 
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synchronize before the random nodes join at a whole brain shared frequency. Panel (c) shows the case in which the 
largest functional module (Default Mode) was altered. Note that, in this case too, the rest of the modules are able to 
synchronize before the Default Mode module joins. The insets in each graph focus on the cortical coupling factors just 
before the perturbed set of nodes became synchronized with the unperturbed functional modules. From these insets, it 
is clear that perturbing the hub nodes causes less synchrony among the non-perturbed functional modules

Macaque verification 
A reconstruction of the macaque connectome, based on an extraction from the CoCo-
Mac database (37) containing anatomical tract-tracing data (see Methods), was used 
to verify synchronization effects observed in the human cortical network. Analogous 
to the main analysis of the human cortical network, identical Kuramoto simulations 
were run on the SC data describing the macaque connectome, of which the results are 
summarized below. Findings in the macaque were in close agreement with those in 
the human: 

Global synchrony. Global synchronization in the macaque brain was observed to in-
crease with cortical coupling strength and revealed a modular state and a state of 
global synchrony separated by a critical regime (Figure S8). 
Network connectivity. Synchrony between structurally connected nodes was higher 
than synchrony between nodes not directly connected; the ratio between these two 
values peaked early in the critical regime at λ = 0.015, where synchrony in directly 
structurally connected nodes was 3.07 times higher (p < 10−5). 
Hub selection and participation. Rich club organization was found for k > 14 to k = 56. The 15 
nodes (19%) having degree k > 38 were selected as the set of hub nodes. These hubs were again 
found to be distributed across the cortical network, participating in all functional modules.  

Modular synchronization. The synchronization among hub nodes and the intramodular 
synchronization showed the characteristic s-curve progression for increasing cortical 
coupling strength, with the hub nodes synchronizing at lower cortical coupling than 
the modules. Furthermore, synchrony between a module and the hub nodes during 
the modular state (λ = 0.01) was found to be significantly higher than intramodular 
synchrony for all 6 out of 6 modules and higher than intermodular synchrony (p < 7.2 
× 10−4) for all 15 combinations of modules (6 × 5/2). 
 Hubs showed a steeper increase in their influence on the frequencies of mod-
ules during the critical regime than 4 out of 6 modules (paired t-test, p < 0.03) and at 
the end of the critical regime, the hubs’ impact on each of the modules is greater than 
that of all 6 modules (paired t-test, p < 0.04). 
Hub connectivity suppression Simulations in which hub connectivity was suppressed 
showed increased modularity (higher intramodular to global synchrony ratio, p < 
10−4, 0.01 < λ < 0.03) compared with the removal of an equal sized random set of 
connections (Figure 6a). 

Hub perturbation. Perturbation of the hub nodes revealed that the remaining 
unperturbed nodes of the network were not able to synchronize before the hub nodes 
had converged to the frequency of global synchrony (Figure 6b). In contrast, for a 
perturbed random set of nodes or a perturbed module, the unperturbed part of the 
network was still able to synchronize (Figure 6c, d). Significantly higher variation was 
observed for the hub nodes perturbed simulations than if a random set of nodes or a 
module was perturbed (p < 7 × 10−5). module was perturbed (p < 7 × 10−5).
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Figure 6. Macaque verification of hub connectivity suppression and perturbation effects. Suppressing hub connectivity 
in the macaque cortical network verified the result of increased modularity found in the human cerebral cortex network 
(Fig. 4). Throughout the critical regime modules were found to have increased intramodular synchrony when hub 
connectivity was suppressed pointing at the important role of hub nodes in establishing intermodular and global 
synchrony (a). Similar to the effects observed in the human network (Fig. 5), perturbing the internal frequencies of the 
hub nodes in the macaque cortical network prevented the modules from synchronizing (b). Perturbation of an equally 
large random set of nodes (c) or a module (d) did not keep the unperturbed part of the network from synchronizing, 
underlining the importance of the hub nodes in intermodular communication and integration

Discussion 

Our simulations of synchrony patterns based on a structural reconstruction of the 
human cortical network produce converging evidence that hub nodes act as spatially 
distributed but functionally central integrators of neural information between 
otherwise segregated functional domains. First, hub nodes showed high levels 
of synchronization among themselves and were found to be distributed across all 
functional modules. Second, suppression of connectivity among hub nodes caused 
the network to show stronger modularity in synchronization patterns. Third, 
perturbation of hub nodes’ intrinsic oscillatory behavior prevented the functional 
modules from synchronizing. We verified these findings in the macaque, using a 
connectome reconstruction based on collated tract-tracing data. Functional modules 
based on resting-state fMRI data displayed high structural density as well as strong 
intramodular synchrony, providing simulation based indications of a positive 
structure–function relationship in empirical data (29,44,47). 
 Previous modeling work revealed that the wiring of cortical networks gives 
rise to the formation of functional modules (14,48–50). Our simulations over a range 
of coupling strengths showed a critical regime (3,25) separating a modular state from 
the state of global synchrony. Although caution is needed to directly interpret the 
simulated cortical coupling strengths of cortico-cortical connections as a mechanism 
to allow a cortical network to switch between a modular state and global synchrony, 
our results do support the notion of topological organization of the cortical network to 
enable theoretical synchrony both at the modular and at the global level (51). The state 
of global synchrony itself is not to be directly interpreted as biologically meaningful, 
being merely the attractor state of the Kuramoto model. It is the progression towards 
global synchrony that reveals how synchronization—and therewith hypothesized 
binding of information (10–12)— among segregated brain regions may dynamically 
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occur. 
 Hub nodes were found to be distributed across the cortical network and to 
participate in all functional modules, consistent with previous observations (16,36,44–
46), which are characteristics well-suited to a facilitating role in intermodular 
communication and integration contributing to global synchrony (52). In further 
support of the importance of hub nodes in global synchrony, our simulation results 
show synchronization among hub nodes to be stronger than the intramodular 
synchronization of the functional modules, suggesting that the network topology is 
such that hub nodes form a closely tied and functionally linked ensemble leading the 
functional modules in establishing synchrony. Anatomically densely intra-connected 
functional modules showed the highest levels of intramodular synchrony. Hub nodes 
stood out due to their strong mutual synchronization while having a structural density 
near the average density of the functional modules, indicating strong synchrony 
among hub nodes was not purely a consequence of structural density. 
 Our observation of strong synchrony between hub nodes aligns well with 
the results of two other Kuramoto simulation studies, one on the macaque cortex, 
reporting hubs to synchronize at shorter timescales compared to other nodes (22) and 
another on the cat cortex reporting anatomical hubs to be leading the transition to 
whole brain synchrony (3). Moreover, a recent study of our group in which we used 
an alternative model for the simulation of brain dynamics (an Ising spin glass model 
(53)) showed the tendency of hub nodes to collectively be in an ‘activated state’ and to 
enrich the overall functional dynamics of the system (49). 
 Suppressing connectivity, irrespective of the targeted edges in the network, 
resulted in a reduction of global and intramodular synchrony, directly related to 
the sparser structural input. The ratio between intramodular and global synchrony 
provided more insight into the relative effect of connectivity suppression, with 
targeting the connections linking hub nodes leading to an increased intramodular 
to global synchrony ratio. Such an increase in modularity was not observed when a 
random set of connections was removed (Figure S5), indicating connections between 
hub nodes to be particularly important for intermodular communication and 
integration. 
 Further evidence of the importance of hub nodes in shaping intermodular 
functional dynamics was demonstrated by perturbing the intrinsic oscillatory behavior 
of the hub nodes. While offsetting the internal frequencies of the hub nodes did not 
have a permanent effect on the network dynamics other than a trivial change in whole 
brain synchrony state frequency, the functional modules remained desynchronized 
until the hub nodes approached a matching synchronization frequency (Figure 5a). 
Perturbing a functional module or an equal number of random nodes, by contrast, did 
not prevent the unperturbed modules from synchronizing with each other, leaving 
the perturbed set of nodes isolated (Figure 5b, c). 
 An important consideration resulting from the interpretation of rlink as 
a fraction of synchronized nodes is that the cut-off value of Cij, above which node 
pairs are considered to be in synchrony, may vary. As a consequence, node pairs 
with a relatively high level of synchronization, falling just below the cut-o value, can 
be classified as completely incoherent using this approach. Interpreting rlink as the 
fraction of synchronized nodes is most accurate where there is a clear divide between 
node pairs in their levels of synchronization. Furthermore, it should be noted that a 
binary, undirected adjacency matrix was used as structural input to our simulations, 
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resulting in each edge to contribute equally in the model drawing all nodes to a 
global frequency converging to the average of all internal node frequencies. Future 
studies could focus on modified Kuramoto model implementations, e.g. including 
connection weights, for enhanced biological plausibility (41) to further elucidate the 
observed patterns of modular and global synchronization. Another limitation arises 
from the crudeness of the suppression applied to the structural input. Reduced white 
matter integrity is linked to various psychiatric and neurological disorders, but at the 
scale of this cortical network, consisting of 219 nodes, disease effects including the 
loss of entire anatomical connections are improbable. It would therefore be of interest 
to explore the effects of connectivity suppression in a weighted approach, in which 
strengths of individual connections can be adjusted. 
 In the macaque verification analyses ‘functional’ modules were derived from 
anatomical connectivity. For consistency with our module definition in the human, 
macaque resting-state fMRI acquisitions would have been ideal. However, with 
structural and functional connectivity and modularity strongly overlapping both in 
the human (43,54) and in the macaque (47,55), the structurally defined modules are a 
valid approximation for macaque functional modules. 

Conclusion 

The synchronization patterns examined in this study provide insight into how 
anatomical hub nodes may form an infrastructure facilitating communication 
between functional modules enabling global binding and integration of information. 
The Kuramoto model’s ability to simulate structurally dependent functional 
synchrony could be further utilized to simulate neurological and neuropsychiatric 
diseases that affect the anatomical connectivity of the brain, and could potentially 
aid in understanding the relationships between disease structural abnormalities and 
changes in functional brain dynamics and connectivity. 

Acknowledgments 

KJRL was sponsored by a Fulbright Grant (http://www.fulbright.nl). MPvdH was 
supported by a VENI (#451-12-001) grant of the Netherlands Organization for 
Scientific Research (NWO) and by a Fellowship of the Brain Center Rudolf Magnus. 
LHvdB received funding from the Netherlands Organization for Scientific Research 
VICI Grant, the ALS Foundation Netherlands, the Prinses Beatrix Fonds and from the 
European Community’s Health Seventh Framework Program (FP7/2007-2013) under 
grant agreement no. 259867. The funders had no role in study design, data collection 
and analysis, decision to publish, or preparation of the manuscript.

Kuramoto simulation of neural hubs in the connectome



66

References
1.  Kaiser M, Varier S. Evolution and development 

of brain networks: from Caenorhabditis elegans 
to Homo sapiens. Netw Comput Neural Syst. 
2011 Jan;22(1–4):143–7. 

2.  van den Heuvel MP, Sporns O. Rich-club 
organization of the human connectome. J 
Neurosci. 2011 Nov 2;31(44):15775–86. 

3.  Gómez-Gardeñes J, Zamora-López G, Moreno 
Y, Arenas A. From modular to centralized 
organization of synchronization in functional 
areas of the cat cerebral cortex. PLoS One. 2010 
Jan;5(8):e12313. 

4.  Kreiter AK, Singer W. Stimulus-Dependent 
Synchronization of Neuronal Responses in the 
Visual Cortex of the Awake Macaque Monkey. 
J Neurosci. 1996;76(7):2381–96. 

5.  Lachaux JP, Rodriguez E, Martinerie J, Varela 
FJ. Measuring phase synchrony in brain signals. 
Hum Brain Mapp. 1999 Jan;8(4):194–208. 

6.  Engel AK, Fries P, Singer W. Dynamic 
predictions: oscillations and synchrony in 
top-down processing. Nat Rev Neurosci. 2001 
Oct;2(10):704–16. 

7.  Uhlhaas PJ, Singer W. Neural synchrony 
in brain disorders: relevance for cognitive 
dysfunctions and pathophysiology. Neuron. 
2006 Oct;52(1):155–68. 

8.  Uhlhaas PJ, Singer W. Abnormal neural 
oscillations and synchrony in schizophrenia. 
Nat Rev Neurosci. Nature Publishing Group; 
2010 Feb;11(2):100–13. 

9.  Ponce-Alvarez A, Deco G, Hagmann P, Romani 
GL, Mantini D, Corbetta M. Resting-State 
Temporal Synchronization Networks Emerge 
from Connectivity Topology and Heterogeneity. 
PLoS Comput Biol. 2015 Feb;11(2):e1004100. 

10.  Tononi G, Edelman GM, Sporns O. Complexity 
and coherency: Integrating information in the 
brain. Trends in Cognitive Sciences. 1998. p. 
474–84. 

11.  Sporns O, Gally JA, Reeke GN, Edelman 
GM. Reentrant signaling among simulated 
neuronal groups leads to coherency in their 
oscillatory activity. Proc Natl Acad Sci U S A. 
1989;86(18):7265–9. 

12.  Singer W, Engel AK, Kreiter AK, Munk 
MH, Neuenschwander S, Roelfsema PR. 
Neuronal assemblies: necessity, signature and 
detectability. Trends Cogn Sci. 1997;1(7):252–61. 

13.  Honey CJ, Kötter R, Breakspear M, Sporns O. 
 Network structure of cerebral cortex shapes 

funtional connectivity on multiple time 
scales. Proc Natl Acad Sci U S A. 2007 Ju 
12;104(24):10240–5. 

14.  Cabral J, Hugues E, Sporns O, Deco G. Role 
of local network oscillations in resting-state 
functional connectivity. Neuroimage. Elsevier 
Inc.; 2011 Jul 1;57(1):130–9. 

15.  Kaiser M, Hilgetag CC. Nonoptimal component 
placement, but short processing paths, due to 
long-distance projections in neural systems. 
PLoS Comput Biol. 2006 Jul;2(7):e95. 

16.  van den Heuvel MP, Sporns O. An anatomical 
substrate for integration among functional net

 works in human cortex. J Neurosci. 2013 Sep 

 4;33(36):14489–500. 
17.  Towlson EK, Vértes PE, Ahnert SE, Schafer 

WR, Bullmore ET. The rich club of the C. 
elegans neuronal connectome. J Neurosci. 2013 
Apr;33(15):6380–7. 

18.  Shanahan M. The brain’s connective core and 
its role in animal cognition. Philos Trans R Soc 
Lond B Biol Sci. 2012 Oct 5;367(1603):2704–14. 

19.  Zamora-López G, Zhou C, Kurths J. Graph 
analysis of cortical networks reveals complex 
anatomical communication substrate. Chaos. 
2009 Mar;19(1):15117. 

20.  Harriger L, van den Heuvel MP, Sporns O. Rich 
club organization of macaque cerebral cortex 
and its role in network communication. PLoS 
One. 2012 Jan;7(9):e46497. 

21.  Kuramoto Y. Chemical Oscillations, Waves, and 
Turbulance. Springer-Verlag. 1984; 

22.  Honey CJ, Sporns O. Dynamical consequences 
of lesions in cortical networks. Hum Brain 
Mapp. 2008 Jul;29(7):802–9. 

23.  Kitzbichler MG, Smith ML, Christensen SR, 
Bullmore E. Broadband criticality of human 
brain network synchronization. PLoS Comput 
Biol. 2009 Mar;5(3):e1000314. 

24.  Cabral J, Kringelbach ML, Deco G. Exploring 
the network dynamics underlying brain activity 
during rest. Prog Neurobiol. Elsevier Ltd; 2014 
Mar;114:102–31. 

25.  Villegas P, Moretti P, Muñoz M a. Frustrated 
hierarchical synchronization and emergent 
complexity in the human connectome network. 
Sci Rep. 2014 Jan;4:5990. 

26.  Vuksanović V, Hövel P. Functional connectivity 
of distant cortical regions: role of remote 
synchronization and symmetry in interactions. 
Neuroimage. 2014 Aug 15;97:1–8. 

27.  Alstott J, Breakspear M, Hagmann P, Cammoun 
L, Sporns O. Modeling the impact of lesions 
in the human brain. PLoS Comput Biol. 2009 
Jun;5(6):e1000408. 

28.  Cabral J, Hugues E, Kringelbach ML, Deco 
G. Modeling the outcome of structural 
disconnection on resting-state functional 
connectivity. Neuroimage. Elsevier Inc.; 2012 
Sep;62(3):1342–53. 

29.  van den Heuvel MP, Kahn RS, Goñi J, Sporns 
O. High-cost, high-capacity backbone for global 
brain communication. Proc Natl Acad Sci U S A. 
2012 Jul 10;109(28):11372–7. 

30.  Cammoun L, Gigandet X, Meskaldji D, Thiran 
JP, Sporns O, Do KQ, et al. Mapping the human 
connectome at multiple scales with diffusion 
spectrum MRI. J Neurosci Methods. Elsevier 
B.V.; 2012 Jan;203(2):386–97. 

31.  de Reus M a, van den Heuvel MP. Estimating 
false positives and negatives in brain networks. 
Neuroimage. Elsevier Inc.; 2013 Apr 15;70:402–9. 

32.  Beckmann CF, DeLuca M, Devlin JT, Smith SM. 
Investigations into resting-state connectivity 
using independent component analysis. Philos 
Trans R Soc Lond B Biol Sci. 2005;360(1457):1001–
13. 

33.  Damoiseaux JS, Rombouts SARB, Barkhof F, 
Scheltens P, Stam CJ, Smith SM, et al. Consistent 

chapter 3



67

resting-state networks across healthy subjects. 
Proc Natl Acad Sci U S A. 2006;103(37):13848–53. 

34.  Greicius MD, Krasnow B, Reiss AL, Menon V. 
Functional connectivity in the resting brain: a 
network analysis of the default mode hypothesis. 
Proc Natl Acad Sci U S A. 2003;100(1):253–8. 

35.  van den Heuvel M, Mandl R, Pol HH. 
Normalized cut group clustering of resting-state 
fMRI data. PLoS One. 2008;3(4). 

36.  van den Heuvel MP, Sporns O, Collin G, Scheewe 
T, Mandl RCW, Cahn W, et al. Abnormal 
Rich Club Organization and Functional Brain 
Dynamics in Schizophrenia. JAMA Psychiatry. 
2013 Jun 5;1. 

37.  Stephan KE, Kamper L, Bozkurt  a, Burns G 
a, Young MP, Kötter R. Advanced database 
methodology for the Collation of Connectivity 
data on the Macaque brain (CoCoMac). 
Philos Trans R Soc Lond B Biol Sci. 2001 
Aug;356(1412):1159–86. 

38.  Felleman DJ, Van Essen DC. Distributed 
hierarchical processing in the primate cerebral 
cortex. Cereb Cortex. 1991;1(1):1–47. 

39.  Rubinov M, Sporns O. Complex network 
measures of brain connectivity: uses and 
interpretations. Neuroimage. Elsevier Inc.; 2010 
Sep;52(3):1059–69. 

40.  Brede M. Locals vs. global synchronization in 
networks of non-identical Kuramoto oscillators. 
Eur Phys J B. 2008 Mar 21;62(1):87–94. 

41.  Breakspear M, Heitmann S, Daffertshofer A. 
Generative models of cortical oscillations: 
neurobiological implications of the 
kuramoto model. Front Hum Neurosci. 2010 
Jan;4(November):190. 

42.  de Reus M a., van den Heuvel MP. Simulated 
rich club lesioning in brain networks: a scaffold 
for communication and integration? Front Hum 
Neurosci. 2014 Aug 21;8(August):1–5. 

43.  van den Heuvel MP, Mandl RCW, Kahn RS, 
Hulshoff Pol HE. Functionally linked resting-
state networks reflect the underlying structural 
connectivity architecture of the human brain. 
Hum Brain Mapp. 2009 Oct;30(10):3127–41. 

44.  Honey CJ, Sporns O, Cammoun L, Gigandet 
X, Thiran JP, Meuli R, et al. Predicting human 
resting-state functional connectivity from 
structural connectivity. 2009;106(6):1–6. 

45.  Honey CJ, Thivierge J-P, Sporns O. Can 

structure predict function in the human brain? 
Neuroimage. Elsevier Inc.; 2010 Sep;52(3):766–
76. 

46.  de Reus M a, van den Heuvel MP. Rich club 
organization and intermodule communication 
in the cat connectome. J Neurosci. 2013 Aug 
7;33(32):12929–39. 

47.  Miranda-Dominguez O, Mills BD, Grayson 
D, Woodall A, Grant K a, Kroenke CD, et 
al. Bridging the Gap between the Human 
and Macaque Connectome: A Quantitative 
Comparison of Global Interspecies Structure-
Function Relationships and Network Topology. 
J Neurosci. 2014 Apr;34(16):5552–63. 

48.  Nicosia V, Valencia M, Chavez M, Díaz-Guilera 
A, Latora V. Remote Synchronization Reveals 
Network Symmetries and Functional Modules. 
Phys Rev Lett. 2013 Apr;110(17):174102. 

49.  Senden M, Deco G, de Reus M a, Goebel R, 
van den Heuvel M. Rich Club organization 
supports a diverse set of functional network 
configurations. Neuroimage. Elsevier Inc.; 2014 
Mar 31; 

50.  Zhou C, Zemanová L, Zamora G, Hilgetag C, 
Kurths J. Hierarchical Organization Unveiled 
by Functional Connectivity in Complex Brain 
Networks. Phys Rev Lett. 2006 Dec;97(23):238103. 

51.  Arenas A, Díaz-Guilera A, Pérez-Vicente C. 
Synchronization Reveals Topological Scales 
in Complex Networks. Phys Rev Lett. 2006 
Mar;96(11):114102. 

52.  Dehaene S, Kerszberg M, Changeux JP. A 
neuronal model of a global workspace in 
effortful cognitive tasks. Proc Natl Acad Sci U S 
A. 1998;95(24):14529–34. 

53.  Deco G, Senden M, Jirsa V. How anatomy shapes 
dynamics: a semi-analytical study of the brain 
at rest by a simple spin model. Front Comput 
Neurosci. 2012 Jan;6(September):68. 

54.  van den Heuvel MP, Sporns O. Network hubs in 
the human brain. Trends Cogn Sci. Elsevier Ltd; 
2013 Dec;17(12):683–96. 

55.  Scholtens LH, Schmidt R, de Reus MA, van den 
 Heuvel MP. Linking macroscale graph 
 analytical organization to microscale 
 neuroarchitectonics in the macaque    

connectome. J Neurosci. 2014;

Kuramoto simulation of neural hubs in the connectome



68

Supplemental information

Figure S1. Functional modules derived from resting- state fMRI data. This figure from Van den Heuvel and Sporns, 
2013, shows the location of the functional modules based on independent compo- nent analysis (ICA) of resting-state 

fMRI data.

Figure S2. Inter- and intramodular synchrony. Each bar plot corresponds to the inter- and intramodular synchrony of 
each of the 11 functional resting-state modules and the hub nodes. Shown synchronization levels were evaluated at 
the onset of the critical regime with a cortical coupling factor λ = 0.02. The hub nodes showed particularly high syn-
chrony compared with the functional modules even though they were distributed across the modules. In some cases, 
synchrony between the hub nodes and a module was even higher than the module’s intramodular synchrony (see plot 
1, 5, 6 and 8). This strong level of synchrony suggests the hub nodes’ importance for synchrony across the network.
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Figure S3. Influences on oscillation frequencies of the modules and hub nodes. For each of the 11 modules (1 plot 
per module), the influences on its frequencies of the modules and hub nodes (12 lines per plot corresponding to the 
modules and the hub nodes) are shown. The hub nodes become dominant in the process of global synchronization 
during the critical regime.
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Figure S3. Hub versus random connectivity suppression. When edges were removed from the adjacency matrix, at-
taining whole brain synchrony required a higher cortical coupling factor. Removing both random and edges between 
hub nodes produces this result.

Figure S4 Modularity increased with hub connectivity suppressed. The ratio between intramodular synchrony and 
whole brain synchrony is shown for normal, hub connectivity suppressed, and random edge suppressed states. During 
the critical regime, the random edge suppressed state was observed to be almost identical to the normal state. In 
contrast, the hub connectivity suppressed state shows a significantly increased intramodular synchrony relative to 
whole brain synchrony, reflecting stronger modularity in the hub connectivity suppressed state
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 Figure S5. Modular frequency tracking during perturbation. Next to the Default Mode module (Figure 5), the effects 
of perturbation were examined for the remaining 10 functional modules as well. In each instance, the non-perturbed 
modules synchronized before the perturbed module joined in whole brain synchrony, consistent with the Default 
Mode perturbation and distinctly different from the hub node perturbation shown in Figure 5.
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Figure S6. Small set of hub nodes perturbed. Perturbation of a smaller set of hub nodes also prevented the functional 
modules from synchronizing until the hub nodes’ frequency joined in whole brain synchrony.

Figure S8. Global synchrony progression in the macaque. The order parameters r and rlink for the macaque model 
network progressed in a manner similar to the human network (Figure 2), displaying a modular and a whole brain 
synchrony state separated by a critical regime.
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Abstract

Amyotrophic lateral sclerosis (ALS) is a fatal neurodegenerative disease, characterized 
by progressive loss of motor function. While the pathogenesis of ALS remains largely 
unknown, imaging studies of the brain should lead to more insight into structural 
and functional disease effects on the brain network, which may provide valuable 
information on the underlying disease process. This study investigates the correlation 
between changes in structural connectivity (SC) and functional connectivity (FC) of 
the brain network in ALS. Structural reconstructions of the brain network, derived 
from diffusion weighted imaging (DWI), were obtained from 64 patients and 27 
healthy controls. Functional interactions between brain regions were derived from 
resting-state fMRI. Our results show that (i) the most structurally affected connections 
considerably overlap with the most functionally impaired connections, (ii) direct 
connections of the motor cortex are both structurally and functionally more affected 
than connections at greater topological distance from the motor cortex, and (iii) there 
is a strong positive correlation between changes in SC and FC averaged per brain 
region (r = 0.44, P < 0.0001). Our findings indicate that structural and functional 
network degeneration in ALS is coupled, suggesting the pathogenic process affects 
both SC and FC of the brain, with the most prominent effects in SC. 
Key words: amyotrophic lateral sclerosis; magnetic resonance imaging; diffusion 
weighted imaging; resting-state; connectivity 

Introduction 

Amyotrophic lateral sclerosis (ALS) is a severe neurodegenerative disease characterized 
by progressive degeneration of both upper and lower motor neurons. With a median 
survival of 3 years after onset of symptoms (1,2), patients experience deteriorating 
motor function and eventually fatal respiratory failure. While a multitude of structural 
and functional imaging studies have reported disease effects in the brain, only a few 
have directly related structural to functional effects. No consensus has been reached 
yet on the interplay between structural and functional changes observed in ALS. A 
better understanding of the coupling between structural and functional disease effects 
in the brain on a macroscopic level may provide tools to extend our knowledge of the 
underlying disease process. In addition, for future application of imaging markers in 
the diagnostic phase or to monitor disease evolution it is of relevance to know how 
these measures relate to one another. 
 The brain is an integrative complex system, rather than a collection of 
independently operating regions (3–5). Hence, disease effects of neuropsychiatric 
and neurological disorders can be found in altered brain connectivity (6,7). Although 
structural connectivity (SC) has been shown to underlie, to some extent, functional 
communication between segregated brain regions (8–10), our under- standing of the 
relationship between changes in SC and functional connectivity (FC) in ALS remains 
sparse. Structural impairment of white matter tracts belonging to the motor system 
has been consistently found (11–13). Previous findings of FC abnormalities, also 
mostly related to the motor system, however, are inconsistent. Reports of enhanced 
sensorimotor network connectivity (14,15), reduced premotor FC (16) or a combination 
of increased and decreased FC (17), leave the relation between changes in SC and FC 
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an open question. 
 In the present study, both SC and FC changes were assessed on the basis 
of diffusion weighted imaging (DWI) and resting-state functional MRI (rs-fMRI). 
Combining SC and FC in a cross-modal design, this study aims to elucidate the relation 
between SC and FC abnormalities in ALS patients from a network perspective, thereby 
providing more insight into how the pathogenic process affects the brain network. 

Materials and methods

Patients 
Sixty-four patients with sporadic or familial ALS (m/f: 48/16; mean age/SD: 56.9/12.0 
years) and 27 healthy controls (m/f: 19/8; mean age/SD: 57.7/11.6 years) participated 
in this combined structural and FC study (see Table I for full demographics and 
clinical characteristics). Patients diagnosed with ALS according to the El Escorial 
criteria (18) were recruited from the outpatient clinic for motor neuron diseases of 
the University Medical Center Utrecht. Subjects did not have a history of brain injury, 
epilepsy, psychiatric illness, or neurodegenerative diseases other than ALS. The 
Ethical Committee for research into humans of the University Medical Center Utrecht 
approved study protocols. All subjects provided informed written consent according 
to the Declaration of Helsinki. 

Table I. Subject demographics and clinical characteristics. 

 Healthy control  
subjects (n = 27) 

Patients 
(n = 64) 

 Mean ± SD (range) Mean ± SD (range) 
 
Age (years) 

 
57.7 ± 11.6 (35 - 78) 
 

 
56.9 ± 12.0 (24 - 79) 
 

Male / Female 19 / 8 
 

48 / 16 
 

Site of onset [n (%)]  Bulbar 9 (14) 
  Cervical 35 (55) 
  Thoracic 0 (0) 
  Lumbosacral 17 (27) 
  Spinal 3 (5) 
Diagnostic category  
[n (%)] 

 
Definite ALS 8 (13) 

  Probable ALS 32 (50) 
  Probable ALS Lab 

Supported 17 (27) 
  Possible ALS 7 (11) 
Disease duration at scan date 
(months) 
 

 
16.5 ± 8.0 (4 – 103) 
 

ALSFRS-R   40 ± 3.5 (30 – 47) 
Progression rate  0.64 ± 0.43 (0.06 – 1.70) 

 
SD = standard deviation, ALSFRS-R = Revised ALS Functional Rating Scale,  
Progression rate = (48 – ALSFRS-R)/(disease duration in months) 
 

Image Acquisition and Preprocessing 
Imaging consisted of an anatomical T1-weighted image, DWI and rs-fMRI. All 
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imaging data were acquired on a 3 Tesla Philips Achieva Medical Scanner with a 
SENSE receiver head-coil. A high-resolution T1-weighted image was acquired for 
anatomical reference using the following parameters: 3D FFE using parallel imaging; 
TR/TE = 10/4.6 ms, flip-angle 8°, slice orientation: sagittal, 0.75 x 0.75 x 0.8 mm voxel 
size, FOV = 160 x 240 x 240 mm, reconstruction matrix = 200 x 320 x 320 covering the 
whole brain. 
 Cortical and subcortical brain regions were selected by parcellating the 
cerebrum and the brain stem into distinct, anatomically separated brain regions on 
the basis of the T1-weighted image, using the well-validated Freesurfer suite (V4.5, 
http://surfer.nmr.mgh.harvard.edu/). This included the automatic segmentation of 
gray and white matter tissue, followed by parcellation of the segmented gray matter 
mask into distinct brain regions, based on a normalized template, parcellating the 
brain into a number of brain regions, including left and right caudate nucleus, globus 
pallidum, nucleus accumbens, thalamus, amygdala, hippocampus, brain stem, and 68 
cortical brain regions. In total, 83 distinct brain regions were parcellated (19,20). 
 DWI was performed to reconstruct the white matter tracts collectively forming 
the structural brain network. From all subjects 2 sets of 30 weighted diffusion scans 
and 5 unweighted B0 scans each, were acquired as follows: DWI- MR using parallel 
imaging SENSE p-reduction 3; high angular gradient set of 30 different weighted 
directions, TR/TE = 7035/68 ms, 2 x 2 x 2 mm voxel size, 75 slices, b = 1000 s/mm2, 
second set with reversed k-space read-out. 
 DWI preprocessing included corrections for susceptibility and eddy current 
distortions, as was previously described by Verstraete et al. (21). The diffusion profile 
in each voxel of the resulting image was fitted a tensor, using a robust fit method 
based on M-estimators (22). From the fitted tensors, the fractional anisotropy (FA) 
and preferred diffusion direction, corresponding to the tensor’s principal eigenvector, 
were derived for each voxel. 
 White matter tracts were reconstructed using Fiber Assignment by 
Continuous Tracking (FACT) (23–25). In each white voxel of the brain mask white 
matter fibers were tracked, initiated by 8 seeds, going from voxel to voxel following 
the main diffusion direction in each traversed voxel. Stopping conditions for fiber 
tracking were: a voxel was reached with an FA value lower than 0.1, the trajectory of 
the trace fiber exceeded the brain mask or the streamline made a turn of more than 
45°. Furthermore, only streamlines longer than 30 mm were considered for analysis. 
 Brain networks were mathematically described as graphs. A graph consists 
of a collection of nodes and a collection of connections linking these nodes. Here, 
the nodes were taken as the 83 segmented brain regions and the connections 
represented the white matter pathways interlinking the regions. For each dataset of 
both patients and healthy controls, an individual brain network was reconstructed 
(21,26). Individual brain networks were reconstructed as follows: first, from the total 
collection of reconstructed streamlines, those that touched both region i and region j 
were selected. Then, from the selected fiber streamlines, the average FA values were 
computed as the average over all points and all included streamlines. This value was 
incorporated into cell c(i,j) in the SC matrix. If no tracts were found between regions i 
and j, the corresponding cell of the SC matrix was assigned a value of zero, reflecting 
the nonexistence of a direct tract between regions i and j in the brain network. To 
avoid potential spurious fibers, connections were considered to be present if made up 
of more than one streamline. This procedure was repeated for all regions that make 
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up the collection of nodes to obtain an undirected, weighted graph describing the 
brain network’s structure. 
 Resting-state blood oxygen level-dependent (BOLD) signals were recorded 
for a duration of 8 min. Acquisition parameters: 3D PRESTOSENSE p/s-reduction 2/2, 
TR/TE=22/32 ms using shifted echo, slice orientation: sagittal, flip-angle 10°, dynamic 
scan time 0.5 s, voxel-size 4 x 4 x 3.9 mm, FOV = 160 x 256 x 224 mm, reconstruction 
matrix = 40 x 64 x 57 (covering whole brain). A short volume acquisition was used to 
allow for a comprehensive sample mitigating aliasing of biorhythms in the frequency 
domain up to 1 Hz, effectively minimizing the contribution of respiratory and cardiac 
oscillations (0.3 and >0.8 Hz, respectively) into the resting-state lower frequencies of 
interest (0.01–0.1 Hz) (27). Preprocessing of the rs-fMRI data was performed with 
the SPM8 software package (http://www.fil.ion.ucl.ac.uk) and consisted of four 
steps. First, correcting for possible small head movements, functional time series 
were realigned. Second, to ensure overlap with the cortical parcellation maps, the 
time series were coregistered with the T1-weighted image. Third, global mean signal, 
signal of ventricles, the average time series of white matter voxels, and six motion 
parameters (resulting from the realignment process) were regressed out of the time 
series of each voxel to minimize effects of global signal drifts and potential movement. 
Fourth and last, resting-state time series were band-pass filtered to select the resting-
state frequencies of interest (0.01–0.08 Hz). 
 FC between brain regions was assessed on the basis of correlation analysis. A 
mean resting-state fMRI time series was obtained by averaging over the time series of 
all voxels contained in brain region i. Likewise, a mean resting-state fMRI time series 
was obtained for region j. The Pearson correlation coefficient between these mean 
time series, indicating the level of FC between region i and j, was entered into cell 
c(i,j) of the FC matrix. Negative correlation coefficients, reflecting functionally distinct 
brain regions (28,29), were set to zero to mark these brain regions as unconnected. 
An undirected, weighted graph describing the brain network’s functional layout was 
obtained by computing correlations between all 83 brain regions. 
 
Statistical Analyses 
Statistical analyses of altered SC and FC were carried out on the basis of structural and 
functional group matrices, containing the means of corresponding nonzero entries 
in individual matrices of all members of the group, i.e. patients or healthy controls. 
Direct connections were obtained by requiring connections to be defined in both the 
SC and the FC matrix. A mask was created to ensure the same set of connections 
was compared between patients and healthy control subjects. The group mask was 
constructed using intersection criteria: connections had to be present in at least 50% 
of the patients and, as an additional requirement the connections had to be present 
in a minimum of 50% of the control subjects. A total of 460 connections remained for 
analysis, corresponding to a sparsity of 13.5% (460/(83*82/2)). 

Overlap Between Changes in Structural and Functional Connectivity 
Affected structural and functional connections were examined using the definition of a 
difference matrix. The difference matrices for SC and FC were obtained by subtracting 
the patients’ group matrix from the healthy controls’ group matrix (Figure 1a). The 
connections were ordered by their impairment to select the most impaired structural 
and functional connections. Between these structural and functional connections, the 
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overlap was determined as the number of overlapping elements, tested for statistical 
significance against the distribution of overlaps based on 10,000 runs of two random 
selections. Overlaps were determined for selections ranging from the top 1% to the 
top 30% most impaired connections. The upper bound was chosen to be 30% to ensure 
the selected connections were clearly impaired.

Structural connectivity

Functional connectivity

-

-

=

=

b

a

Healthy controls
(n = 27)

Patients
(n = 64)

Difference

Figure 1. (a) Determination of changes in structural and functional connectivity in patients compared with healthy 
controls using difference matrices, i.e., the difference between the average connectivity matrix in healthy controls 
and the average connectivity matrix in patients. (b) Selection of connections between rings of nodes surrounding the 
motor cortex.

Changes in Connectivity as a Function of Topological Distance from the Motor Cortex 
The motor cortex is known to play a central role in the affected structural brain net-
work in ALS patients. To compare its involvement in FC to its role in SC, the nodes 
surrounding the left and right motor cortex (defined as the precentral gyrus and the 
paracentral lobule) were assigned a ring according to their topological distance (i.e., 
smallest number of steps) from the motor cortex in the healthy controls’ structural 
group matrix. In both hemispheres (including the brain stem), two rings of nodes sur-
rounding the motor cortex were thus defined. Accordingly, two sets of connections 
were distinguished: connections between the motor cortex and the first ring nodes 
(first ring connections) and connections between the first and second ring nodes (sec-
ond ring connections). For the first and second ring connections the differences in SC 
and FC were extracted from the difference matrices, as illustrated by Figure 1b. The 
average changes in SC and FC of first and second ring connections reflect the SC and 
FC impairment profile as a function of topological distance from the motor cortex. 
Group SC and FC changes found in first ring connections were compared to changes 
in the second ring connections using a two-sample t-test, to examine whether connec-
tivity impairment differed in connections close to or distant from the motor cortex. 
Paired t-tests were carried out per ring on SC and FC between healthy controls and 

chapter 4



81

patients, to check whether the average connectivity differences were significant. 

Correlation Between SC and FC Differences 
The association between SC and FC differences was examined on the whole brain lev-
el, not bounded by the subnetwork surrounding the motor cortex as in the previous 
analysis, by investigating the correlation between differences in SC and FC based on 
all connections. The mean difference in SC and the mean difference in FC between 
patients and healthy controls were computed for each node’s direct connections. The 
relationship between node-wise SC and FC differences was determined by means of 
correlation analysis. 

Results

Overlap Between Changes in Structural and Functional Connectivity The observed overlap 
between the top 10% most impaired structural and functional connections, Figure 2, 
is significantly larger than expected for random connections (P=0.003). Of the 46 top 
10% most impaired connections, the 10 connectionsthat overlapped, mainly involving 
the motor cortex, are tabulated in Table II.

Table II. Tabulation of overlapping connections among the 10% most impaired structural connections and the 10% 
most impaired functional connections. 
 

Overlapping connections 
 
left precentral  left superior parietal 
left paracentral  right posterior cingulate 
right precentral  right paracentral 
right paracentral  left posterior cingulate 
right precentral  right thalamus proper 
right paracentral  right thalamus proper 
right paracentral  right posterior cingulate 
left superior frontal  right posterior cingulate 
right superior frontal  left posterior cingulate 
right lateral orbitofrontal  right amygdala 

 A significantly larger overlap is also seen in the top 20–30% most impaired structural 
and functional connections (P<0.03). Figure 3 shows the overlaps between changes 
in SC and FC for selections ranging from the top 1% to the top 30%, along with the 
overlaps between two sets of randomly chosen connections.
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Figure 2. Connectomic representation of the brain network in which the top 10% most impaired SC connections 
(left) and the top 10% most impaired FC connections (right) as well as the overlapping connections are colored. The 
locations of homologous nodes, based on anatomy, have been symmetrized.

Figure 3. Observed overlap between the most impaired structural and the most impaired functional connections in pa-
tients (blue). Overlaps were determined for selections (x-axis) ranging from the top 1% to the top 30%, corresponding 
to the most impaired 5–138 of a total of 460 connections. The average overlaps, along with 95% confidence intervals, 
found between randomly selected connections are displayed for comparison (green). The observed overlap for the 
top 10% most impaired structural and functional connections are higher than expected for random connections (P = 
0.003).

Changes in Connectivity as a Function of Topological Distance from the Motor Cortex 
Changes in SC and FC in first and second ring connections surrounding the right 
motor cortex are presented graphically in Figure 4. Figure 5 summarizes the effects 
in SC and FC per ring. Results of the left hemisphere are similar and are displayed in 
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Supplemental Information Figures S1 and S2. On average, structural impairment of 
first ring connections amounts to a decrease in FA of 2.0 x 10-2 (P=2.93 x 10-6) and in the 
second ring this decrease is less than half as large as in the first ring: 0.8 x 10-2 (P=1.8 x 
10-5). The average FC impairment observed in first ring connections is a reduction in 
BOLD correlation coefficient of 3.7 x 10-2 (P=5.5 x 10-4), indicating there is less or less 
efficient functional communication of the motor cortex with its directly connected 
brain regions. The second ring connections were found to be functionally unaffected 
in patients (P=0.42). Table III lists all nodes along with their ring classification. The first 
ring connections are affected significantly more than those belonging to the second 
ring, both structurally (P=3.7 x 10-3) and functionally (P=1.8 x 10-3), suggesting SC and 
FC impairment are not independent but linked to one another.

Table III. Ring classification of cortical and sub-cortical nodes surrounding the right motor cortex. 

First ring nodes Second ring nodes 
  
inferior parietal 
superior frontal 
postcentral 
superior parietal 
pallidum * 
brain stem * 
hippocampus * 
thalamus proper * 
caudal middle frontal 
putamen * 
insula 
superior temporal 
parsopercularis 
supramarginal 

medial orbitofrontal 
rostral anterior cingulate 
posterior cingulate 
caudal anterior cingulate 
frontal pole 
lateral occipital 
fusiform 
pericalcarine 
cuneus 
precuneus 
isthmus cingulate 
lingual 
caudate * 
entorhinal 
parahippocampal 
amygdala * 
inferior temporal 
accumbens area * 
temporal pole 
rostral middle frontal 
lateral orbitofrontal 
parsorbitalis 
parstriangularis 
transverse temporal 
posterior banks of superior temporal 
middle temporal 

* Sub-cortical brain region 
 * Subcortical brain region
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Figure 4. Nodes connected to the right motor cortex are displayed in rings with a radius proportional to the topological 
distance from the right motor cortex. Connections in red or green correspond to structural or functional connections 
for which, respectively, reduced FA or FC was measured. (1) and (2) mark the first and second ring of nodes surround-
ing the motor cortex. The anatomical distribution of the cortical first and second ring nodes is shown in the medial 
and lateral brain images. First and second ring nodes are listed in Table III, starting from (1) and (2) going round 
clockwise.

Figure 5. FA and FC differences in patients at increasing topological distance from the right motor cortex. (*) Denotes 
significant differences between healthy controls and patients, (**) indicates impairment of the first and second ring 
differ significantly.
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In addition, correlations between first ring SC and FC impairment and the clinical 
metrics ALSFRS-R score and progression rate were explored. Individual average first 
ring SC impairment of the right motor cortex was found to be negatively correlat-
ed with ALSFRS-R score (r=-0.29, P=0.02), Figure 6. No significant correlations were 
found between ALSFRS-R scores and second ring SC or FC impairments, Figure S3 
Supplemental Information.

Figure 6. Scatter plot of ALSFRS-R scores versus first ring SC impairments of the left (a) and right (b) motor cortices. 
(*) denotes statistical significance of the correlation (P = 0.02).

Correlation Between SC and FC Differences 
The scatter plot of Figure 7 shows the connectivity changes averaged per node. A sig-
nificant positive correlation was observed between differences in SC and FC of r=0.44 
(P=3.6 x 10-5), indicating a significant association between disease-related changes 
in SC and FC in ALS. The paracentral and precentral gyri, forming the motor cor-
tex, stand out as being the most structurally impaired and at the same time the most 
functionally impaired nodes. The whole brain edge-wise correlation, comparing SC 
and FC differences of individual connections, was found to be less strong (r=0.14, 
P<0.0001), Figure S4a Supplemental Information.

Figure 7. Scatter plot of changes in FA and FC in patients averaged over each node’s direct connections fitted by a 
line with a positive gradient, indicating a positive correlation between changes in FA and FC. Positive connectivity 
changes denote impairments and negative connectivity changes mark enhancements. The color scheme to distin-
guish between motor cortex, first ring and second ring nodes (Table III) corresponds with that of Figure 4
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Discussion 

The main finding of this study integrating DWI and rs-fMRI data is the positive 
correlation between changes in SC and FC in ALS, indicating that differences in white 
matter integrity and effects of FC go hand in hand. Moreover, direct connections 
between the motor cortex and other brain regions show the largest structural and 
functional impairments in patients with ALS. 
 Analysis of SC-FC overlap revealed a significantly larger overlap than expected 
by chance between the strongest SC and FC impairments, suggesting that disease-
related reductions in SC and FC are not independent, but are rather coupled, possibly 
sharing the same pathological origin. Examining the influence of the topological 
distance from the motor cortex on the SC and FC deteriorations showed that SC 
and FC impairments are significantly larger at shorter topological distance from 
the motor cortex. This is in keeping with previous SC studies that have consistently 
found a central role for the motor cortex in brain network impairment (21,30,31). The 
association between SC and FC impairments is demonstrated most straightforwardly 
by the observed significant association between node-wise SC and FC changes 
(Figure 7). Among individual connections, no clear association between SC and FC 
impairments was observed, see Figure 2 and Supplemental Information Figure S4a. 
Our findings for the first time show that on a connection level there is no clear linear 
relationship between the extent of structural and functional impairment, whereas in 
terms of brain regions SC and FC impairment do show linear coupling. Interestingly, 
a study modeling the impact of lesions in the human brain (32), reported widespread 
changes in FC, especially for lesions along the cortical midline, while the effects of 
lesions in the primary sensory or motor regions remained more localized. Although 
more research is necessary to establish the link between structural and FC aberrations, 
these simulated effects are in support of our empirical findings of overlapping SC 
and FC impairments concentrated in the motor network (Table II).   
 Only a few other studies have directly investigated the relation between 
changes in structural and functional brain connectivity. Agosta et al. examined FA 
changes in the corticospinal tract (CST) as a measure for structural damage to the 
sensorimotor network (SMN) (14), revealing that patients with CST damage showed 
the strongest reductions in FC, findings with which our results are in strong agreement. 
Douaud et al. correlated changes in SC with FC and, as opposed to our findings, 
reported enhanced FC for structurally impaired connections (15). In addition to FC 
impairments, our results also show significantly enhanced FC, most markedly in the 
direct connections of the left caudate nucleus (Figure 7), but not in 
structurally affected brain regions. Future research should investigate the biological 
underpinnings for observed enhancements as well as impairments of FC in ALS. 
 The observed correlation between changes in SC and FC in ALS patients 
indicates that structural and functional effects are not independent, suggestive of 
a common underlying mechanism. The functionally unaffected, but structurally 
impaired second ring connections give reason to speculate that FC effects follow the 
reduced structural integrity of the brain network and arise not before the damage to 
white matter pathways has reached a certain extent. These findings are also in line with 
the observation in other neurodegenerative diseases that significant structural loss 
has occurred before clinical signs or dysfunctioning manifest (33,34). The correlation 
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between disability (i.e., ALSFRS-R scores) and first ring SC changes and the absence 
of correlations between FC changes and disability might be another indication that 
structural damage has more clinical significance. Our results suggest that, of the 
measures explored here, first ring SC changes may hold potential as a biomarker. A 
longitudinal study comparing the spread of SC impairment to that of FC impairment 
at different time points may help to further unravel the relation between SC and FC 
changes. In case reduced SC is followed by impaired FC, a functional parallel of the 
expanding loss of motor network structure (31) might be observed at later stages of 
the disease. 
 One of the limitations of our study is that only direct functional connections 
were included for analysis. As the aim of this study was to determine the relation 
between SC and FC impairments, it seems justified to just include direct connections 
so that a change in SC and FC could be computed for every connection. In addition, 
in our study a group threshold of 50% was chosen. A post hoc analysis in which 
results were examined for thresholds ranging from 30 to 70% (35), did not change 
the nature of our findings, implying the analyses are robust against group threshold 
selection. Another methodological consideration is that in diffusion tensor imaging 
(DTI) diffusion profiles are fitted a single tensor, which cannot describe a diffusion 
profile corresponding to crossing fibers and is known to yield inaccurate FA values 
in such voxels (36–38). As a result, SC effects, notably in white matter tracts between 
frontal and posterior regions crossing each other at the level of the corona radiata, 
may not be picked up. While alternative methods, such as probabilistic or multitensor 
approaches, may better detect these fibers, deterministic fiber tracking measuring 
connection strengths instead of probabilities, is more appropriate for the use of 
weighted networks. Therefore, for the type of analyses performed in the current study, 
DTI fiber tracking was the preferred method. Furthermore, findings of FC effects 
should be carefully assessed in light of the significant between-subject variation in 
rs-fMRI connectivity data (39). Future studies based on larger cohorts of patients and 
healthy controls, e.g., the combined effort of the Neuroimaging Symposium in ALS 
(NISALS) collaborators (40), will have to confirm the FC effects brought forward in 
this study. 

Conclusion 

The present findings demonstrate a clear link between changes in SC and FC in ALS, 
suggesting the pathogenic process affects both structural and FC of the brain. The 
observed coupling between SC and FC effects provides reason to explore possible 
causality. A better understanding of the structure-function relation may provide 
new insights that direct the focus in biomarker development towards structural or 
functional measures.
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Supplemental information

Correlation between FA and FC
A correlation between changes in FA and FC could be the consequence of a preexisting 
relation between FA and FC. Therefore, the correlation between FA and FC was 
investigated separately for patients and healthy controls. The Pearson’s correlation 
coefficient in both groups was close to zero (r = -0.02 in healthy controls and r = -0.01 in 
patients), indicating FA and FC are uncorrelated in healthy controls and in patients. The 
correlation between changes in FA and FC may therefore be assumed to be a disease effect. 
Consistent with previous reports (Honey et al., 2009, Van den Heuvel et al., 2013, 
Collin et al., 2013), using streamline counts rescaled to a Gaussian distribution as 
the SC measure instead of FA, a significant positive correlation was found between 
SC and FC in both our patient (r = 0.33) and healthy control group (r = 0.33). 

Changes in connectivity as a function of topological distance from the motor cortex: left hemisphere  
As for the right hemisphere, the nodes of the left hemisphere were assigned rings 
according to their topological distance from the motor cortex (Table S1). Subsequently, 
the changes in FA and FC in first and second ring connections surrounding the 
left motor cortex were examined (Figure S1). On average (Figure S2), structural 
impairment of first ring connections amounts to a decrease in FA of 1.8 x 10-2 (P = 1.4 
x 10-5). In the second ring this effect is much slighter: 3.0 x 10-3 (P = 2.7 x 10-2). The 
average functional connectivity impairment observed in first ring connections is a 
reduction in BOLD correlation coefficients of 2.9 x 10-2 (P = 5.6 x 10-5), indicating there 
is less or less efficient functional communication of the motor cortex with its directly 
connected brain regions. The second ring connections are functionally unaffected on 
average (P = 0.85). Structurally, the first ring connections of the left motor cortex are 
affected significantly more than those belonging to the second ring (P = 7.7 x 10-6) and 
functionally there is a same trend (P = 5.1 x 10-2).

Edge-wise correlation analyses of changes in SC and FC
In addition to the node-wise whole brain correlation analysis of changes SC and FC 
(Figure 7), also an edge-wise approach was used to investigate the association between 
changes in SC and FC (Figure S4a). The structural and functional connectivity changes 
of individual edges were found to be positively correlated (r = 0.14, P < 0.0001). 
The correlation did not remain significant when a similar correlation analysis was 
performed for the connections involving the motor cortex alone (Figure S4b).

First ring SC and FC impairments correlated to ALSFRS-R scores
To assess the merit of first ring SC and FC impairments as a potential marker for 
the disease stage or progression rate, average first ring FA reductions and first 
ring decreases in BOLD correlation coefficients were plotted against the ALSFRS-R 
scores (Figure S3). Only first ring SC impairment of the right motor cortex 
correlates significantly with ALSFRS-R scores (r = -0.29, P = 0.02). Neither first 
ring SC nor first ring FC impairments show a correlation with progression rate. 
 Considering the ALSFRS-R scores are based on lower motor neuron 
involvement, the correlation between ALSFRS-R scores and first ring SC impairment 
of the right motor cortex, though modest, is of interest. The more implicated the direct 
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* Subcortical brain region

Table S-I. Ring classification of cortical and sub-cortical nodes surrounding the left motor cortex. 

First ring nodes Second ring nodes 
  
superior parietal 
caudal middle frontal 
pallidum * 
superior frontal 
thalamus proper * 
hippocampus * 
brain stem * 
parsopercularis 
putamen * 
insula 
superior temporal 
supramarginal 
postcentral 
posterior banks of superior temporal 
middle temporal 

caudal anterior cingulate 
rostral anterior cingulate 
posterior cingulate 
isthmus cingulate 
lingual 
precuneus 
fusiform 
parahippocampal 
caudate * 
rostral middle frontal 
amygdala * 
medial orbitofrontal 
temporal pole 
entorhinal 
parstriangularis 
parsorbitalis 
lateral orbitofrontal 
transverse temporal 
accumbens area * 
inferior parietal 
lateral occipital 
cuneus 
pericalcarine 
inferior temporal 

* Sub-cortical brain region 
 

connections of the motor cortex are, the worse the patient’s physical condition seems 
to be. This suggests the extent of first ring involvement is indicative of the disease 
stage.
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Figure S1. Nodes connected to the left motor cortex are displayed in rings with a radius proportional to the topological 
distance from the left motor cortex. Connections in red or green correspond to structural or functional impairments, 
respectively. (1) and (2) mark the first and second ring of nodes surrounding the motor cortex. The anatomical distri-
bution of the cortical first and second ring nodes is shown in the medial and lateral brain images. First and second ring 
nodes are listed in Table S-I, starting from (1) and (2) going round clockwise.

Figure S2. SC and FC differences in patients at increasing topological distance from the left motor cortex. (*) denotes 
significant differences between healthy controls and patients, (**) indicates impairment of the first and second ring 
differ significantly.

Structural and functional connectivity impairment in ALS
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Figure S3. Scatter plot of ALSFRS-R scores vs. first ring SC (a, b, e, f) and FC (c, d, g, h) impairments of the left and 
right motor cortices. (*) denotes statistical significance of the correlation (P = 0.02).
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Figure S4. Scatter plot of changes in FA and FC in direct connections of the whole brain (a) and of the motor cortex 
alone (b), fitted by a straight line. Positive connectivity changes denote impairments and negative connectivity chang-
es mark enhancements. (*) denotes statistical significance of the correlation (P < 0.0001).

Structural and functional connectivity impairment in ALS
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Abstract

Objective. To investigate possible effects of the C9orf72 repeat expansion prior to 
disease onset, we assessed brain morphology in asymptomatic carriers. 
Methods. Aiming to diminish the effects of genetic variation between subjects, apart 
from the C9orf72 repeat expansion, 16 carriers of the repeat expansion were compared 
to 23 non-carriers from the same large family with a history of ALS. Cortical thickness, 
subcortical volumes and white matter connectivity, as assessed from high resolution 
T1-weighted and diffusion-weighted magnetic resonance images, were evaluated. For 
comparison, we included 14 C9orf72 ALS patients and 28 healthy unrelated controls.
Results. We found temporal, parietal and occipital regions to be thinner (p < 0.05) 
and the left caudate and putamen to be smaller (p < 0.05) in asymptomatic carriers 
compared to non-carriers. Cortical thinning of the primary motor cortex and 
decreased connectivity of white matter pathways (global, corticospinal tract and 
corpus callosum) were observed in C9orf72 ALS patients, but not in asymptomatic 
carriers.

Conclusions. Asymptomatic C9orf72 carriers show cortical and subcortical differences 
compared to non-carriers from the same family, possibly effects of the C9orf72 repeat 
expansion on the brain. Notably, changes in the primary motor regions and motor-
related tracts were found exclusively in patients with ALS, indicating that such motor 
changes may be a disease phenomenon.

Introduction

Amyotrophic lateral sclerosis (ALS) is a progressive neurodegenerative disease that 
demonstrates considerable overlap with frontotemporal dementia (FTD) (1), cognitive 
and behavioral impairment being present in up to 50% of the ALS patients (2,3). The 
genetic link between these clinical syndromes was established by the discovery of the 
GGGGCC expanded hexanucleotide repeat on chromosome 9, C9orf72. Accounting 
for approximately 37% of the familial ALS cases and 25% of the familial FTD cases 
(4,5), the C9orf72 repeat expansion is considered a highly pathogenic mutation for the 
development of ALS and FTD (6,7). 

Recent neuroimaging studies in ALS patients with a C9orf72 genotype have found 
widespread cerebral abnormalities, with structural involvement of frontal and 
temporal regions (8,9). The involvement of extra-motor areas, defined as regions 
outside the primary motor cortex, is thought to reflect cognitive and behavioral 
changes more commonly seen in C9orf72 patients (10–12). An unanswered question is 
whether these brain changes are already present in C9orf72 carriers, before motor or 
cognitive signs become clinically apparent. 

As brain morphology is heritable and influenced by multiple genetic factors (13–15), 
comparison of mutation carriers and non-carriers within the same family, thereby 
diminishing the effects of interfamilial genetic variation, provides a more powerful 
method to discover possible effects of a specific genotype. For this reason, we selected 

chapter 5



99

a large family with a history of ALS, established the carrier status of the C9orf72 repeat 
expansion and acquired anatomical MRI scans for assessment of cortical organization 
and white matter structure in asymptomatic family members, to study the early 
effects of the C9orf72 repeat expansion.

Methods

Recruitment
Familial ALS patients, who had received genetic counseling and who tested positive 
for the C9orf72 repeat expansion, were identified at the outpatient clinic for motor 
neuron diseases (MND) of the University Medical Center Utrecht. Through one 
of these C9orf72 ALS patients, a large family with a history of ALS was identified. 
We invited all members of this family to participate. In addition, healthy unrelated 
controls were recruited for participation. Participants were screened for a history of 
epilepsy, brain injury, or major psychiatric illnesses.

Standard protocol approvals, registrations, and patient consents
The study was approved by the Medical Ethical Committee of the University Medical 
Center Utrecht. Written informed consent was obtained from all participants.

Genetic analysis
A repeat primed PCR was used to detect the C9orf72 GGGGCC repeat in genomic 
DNA. Genetic analysis and protocols have been described previously (4). Alleles with 
30 or more repeats were defined as expanded. Participants with a repeat expansion 
(C9orf72 carriers) and without a repeat expansion (non-carriers) were identified.

Participants
We included 39 healthy family members from one large family. Within the family, 
there had been six reported cases of ALS, three of which had tested positive for the 
C9orf72 repeat expansion. The other three ALS patients had died before this study 
commenced, and DNA was not available. One family member had a medical history 
suggestive of ALS-FTD. A pedigree is provided in Figure 1 and clinical characteristics 
are included in Supplemental table e-1.

/ 0

Healthy controls
(n = 27)

Patients
(n = 64)

Structural connectivity

Difference

 Figure 1. Pedigree of patients with familial ALS and a C9orf72 repeat expansion. In this family, there were 6 
patients diagnosed with ALS and one patient with a history of dementia and muscle weakness that was not further 
specified. Three patients tested positive for the C9orf72 repeat expansion. For reasons of privacy and possible patient 
identification, carrier status of the C9orf72 repeat expansion in the asymptomatic family members is not provided in 
the pedigree. ALS = amyotrophic lateral sclerosis.

Genetic analysis identified 16 asymptomatic C9orf72 carriers and 23 non-carriers. 

Brain morphologic changes in asymptomatic C9orf72 mutation carriers
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Apart from the C9orf72 mutation, a vesicle-associated membrane protein B (VAPB) 
mutation (p.V234I) had been detected in the same family as reported previously 
(16). Additional genotyping in this family revealed that nine asymptomatic family 
members carried the VAPB mutation but only four of these were carriers of both the 
C9orf72 and VAPB mutation. We included this mutation as a covariate in the analyses. 
Genotyping of an additional newly diagnosed ALS patient (Supplemental table e-1: 
patient 7) showed no co-segregation of the VAPB mutation, suggesting that VAPB is 
not the causal gene in this family.

Procedures
Clinical and cognitive assessment
Family members were assessed by a clinician specialized in MND. Neurological ex-
amination was performed paying special attention to signs of motor neuron involve-
ment. Cognitive status of the participants was assessed using the Frontal Assessment 
Battery (FAB) and Verbal Fluency Index (VFI). We tested family members of familial 
ALS patients with the Edinburgh Cognitive and Behavioral ALS Screen (ECAS), a 
recently designed screen to determine cognitive and behavioral changes specific for 
ALS (17). Clinicians conducting the ECAS (RW and HJW) were blinded to the sub-
jects’ genetic status.

MRI acquisition
Anatomical T1- and diffusion-weighted images (DWI) were acquired using a 3 Tes-
la Philips Achieva Medical Scanner. T1 acquisition parameters: three-dimensional 
fast field echo using parallel imaging, repetition time/echo time (TR/TE)= 10/4.6 ms, 
flip angle 8°, sagittal slice orientation, 0.75x0.75x0.8 mm voxel size, field of view= 
160x240x240 mm and reconstruction matrix= 200x320x320 covering the whole brain. 
Two sets of 30 weighted diffusion scans and five unweighted B0 scans each were 
acquired as follows: DWI-MR using parallel imaging SENSE p-reduction 3, gradient 
set of 30 different weighted directions, b= 1000 s/mm2, TR/TE= 7035/68 ms, 2x2x2 mm 
voxel size, 75 slices, second set with reversed k-space read-out.

MRI processing
Cortical and subcortical regions, ventricles and the cerebellum were analyzed on the 
basis of T1 images using FreeSurfer (V.5.0.0, http://surfer.nmr.mgh.harvard.edu/). 
White matter integrity was assessed from DWI acquisitions by comparing connectiv-
ity strengths (fractional anisotropy, FA; and radial diffusivity, RD) between groups; 
see Supplementary material appendix-e1 for details on MRI processing and tractog-
raphy. Global connectivity strength was determined by computing the average con-
nectivity weight across all reconstructed tracts present in at least 50% of all subjects. 
Connectivity strengths of two motor-related tracts, the corticospinal tract (CST) and 
the corpus callosum (CC), were examined separately.

Statistical analysis
Measures of cortical thickness, subcortical, ventricular and cerebellar volumes and 
white matter integrity were statistically compared across groups in two analyses: 1) 
Asymptomatic C9orf72 carriers versus non-carriers within one family; 2) Unrelated 
C9orf72 ALS patients versus unrelated healthy controls. 
1) Asymptomatic C9orf72 carriers were compared to their non-carrier relatives using 
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a linear mixed model, including age and gender as covariates, as well as presence of 
the VAPB mutation to account for potential effects of VAPB on brain morphology. 
Moreover, kinship was included as a random effect to incorporate the dependencies 
within the pedigree (18). Bootstrapping (10,000 samples) was used for determining 
95% confidence intervals and p-values. 
2) Separately, C9orf72 ALS patients were compared to randomly sampled, healthy, 
unrelated controls, by a general linear model, including age and gender as covariates. 
Because of possible non-normality of the test statistic, permutation testing (10,000 
random permutations of group assignment) was applied. Residuals of the linear 
model were checked to be normally distributed. 
Results of both analyses were corrected for multiple testing by false discovery rate 
(FDR). P-values < 0.05, after correction for multiple testing, were considered to re-
flect statistically significant results. Unless otherwise stated, original p-values that 
reached statistical significance are reported. Since the carriers were all relatives and 
the C9orf72 ALS patients were unrelated individuals, the direct comparison between 
carriers and C9orf72 ALS patients would be biased by differences in genetic variation 
and was therefore not undertaken. Statistical analyses were performed using the R 
software package version 3.1.0 (R Foundation for Statistical Computing, http://ww-
w.R-project.org), including packages lme4, kinship2, pedigreemm and boot.

Results

Participants
Demographic and clinical characteristics of the participants are summarized in Table 
1. There were no significant differences in age (p=0.59) between asymptomatic carri-
ers and non-carriers. Carriers and non-carriers were all right-handed, except for one 
participant

Brain morphologic changes in asymptomatic C9orf72 mutation carriers
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Table 1. Demographic and clinical characteristics of study participants. 

 Asymptomatic 

C9orf72 carriers 

 

Non-carriers 

from C9orf72 

family 

C9orf72 ALS 

patients 

 

Healthy 

unrelated 

controls 

N 16 23 14 28 

Age (mean, SD) 45.5 (14.7) 41.8 (15.6) 57.1 (8.8) 61.0 (11.7) 

Gender (m:f) 9:7 16:7 9:5 20:8 

ALSFRS-R score, median 

(range) 

- - 38.5 (30-46) - 

Site of onset (bulbar:spinal) - - 2:12 - 

Disease duration in months, 

mean (range) 

- - 17 (4-35) - 

FAB, median (range) 17 (12-18) 18 (14-18) 16 (10-18)a  17 (9-18)c 

VFI, median (range) 4.9 (2.8-8.6) 6.0 (3.4-13.4) 11.1 (4.2-17.2)b 5.4 (2.8-10.8)d 

m = male, f = female. ALSFRS-R = ALS Functional Rating Scale Revised, FAB = frontal assessment battery, 

VFI = verbal fluency index. 

a n = 9, b n = 6, c n = 23, d n = 21 

 Clinical and cognitive assessment
At the time of inclusion, family members reported no symptoms of cognitive 
disturbances, and none of them showed signs of motor neuron involvement. We 
found no significant differences in cognitive performance on the ALS specific score 
and non-specific score of the ECAS between asymptomatic carriers and non-carriers. 
All C9orf72 carriers performed within the normative range of values for ALS specific 
scores and subscores (Table 2). Within the group of C9orf72 ALS patients, one ALS 
patient was officially diagnosed with ALS-FTD, whereas two other ALS patients 
showed symptoms possibly suggestive of FTD during their disease course (cognitive 
deterioration and diminished insight into their disease). VFI scores were higher in 
C9orf72 ALS patients compared to healthy controls (Mann-Whitney U, p=0.016). 
Since most of the C9orf72 ALS patients were included and scanned before the Dutch 
version of the ECAS was developed (May 2014), ECAS data of the ALS patients was 
not available.
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Table 2. Cognitive assessment of the C9orf72 carriers and non-carriers. 

 Asymptomatic 

C9orf72 carriers 

Non-carriersa  p Normative 

datab 

(mean, range) 

ECAS (median, range)     

ALS specific score (max. 100) 89.5 (79-94) 87 (78-95) 0.173 84.4 (65-96)  

  language (max.28 ) 27 (23-28) 27 (25-28) 0.884 26.1 (22-28) 

  verbal fluency (max. 24 ) 20 (18-22) 20 (16-24) 0.586 19.8 (14-24) 

  executive function (max. 48) 42.5 (35-47) 40 (30-47) 0.114 38.5 (23-47) 

ALS non-specific score (max. 36) 30 (22-33) 30(20-36) 0.188 29.9 (22-35) 

  memory (max. 24) 18 (10-21) 18 (8-24) 0.208 18.1 (10-23) 

  visuospatial function (max. 12) 12 (11-12) 12 (8-12) 0.873 11.8 (8-12) 

Education     

University degree, n 9 14   

Technical/trade school diploma, n 7 9   

ECAS = Edinburgh Cognitive and Behavioral ALS Screen 
a Missing data of one non-carrier  
b Normative data of the ECAS, based on 40 healthy Dutch control subjects 
 

Cortical thickness
Region-wise analysis revealed eight cortical regions that were thinner in carriers 
compared to non-carriers (see Figure 2a and 2c): banks of the left superior temporal 
sulcus, left cuneus, left fusiform, left inferior parietal, left isthmus cingulate, left middle 
temporal, banks of the right superior temporal sulcus, and right pars triangularis. 
With regard to the primary motor regions, we did not detect significant differences 
in cortical thickness (precentral gyrus: right p=0.349, left p=0.490; paracentral gyrus: 
right p=0.284, left p=0.694). Furthermore, there were no significant differences in the 
age-cortical thickness correlation in the precentral gyrus between carriers and non-
carriers (left p=0.3346; right p=0.125). Comparing C9orf72 ALS patients to healthy 
controls, 57 regions were thinner in ALS patients, including frontal, temporal, parietal 
and occipital regions (Figure 2b). In contrast to carriers, C9orf72 ALS patients showed 
thinning of the primary motor regions compared to healthy controls (precentral gyrus: 
right p=1.00*10-4, left p=1.00*10-4; paracentral gyrus: right p=1.00*10-4, left p=1.00*10-4). 
An overview of the region-wise analysis, with results plotted per cortical region, is 
provided in the supplement (Supplemental figure e-2 and Supplemental table e-2). 
 
Average cortical thickness (averaged across the entire cortex, both hemispheres) 
was modestly lower (4%) in asymptomatic carriers compared to non-carriers (left 
hemisphere: p=0.031, uncorrected; and right hemisphere: p=0.070, uncorrected).

Brain morphologic changes in asymptomatic C9orf72 mutation carriers



104
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A)       Asymptomatic C9orf72 carriers vs. non-carriers
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showing the individual cortical thickness values in those regions that differed between asymptomatic C9orf72 carriers 
and noncarriers.
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Subcortical volumes
Analysis of subcortical regions showed volume reduction of the left caudate 
(p=8.10*10-4), and left putamen (p=3.82*10-3) in asymptomatic carriers compared to 
non-carriers (Figure 3a). Comparing C9orf72 ALS patients to healthy controls, the 
volumes of the following regions were smaller in patients: thalami (left: p=0.012; 
right: p=0.006), putamina (left: p=0.003; right: p=0.002), right caudate (p=0.007), left 
pallidum (p=0.025), nuclei accumbens (left p=9.00*10-4; right p=0.002), hippocampi 
(left p=0.03; right p=0.014), and amygdalae (left p=0.038; right p=0.005). Differences in 
volume of the left caudate, and right pallidum did not reach significance.
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Ventricles
There were no significant differences in ventricular volumes between asymptomatic 
C9orf72 carriers and non-carriers. Ventricular enlargement was observed in C9orf72 
ALS patients compared to healthy controls (right inferior lateral ventricle (p=0.006), 
third ventricle (p=0.022), fourth ventricle (p=7.00*10-4)).

Cerebellum
There were no significant differences in gray matter volumes of the cerebellar cortex, 
either between carriers and non-carriers, or between C9orf72 ALS patients and healthy 
controls.

White matter integrity
There were no significant differences between connection strengths (FA, RD) of 
asymptomatic carriers and non-carriers at the level of the CST, CC or globally (Figure 
3b). Reductions in FA values were observed in C9orf72 ALS patients as compared 
to healthy, unrelated controls, in the CST (p=1.00*10-4) and CC (p=1.00*10-4). White 
matter integrity of the CC could not be determined in six ALS patients, because of 
fiber tracking termination; these subjects were, therefore, excluded from the analysis. 
Also, a global FA reduction was observed in C9orf72 ALS patients (p=0.0026). 
Similarly, reduced RD values were observed in C9orf72 ALS patients (CST p=1.00*10-

4; CC p=1.00*10-4; global RD p=6.00*10-4).

Discussion

In this study, comparison of asymptomatic C9orf72 carriers with their non-
carrier relatives revealed thinner temporal, parietal and occipital cortical regions 
as well as a smaller left caudate and putamen (p<0.05). We found no evidence for 
structural involvement of the motor cortex and motor-related white matter tracts in 
asymptomatic carriers. 

As brain morphology is heritable and influenced by multiple genetic factors (13–
15), neuroimaging studies focusing on specific genes face a challenge to overcome 
the effects of other genetic influences. For this reason we selected a large family 
to study the effects of C9orf72 in asymptomatic carriers compared to non-carriers. 
This comparison allowed us to diminish the effects of other genetic factors on brain 
morphology, but does not eliminate the genetic variability completely, considering 
participants carry genetic information also from the parent that married into the 
pedigree. The alternative approach of testing asymptomatic carriers in comparison 
with a large group of healthy, unrelated controls, revealed more extensive effects 
(Supplemental figure e-3), but such a study design renders unclear whether these 
effects are attributable to a shared genetic profile, independent of the C9orf72 
genotype. Considering the near complete penetrance of the C9orf72 expansion at high 
age, this pedigree provided a unique opportunity to study possible early effects of 
the expansion on brain morphology. The present findings provide a rationale for a 
broader investigation of brain morphology in asymptomatic mutation carriers. 

Structural changes distinctive for MND, including cortical thinning of the motor 
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cortex (19) or impaired integrity of the motor tracts, were absent in asymptomatic 
carriers. Our results may, therefore, indicate that these structural changes, typical 
for ALS, are not a silent risk factor that is present long before the onset of clinical 
symptoms. This is in accordance with evidence from previous studies on motor 
neuron functioning in asymptomatic SOD1-carriers, showing cortical excitability to be 
normal until several months before clinical symptom onset (20,21). Moreover, lower 
motor neuron involvement in asymptomatic SOD1-carriers has also been reported to 
develop shortly before clinical symptoms occur (22). Since the focus of our study was 
on cerebral changes, electromyography (EMG) was not performed, hence subclinical 
lower motor neuron involvement in our C9orf72 carriers cannot be fully excluded. 
Longitudinal follow-up of the family is currently underway and, with a minimum 
of one year having passed, none of the asymptomatic C9orf72 carriers has developed 
symptoms of MND, indicating they were not within months of disease onset at the 
time of their first scan. Follow-up of this family will be continued to identify possible 
early changes related to ALS or FTD. 

Extensive patterns of cortical atrophy have been reported in C9orf72 patients, both in 
ALS (8,9) and FTD (10–12,23), with gray matter loss in frontotemporal and parietal 
regions mainly being attributed to cognitive and behavioral impairment. Indeed, 
we observed widespread changes in cortical thickness in our group of C9orf72 
patients. However, the observed effects on brain morphology outside the motor 
cortex in asymptomatic carriers did not co-occur with a phenotype of cognitive 
dysfunction. Although no formal neuropsychometric testing was performed, the 
ECAS has been designed to capture cognitive disturbances specific to ALS (17,24). 
Recently, validation of the ECAS against gold standard extensive neuropsychological 
assessment demonstrated a high sensitivity and specificity (25). The observation 
of normal cognition in asymptomatic carriers is congruent with studies in FTD, 
showing cerebral changes in carriers before symptoms of dementia arise (26,27).26,27 
Asymptomatic mutation carriers thus appear to show structural differences in the 
brain compared to non-carriers, without overt clinical consequences for cognitive 
functions known to be impaired in C9orf72 associated ALS. As cognitive disturbances 
may develop over time, the ECAS will also be part of the longitudinal follow-up.

The interpretation of the observed differences between carriers and non-carriers 
outside the motor cortex remains speculative: rather than a neurodegenerative effect 
related to the onset of ALS or FTD, it might represent a developmental effect of the 
C9orf72 genotype, similar to early brain differences found in Alzheimer’s disease, that 
predisposes a carrier to neurodegeneration later in life (28). Involvement of the basal 
ganglia might result in disruption of fronto-subcortical circuits that mediate executive 
function, and consequently contribute to cognitive and behavioral impairment 
(29). Interestingly, the most pronounced effects were found in the left hemisphere. 
Considering the fact that the carriers were predominantly right-handed, our findings 
may reflect a relationship between handedness and lateralization of disease effects 
(30). 

In our study, both asymptomatic carriers and C9orf72 ALS patients showed occipital 
atrophy, congruent with previous reports of occipital involvement in ALS (9,31) and 
FTD (10,12). A recent study reported the posterior cortical regions to be early affected 
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in C9orf72-associated FTD, with cortical changes estimated to be present up to 25 
years before the expected onset of FTD (32). Neuropathologically, C9orf72 has been 
associated with TAR DNA-binding protein 43 (TDP-43) inclusions in the cortex (33). 
However, the occipital lobe is known to be relatively spared in ALS (34), and in FTD 
only the most advanced cases with the highest burden of TDP-43 pathology show 
occipital TDP-43 inclusions (35). Whether, and how, involvement of the posterior 
regions relates to ALS or FTD may be an interesting subject for further investigation. 

Previous studies observed structural involvement of the cerebellum in the ALS-
FTD spectrum (36,37), which has been linked pathologically to the C9orf72 repeat 
expansion, showing neuronal cytoplasmic inclusions in the cerebellar granule layer 
(33). By contrast, we did not find any changes in C9orf72 ALS patients. It should be 
noted that previous reports of cerebellar involvement used voxel-based approaches, 
whereas we measured total grey matter volume of the cerebellum. Therefore, highly 
localized differences may not have led to significant changes in the global cerebellar 
volumetric measures we considered. Moreover, the included ALS patients in this 
study had a relatively short disease duration at the time of inclusion (mean 1.5 years, 
range: 0.3-2.9 years) compared to the other studies (36,37). 

Studying asymptomatic C9orf72 carriers is accompanied by uncertainty regarding the 
timing of disease onset and the heterogeneity in clinical phenotypes representing a 
spectrum ranging from MND to FTD; the length of the repeat expansion has been 
suggested to contribute to the clinical variability (38), but this association is yet to 
be established. Longitudinal follow-up plays an essential part in gaining insight 
into clinical and neuroimaging characteristics (39,40). To date, no reliable factors 
are known that predict if and when asymptomatic carriers will eventually become 
symptomatic or which phenotype they will develop. Therefore, studying families 
with varying disease phenotypes along the ALS-FTD spectrum would be of particular 
interest in addressing the issue of clinical heterogeneity in relation to specific early 
neuroimaging 
changes. 

Neuroimaging research in asymptomatic mutation carriers provides a valuable 
opportunity for studying the effect of ALS and FTD susceptibility genes on the brain. 
This study demonstrates differences in brain morphology outside the primary motor 
cortex, which might be associated with the genetic predisposition to ALS or FTD. 
With this investigation of asymptomatic carriers, we are starting to unravel how 
ALS susceptibility genes result in structural involvement of the brain. Follow-up 
assessment of these carriers will contribute to a better understanding of the effects of 
the C9orf72 repeat expansion on the brain, an essential step for the development of 
preventive or therapeutic strategies.
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Supplemental information

Appendix e-1: MRI processing
T1 imaging
Cortical thickness was analyzed with the FreeSurfer image analysis suite (V.5.0.0, 
http://surfer.nmr.mgh.harvard.edu/). The cerebral cortex was parcellated in 34 
regions per hemisphere of which information on cortical thickness was assessed.1 
Additionally, seven subcortical structures, the ventricles and the cerebellum were 
automatically segmented and their volumes were computed.2

Diffusion weighted imaging
DWI datasets were pre-processed to correct for susceptibility and eddy-current 
distortions, following methods previously described.3 A tensor was fitted to the 
diffusion profile in each voxel using a robust fitting method.4 Then, from the fitted 
tensor, the fractional anisotropy (FA), radial diffusivity (RD) and preferred diffusion 
direction, corresponding to the tensor’s principal eigenvector, were derived for each 
voxel. To resolve crossing fibers, Crossing Fiber Angular Resolution of Intra-Voxel 
structure (CFARI), a technique based on the principles of compressed sensing, was 
used to detect and process voxels exhibiting multiple preferred diffusion directions.5 
White matter tracts were reconstructed according to the principles of Fiber Assignment 
by Continuous Tracking (FACT).6 In each white matter voxel of the brain mask, eight 
fiber streamlines were initiated and subsequently propagated from voxel to voxel 
by following the main, or best matching, diffusion direction in each traversed voxel. 
Fiber tracking was terminated when a voxel was reached with an FA value below 0.1, 
when the trajectory of the traced fiber exited the brain mask, or when the streamline 
changed direction by more than 45 degrees.

Measures of white matter integrity
Possible connectivity effects were investigated by comparing connectivity weights 
(FA and RD) between groups. Global connectivity strength was determined for each 
subject by computing the average connectivity weight across all reconstructed tracts 
present in at least 50% of all subjects. Connectivity strengths of two motor-related 
tracts, the corticospinal tract (CST) and the corpus callosum (CC), were examined 
separately. The connectivity strength of the CST was computed as the mean of the 
weights corresponding to the reconstructed streamlines connecting the Left precentral 
gyrus and the brain stem, and the streamlines connecting the Right precentral gyrus 
and the brain stem. The CC was selected as the interhemispheric connection linking 
the homologous pre- and paracentral gyri.

References
1. Fischl B, van der Kouwe A, Destrieux C, et al. Automatically parcellating the human 
cerebral cortex. Cereb Cortex 2004;14:11-22.
2. Fischl B, Salat DH, Busa E, et al. Whole brain segmentation: Automated labeling of 
neuroanatomical structures in the human brain. Neuron 2002;33:341-355.
3. Verstraete E, Veldink JH, Mandl RC, van den Berg LH, van den Heuvel MP. 
Impaired structural motor connectome in amyotrophic lateral sclerosis. PLoS One 
2011;6:e24239.
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estimation of diffusion tensor from low redundancy datasets in the presence of 
physiological noise artifacts. Magn Reson Med 2012;68:1654-1663.
5. Landman BA, Bogovic JA, Wan H, El Zahraa ElShahaby F, Bazin PL, Prince JL. 
Resolution of crossing fibers with constrained compressed sensing using diffusion 
tensor MRI. Neuroimage 2012;59:2175-2186.
6. Mori S, Crain BJ, Chacko VP, van Zijl PC. Three-dimensional tracking of axonal 
projections in the brain by magnetic resonance imaging. Ann Neurol 1999;45:265-269.

Supplemental table e-1: Clinical characteristics of familial ALS patients 

Generation Patient 

no. 

Mutation Gender Diagnosis Age of  

onset 

(y) 

Site of onset Age 

deceased 

(y) 

I 1 * F ALS NS NS 46.4 

II 2 * F ALS NS NS 61.9 

II 3 * M ALS NS NS 62.2 

II 4 * F Dementia 

and muscle 

weaknesa 

NS NS 71.1 

III 5 C9orf72, 

VAPB b 

F ALS 65.5 Lumbosacral 68.4 

III 6 C9orf72, 

VAPB b 

M ALS 53.9 Lumbosacral - 

IV 7 C9orf72 M ALS 39.1 Lumbosacral - 

  * DNA not available for testi  ng. a Dementia including memory problems, anxiety, behavioural changes, aphasia and 
apraxia; speech and swallowing problems. ALS = amyotrophic lateral sclerosis. NS = not specified. b Vesicle-associ-
ated membrane protein B (VAPB) mutation p.V234I.
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Supplemental figure e-1. Whole brain region-wise analysis of cortical thickness.    Scatter plots showing the individual 
cortical thickness values per cortical region (Left and Right hemisphere) in asymptomatic carriers of the C9orf72 
repeat expansion (asymp C9+), non-carriers (C9-), C9orf72 ALS patients (ALS C9+) and healthy unrelated controls 
(CO).
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Supplemental table e-2: Whole-brain region-wise comparison of cortical thickness in 

asymptomatic C9orf72 carriers vs. non-carriers. 
 

 Asymptomatic C9orf72 carriers vs. non-carriers 

 Estimate 95% CI p 

Left hemisphere    

Banks of the left superior 

temporal sulcus -0.158 (-0.246 - -0.07) 4.15*10-4 * 

Left caudal anterior cingulate -0.072 (-0.251 - 0.109) 0.432 

Left caudal middle frontal -0.055 (-0.145 - 0.036) 0.237 

Left cuneus -0.116 (-0.188 - -0.043) 0.002* 

Left entorhinal -0.172 (-0.342 - -0.002) 0.047 

Left fusiform -0.113 (-0.189 - -0.036) 0.004* 

Left inferior parietal -0.132 (-0.207 - -0.057) 0.001* 

Left inferior temporal -0.120 (-0.212 - -0.027) 0.011 

Left isthmus cingulate -0.159 (-0.263 - -0.055) 0.003* 

Left lateral occipital -0.129 (-0.233 - -0.024) 0.016 

Left lateral orbitofrontal -0.092 (-0.182 - -0.002) 0.045 

Left lingual -0.017 (-0.132 - 0.099) 0.775 

Left medial orbitofrontal -0.064 (-0.148 - 0.02) 0.136 

Left middle temporal -0.164 (-0.271 - -0.056) 0.003* 

Left parahippocampal -0.049 (-0.208 - 0.11) 0.547 

Left paracentral -0.021 (-0.125 - 0.085) 0.694 

Left pars opercularis -0.034 (-0.126 - 0.059) 0.472 

Left pars orbitalis -0.053 (-0.189 - 0.084) 0.448 

Left pars triangularis -0.093 (-0.191 - 0.006) 0.064 

Left pericalcarine 0.005 (-0.065 - 0.076) 0.882 

Left postcentral -0.049 (-0.119 - 0.021) 0.167 

Left posterior cingulate -0.075 (-0.171 - 0.021) 0.125 

Left precentral -0.023 (-0.089 - 0.043) 0.490 

Left precuneus -0.097 (-0.183 - -0.009) 0.029 

Left rostral anterior cingulate -0.126 (-0.268 - 0.016) 0.082 

Left rostral middle frontal -0.030 (-0.104 - 0.045) 0.433 

Left superior frontal -0.050 (-0.157 - 0.059) 0.368 

Left superior parietal -0.079 (-0.161 - 0.004) 0.061 

Left superior temporal -0.087 (-0.206 - 0.033) 0.153 

Left supramarginal -0.067 (-0.134 - -0.001) 0.047 

Left frontal pole -0.018 (-0.16 - 0.124) 0.804 

Left temporal pole 0.060 (-0.128 - 0.249) 0.530 
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Left transverse temporal -0.054 (-0.194 - 0.086) 0.445 

Left insula -0.052 (-0.144 - 0.041) 0.274 

Right hemisphere    

Banks of the right superior 

temporal sulcus -0.145 (-0.239 - -0.051) 0.002* 

Right caudal anterior cingulate -0.033 (-0.2 - 0.135) 0.698 

Right caudal middle frontal -0.028 (-0.128 - 0.073) 0.585 

Right cuneus -0.048 (-0.159 - 0.065) 0.407 

Right entorhinal -0.024 (-0.196 - 0.148) 0.783 

Right fusiform -0.088 (-0.19 - 0.015) 0.092 

Right inferior parietal -0.102 (-0.192 - -0.012) 0.026 

Right inferior temporal -0.094 (-0.191 - 0.005) 0.061 

Right isthmus cingulate -0.128 (-0.233 - -0.023) 0.017 

Right lateral occipital -0.106 (-0.195 - -0.018) 0.019 

Right lateral orbitofrontal -0.102 (-0.201 - -0.002) 0.046 

Right lingual -0.010 (-0.085 - 0.065) 0.793 

Right medial orbitofrontal -0.134 (-0.243 - -0.025) 0.015 

Right middle temporal -0.095 (-0.205 - 0.016) 0.093 

Right parahippocampal -0.085 (-0.253 - 0.086) 0.328 

Right paracentral -0.050 (-0.141 - 0.042) 0.284 

Right pars opercularis -0.091 (-0.176 - -0.005) 0.037 

Right parsorbitalis -0.062 (-0.219 - 0.098) 0.446 

Right pars triangularis -0.129 (-0.217 - -0.04) 0.005* 

Right pericalcarine 0.031 (-0.039 - 0.102) 0.387 

Right postcentral -0.049 (-0.114 - 0.018) 0.149 

Right posterior cingulate -0.101 (-0.181 - -0.02) 0.014 

Right precentral -0.039 (-0.119 - 0.043) 0.349 

Right precuneus -0.078 (-0.166 - 0.011) 0.084 

Right rostral anterior cingulate -0.033 (-0.163 - 0.099) 0.626 

Right rostral middle frontal -0.065 (-0.173 - 0.044) 0.237 

Right superior frontal -0.071 (-0.186 - 0.044) 0.223 

Right superior parietal -0.076 (-0.179 - 0.027) 0.147 

Right superior temporal -0.057 (-0.133 - 0.02) 0.147 

Right supramarginal -0.041 (-0.123 - 0.042) 0.327 

Right frontal pole 0.010 (-0.151 - 0.172) 0.903 

Right temporal pole -0.049 (-0.196 - 0.099) 0.519 

Right transverse temporal -0.046 (-0.185 - 0.094) 0.515 

Right insula -0.092 (-0.199 - 0.015) 0.091 
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Supplemental figure e-2. Volumes of subcortical structures. Scatter plots showing the individual values per structure 
in asymptomatic carriers of the C9orf72 repeat expansion (asymp C9+), non-carriers (C9-), C9orf72 ALS patients 
(ALS C9+) and healthy unrelated controls (CO).
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Supplemental table e-3: Comparison of subcortical structures, ventricular volumes and 

cerebellum in asymptomatic C9orf72 carriers vs. non-carriers. 

 

 Asymptomatic C9orf72 carriers vs. non-carriers 

 Estimate 95% CI p 

Subcortical structures    

Left thalamus 226.00 (-136 - 582) 0.217 

Left caudate -447.00 (-711 - -188) 0.001 

Left putamen -544.00 (-915 - -178) 0.004 

Left pallidum -28.60 (-178 - 118) 0.705 

Left hippocampus -255.00 (-490 - -23.2) 0.032 

Left amygdala -148.00 (-278 - -20.1) 0.024 

Left accumbens -61.30 (-119 - -4.93) 0.034 

Right thalamus 241.00 (-178 - 654) 0.257 

Right caudate -384.00 (-658 - -115) 0.006 

Right putamen -352.00 (-675 - -33.8) 0.032 

Right pallidum -57.80 (-184 - 66.2) 0.364 

Right hippocampus -294.00 (-571 - -18.2) 0.037 

Right amygdala -86.40 (-249 - 73.3) 0.293 

Right accumbens -49.20 (-117 - 17.8) 0.154 

Ventricles 
   Left lateral ventricle 1460.00 (-570 - 3450) 0.155 

Left inferior lateral ventricle 37.80 (-57.2 - 131) 0.432 

Right lateral ventricle 1690.00 (-268 - 3620) 0.088 

Right inferior lateral ventricle 16.30 (-121 - 151) 0.815 

Third ventricle 42.00 (-144 - 224) 0.655 

Fourth ventricle -147.00 (-555 - 258) 0.478 

Cerebellum 
   Left cerebellar cortex 577.00 (-1850 - 2960) 0.638 

Right cerebellar cortex 1040.00 (-1280 - 3330) 0.377 

 
A) B)Asymptomatic C9orf72 carriers compared to healthy 

unrelated controls
C9orf72 ALS patients compared to healthy unrelated 
controls

-log(p)
5

2

2

5
thinner

Supplemental figure e-3. Whole-brain region-wise comparison of cortical thickness in asymptomatic C9orf72 
carriers (A) and C9orf72 ALS patients (B), compared to 99 healthy unrelated control subjects. Measures of cortical 
thickness were statistically compared across groups by linear modeling, including age and gender as covariates. 
Regions that were significantly thinner are shown in blue (p < 0.05, surviving FDR correction for multiple testing).
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Supplemental table e-4: Whole-brain region-wise analysis of the association between clinical characteristics (ALS-
FRS, disease duration) and cortical thickness, subcortical structures and white mater tracts in C9orf72 ALS patients. 
In a post hoc analysis, possible associations were explored between neuroimaging measures and ALSFRS-R score 
and disease duration from time of onset) within the group of 14 ALS C9orf72 patients. Including age and gender as 
covariates, the associations were assessed using a general linear model. Because of possible non-normality of the test 
statistic, permutation testing (10,000 random permutations of group assignment) was applied. Results of both analyses 
were corrected for multiple testing by false discovery rate (FDR). P-values < 0.05, after correction for multiple testing, 
were considered to reflect statistically significant results.

 

 

 C9orf72 ALS patients 
 ALSFRS 

 p p FDR 

Left hemisphere   

Left bank of the superior 

temporal sulcus 

0.761 0.933 

Left caudal anterior cingulate 0.129 0.652 

Left caudal middle frontal 0.841 0.933 

Left cuneus 0.001 0.073 

Left entorhinal 0.302 0.818 

Left fusiform 0.832 0.933 

Left inferior parietal 0.044 0.519 

Left inferior temporal 0.818 0.933 

Left isthmus cingulate 0.075 0.577 

Left lateral occipital 0.210 0.776 

Left lateral orbitofrontal 0.787 0.933 

Left lingual 0.002 0.121 

Left medial orbitofrontal 0.205 0.776 

Left middle temporal 0.865 0.933 

Left parahippocampal 0.711 0.933 

Left paracentral 0.121 0.652 

Left pars opercularis 0.476 0.900 

Left pars orbitalis 0.690 0.933 

Left pars triangularis 0.043 0.519 

Left pericalcarine 0.439 0.891 

Left postcentral 0.641 0.933 

Left posterior cingulate 0.912 0.939 
 

 

Left precentral 0.724 0.933 

Left precuneus 0.009 0.241 

Left rostral anterior cingulate 0.236 0.799 

Left rostral middle frontal 0.737 0.933 

Left superior frontal 0.509 0.917 

Left superior parietal 0.464 0.900 

Left superior temporal 0.146 0.666 

Left supramarginal 0.387 0.853 

Left frontal pole 0.130 0.652 

Left temporal pole 0.859 0.933 

Left transverse temporal 0.077 0.577 

Left insula 0.604 0.921 

Right hemisphere   

Right bank of the superior 

temporal sulcus 

0.480 0.900 

Right caudal anterior cingulate 0.853 0.933 

Right caudal middle frontal 0.661 0.933 

Right cuneus 0.597 0.921 

Right entorhinal 0.890 0.934 

Right fusiform 0.174 0.724 

Right inferior parietal 0.395 0.853 

Right inferior temporal 0.442 0.891 

Right isthmus cingulate 0.032 0.474 

Right lateral occipital 0.055 0.528 

Right lateral orbitofrontal 0.277 0.818 

Right lingual 0.075 0.577 

Right medial orbitofrontal 0.055 0.528 

Right middle temporal 0.916 0.939 

Right parahippocampal 0.304 0.818 

Right paracentral 0.703 0.933 

Right pars opercularis 0.531 0.921 

Right parsorbitalis 0.368 0.853 

Right pars triangularis 0.251 0.818 

Right pericalcarine 0.441 0.891 

Right postcentral 0.381 0.853 

Right posterior cingulate 0.589 0.921 

Right precentral 0.605 0.921 

Right precuneus 0.782 0.933 

Right rostral anterior cingulate 0.938 0.947 

Right rostral middle frontal 0.450 0.891 
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Right rostral middle frontal 0.450 0.891 
 

 

Right superior frontal 0.398 0.853 

Right superior parietal 0.820 0.933 

Right superior temporal 0.124 0.652 

Right supramarginal 0.633 0.933 

Right frontal pole 0.692 0.933 

Right temporal pole 0.295 0.818 

Right transverse temporal 0.023 0.409 

Right insula 0.866 0.933 

Subcortical volumes   

Left thalamus 0.981 0.981 

Left caudate 0.541 0.921 

Left putamen 0.742 0.933 

Left pallidum 0.345 0.842 

Left hippocampus 0.864 0.933 

Left amygdala 0.281 0.818 

Left accumbens 0.694 0.933 

Right thalamus 0.365 0.853 

Right caudate 0.515 0.917 

Right putamen 0.871 0.933 

Right pallidum 0.921 0.939 

Right hippocampus 0.804 0.933 

Right amygdala 0.259 0.818 

Right accumbens 0.807 0.933 

Ventricles   

Left lateral ventricle 0.008 0.241 

Left inferior lateral ventricle 0.089 0.587 

Right lateral ventricle 0.114 0.652 

Right inferior lateral ventricle 0.214 0.776 

Third ventricle 0.289 0.818 

Fourth ventricle 0.343 0.842 

Cerebellum   

Left cerebellar cortex 0.787 0.933 

Right cerebellar cortex 0.686 0.933 

Connectivity strengths   

FA CC 0.335 0.842 

FA CST 0.082 0.577 

FA global 0.545 0.921 

RD CC 0.883 0.934 

RD CST 0.584 0.921 

RD global 0.179 0.724 
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Abstract

Amyotrophic lateral sclerosis (ALS) is a fatal neurodegenerative disease, characterized 
by progressive loss of motor function. While the pathogenesis of ALS remains largely 
unknown, recent histological examinations of Brettschneider and colleagues have 
proposed four time-sequential stages of neuropathology in ALS based on levels of 
phosphorylated 43 kDa TAR DNA-binding protein (pTDP-43) aggregation. What 
governs dissemination of these aggregates between segregated regions of the brain 
is unknown. Here, we cross-reference stages of pTDP-43 pathology with in vivo 
diffusion weighted imaging data of 215 adult healthy control subjects, and reveal that 
regions involved in pTDP-43 pathology form a strongly interconnected component of 
the brain network (p = 0.04) likely serving as an anatomical infrastructure facilitating 
pTDP-43 spread. Furthermore, brain regions of subsequent stages of neuropathology 
are shown to be more closely interconnected than regions of more distant stages (p 
= 0.002). Computational simulation of disease spread from first-stage motor regions 
across the connections of the brain network reveals a pattern of pTDP-43 aggregation 
that reflects the stages of sequential involvement in neuropathology (p = 0.02), a 
pattern in favor of the hypothesis of pTDP-43 pathology to spread across the brain 
along axonal pathways. Our findings thus provide computational evidence of disease 
spread in ALS to be directed and constrained by the topology of the anatomical brain 
network. 

Introduction
 
Investigations of the brain’s wiring architecture are a powerful approach in the 
examination of the pathogenic mechanisms of neurological and neuropsychiatric 
disorders (1,2). In amyotrophic lateral sclerosis (ALS) – a devastating, rapidly 
progressive neurodegenerative motor disorder – anatomical connectivity studies 
have revealed clear white matter impairments, with tracts directly linking to the 
motor cortex being the most affected (3–6). While these observations of macroscopic 
disease effects allow for important insights regarding the ultimate consequences on 
the brain, the underlying pathogenic mechanism of ALS remains largely unknown. 
Histological examinations have identified phosphorylated 43 kDa TAR DNA-binding 
protein (pTDP-43) aggregates to form a hallmark of disease pathology in sporadic 
ALS (7–9), potentially a key factor in the pathogenesis. Recently, Brettschneider and 
colleagues importantly reported a sequential distribution of pTDP-43 aggregates 
across multiple, anatomically widespread cortical and subcortical brain areas and 
defined four sequential stages of neuropathology corresponding to disease burden 
(Table 1) (10). How these pTDP-43 aggregates spread, however, remains elusive.
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Table 1. Staging of pTDP-43 implicated regions described by Brettschneider and colleagues and the map-

ping to the human and macaque brain as subjects for anatomical connectivity investigation.

Stage Implicated regions Human brain nodes Macaque cortical 

nodes 

I primary motor cortex  

supplementary motor area 

brainstem motor nuclei 

spinal cord 

precentral gyrus 

superior frontal gyrus 

brain stem 

- 

B4, B6 

SMA, SEF 

- 

- 

II middle frontal gyrus 

brainstem reticular formation 

precerebellar nuclei 

red nucleus 

caudal and rostral middle frontal gyri 

- 

- 

- 

FEF, B46, B45, B12 

- 

- 

- 

III gyrus rectus 

orbital gyrus 

postcentral neocortex 

striatum 

medial orbitofrontal gyrus 

lateral orbitofrontal gyrus 

postcentral gyrus 

caudate, putamen, accumbens area 

B14 

B11, B13 

B3aa, B3ba 

- 

IV anteromedial temporal lobe 

hippocampal formation 

entorhinal cortex 

hippocampus 

ER, B35 

TH 

 “-“ indicates the region was not covered by the parcellation scheme. a3a and 3b (postcentral gyrus) were excluded 
due to insufficient reports on the presence / absence of corticocortical connections to and from these regions in the 
macaque.

Mechanisms have been proposed for spread of neuropathology including 
contiguous models, describing cell-to-cell transfer between neighboring cells, and 
non-contiguous models describing spread between distant cells either via axonal 
transport (trans-synaptic) or through blood or cerebrospinal fluid (non-synaptic). 
In the neurodegenerative diseases of Creutzfeldt–Jacob, Alzheimer, Parkinson and 
Huntington, aggregates of misfolded proteins have been noted to trigger misfolding 
of the corresponding healthy protein in newly affected regions (11), thus initiating a 
feedback loop leading to the accumulation and propagation of pathogenic aggregates 
in a “prion-like” fashion (12). In Alzheimer disease and frontotemporal dementia 
“prion-like” trans-synaptic transmission of pathogens along connections of the 
macroscale brain network formed by white matter pathways has been simulated in 
a recent study (13), showing that patterns of cortical atrophy can be predicted by 
network diffusion models. 
 Concerning ALS, in vitro studies have revealed aggregates of pTDP-43 
to exhibit “prion-like” behavior (Furukawa et al., 2011) and there is accumulating 
evidence of active pTDP-43 transport in axons of somatomotor neurons (14). 
Combining post-mortem observations of Brettschneider and colleagues of pTDP-43 
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to aggregate in multiple cortical and subcortical regions of the brain (10) with recent 
in vivo connectivity studies showing an expanding network of affected white matter 
connections with disease progression (6), has led to the hypothesis of misfolded 
pTDP-43 to spread along axonal pathways of the brain. 
 To computationally test this hypothesis, we combined the microscopic 
histological observation of the four stages of the disease by Brettschneider and 
colleagues with information on macroscopic wiring of the mammalian brain as 
derived from ultra-high resolution in vivo diffusion weighted imaging (DWI) 
data of the Human Connectome Pro- ject (15). Using in silico simulations we show 
evidence of sequential pTDP-43 spread to be directed by the topological structure of 
the anatomical white matter pathways of the human macroscale connectome. First, 
we show a dense level of anatomical connectivity between the regions of the four 
stages of the disease. Second, we show a natural ordering of anatomical connectivity 
within this subnetwork, an organization that follows the sequential order of pTDP-43 
involvement. And third using computational modeling, we show simulated spread 
from primary motor regions along the anatomical pathways of the human connectome 
to significantly overlap with the spread of pTDP-43 aggregates as empirically 
observed by Brettschneider and colleagues. Mapping regions of the four stages to the 
macaque cortex – allowing for the inclusion of information on directed anatomical 
pathways as reconstructed from gold standard tract-tracing data – we verify the 
natural ordering of anatomical connectivity in the connectome to ‘guide’ or ‘direct’ 
disease spread, giving rise to the empirically observed sequential neuropathological 
stages. Our results illustrate the value of computational simulations in examining and 
testing potential disease mechanisms. 
 

Materials and methods 
Human connectome reconstruction 
The human macroscale connectome – a comprehensive map describing all neural 
connections between large-scale brain regions – was constructed from diffusion 
weighted MRI of 215 adult healthy control subjects of the Human Connectome Project 
(HCP, release Q3) (15). Tissue segmentation was performed on T1 images (voxel 
size: 0.7 mm isotropic) using Freesurfer (16), followed by a parcellation of the left 
hemisphere into 42 distinct brain regions, including 34 cortical regions, 7 subcortical 
structures and the brain stem (6). For additional cortex-only analyses, parcellation 
schemes of respectively 68 and 219 cortical regions – both hemispheres – were used 
(17). Processing of HCP high-resolution DWI data (1.25 mm isotropic, TR/TE = 5520/ 
89.50 ms, multiple b-values, 270 directions, 18 b0 volumes) (15) included motion, 
eddy current and susceptibility distortion corrections (18). Anatomical pathways 
were reconstructed with generalized q-sampling imaging (GQI) and streamline 
tractography (17), forming a connectome graph of edges (reflecting anatomical 
pathways) and nodes (representing brain regions). Numbers of reconstructed 
streamlines (NOS) were rescaled to a Gaussian distribution (19) and were taken as 
the connectivity strengths (edge weights) of reconstructed pathways. The group-
averaged connectome map used for connectivity analyses contained edges present in 
at least 60% of the subjects (20). 
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pTDP-43 stages 
Investigating white matter connectivity in relation with pTDP-43 neuropathology, 
anatomical locations of pTDP-43 aggregation as described by Brettschneider (10) 
were mapped to the Desikan-Killiany brain atlas (21) consisting of 42 distinct brain 
regions per hemisphere plus the brain stem as used for connectome reconstruction. 
Brettschneider and colleagues defined four stages of neuropathology based on 
sequential pTDP-43 involvement, with stage I referring to the regions implicated in 
ALS cases with least extensive patterns of pTDP-43 pathology: the precentral gyrus, 
superiorfrontal gyrus and the brain stem. Cases with higher pathological burden 
also showed pTDP-43 inclusions in stage II regions including the caudal middle 
frontal and rostral middle frontal gyri followed by stage III regions: medial and 
lateral orbitofrontal cortex, postcentral gyrus, caudate nucleus, putamen and nucleus 
accumbens. In patients with most extensive patterns of neuropathology, inclusions 
extended to stage IV regions including the entorhinal cortex and the hippocampus 
(Table 1, Fig. 1a).

 
Fig. 1. (A) Brettschneider’s regions of stages I (red) to IV (green) of pTDP-43 pathology (see for a description Table 
1) which we mapped to the MRI-based parcellation of the brain. (B) Human connectome map (left hemisphere) with 
nodes involved in pTDP-43 pathology; connections between pTDP-43 regions are highlighted. Nodes are positioned 
according to the center-of-mass of corresponding brain regions as based on the Freesurfer Desikan-Killiany atlas.
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Anatomical connectivity of pTDP-43 subnetwork 
Strengths of connections between nodes of the pTDP-43 subnetwork were tested 
against connection strengths of connections linking the pTDP-43 component to the 
rest of the brain using two sample t-tests, to examine whether anatomical connectivity 
may contribute to confinement of spread within the pTDP-43 subnetwork. In addition, 
to test the significance of the internal wiring strength of the pTDP-43 subnetwork 
(i.e. the mean strength of connections between pTDP-43 nodes) in an absolute sense, 
instead of relative to connectivity strength with the rest of the brain (see above), a null 
distribution of internal wiring strengths was computed for 1000 random subnetworks. 
Each random subnetwork was composed of randomly drawn ipsilateral nodes, equal 
in number to the number of regions in the pTDP-43 subnetwork. The proportion of 
random subnetworks with an equal or higher internal wiring strength than that of the 
pTDP-43 subnetwork denoted the p-value. 

Sequential ordering in anatomical connectivity 
Weighted path length – a graph theoretical metric expressing the minimal sum of 
inverse weights of connections that need to be traversed when traveling from one 
node to another in the network – was computed between all nodes, such that shorter 
weighted paths reflected higher communication efficiency between node pairs (22,23). 
Averaging the weighted path lengths between node pairs of two stages yielded the 
network topological distance between two stages. A sequential ordering in network 
topological distances between nodes of stage I, stage I to II, stage I to III and between 
stage I and IV was evaluated by means of the Jonckheere–Terpstra statistical test, 
directly testing a staircase ordering effect of successively increasing distances between 
regions of the four pTDP-43 stages. Similarly, for 1000 random permutations of stage 
I, II, III and IV labels the Jonckheere–Terpstra test-statistic was evaluated. This way 
the observed group ordering effect could be compared with a distribution of ordering 
effects resulting from random configurations of pTDP-43 regions across stages, i.e. 
the null distribution. The proportion of random permutations showing an equal or 
stronger increasing group effect among stages yielded the p-value. 

In silico simulation of disease spread 
Axonal disease spread 
A computational random walker spread model (24,25) was used to simulate axonal 
spread of dis- ease as a walking particle along the pathways of the structural 
connectome. Starting in one of the stage I regions (i.e. in the precentral gyrus, superior 
frontal gyrus or in the brain stem, one at a time), a ‘random walker’ particle was 
simulated to travel from one brain region to another along network edges (being the 
anatomical connections). The particle chose an edge from the total set of connections 
of a node to continue its path (reflecting spread), with the probability of an edge 
to be chosen proportional to its connectivity strength. When a simulated particle 
arrived in a brain region (simulating a region becoming affected), in the next step 
a new random walker emanated from the newly and previously affected regions. 
Regions were allowed to be revisited, with 2 or more new walkers emanating from 
a revisited region depending on the number of times it had been visited (simulating 
aggregation in a positive feedback loop). The process was iterated 5 times, allowing 
the initial walker to have visited a maximum of 5 other regions besides its seed region 
(9 iterations for 219 sized cortical parcellations). Repeating this for 10,000 seedings 
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in randomly chosen stage I regions, the amount of aggregated walkers in a region 
was evaluated as the number of times it had been visited (simulating aggregation 
of pathology over time). Average levels of total aggregation per stage were tested 
for an ordering effect using the Jonckheere–Terpstra test. Significance was assessed 
by comparing the Jonckheere–Terpstra test-statistic against a distribution of values 
obtained by 1000 random permutations of the stage I, II, III and IV assignments of 
regions (referred to as null-model a). Additionally, the significance of stage I regions 
as potential sources of disease spread was assessed using a null-model choosing 
random combinations of seed regions 1000, times (null-model b). The proportion of 
the random permutations yielding a test-statistic larger than that of the actual stage 
I, II, III and IV regions (null-model a) and with the actual stage I seed regions (null-
model b) denoted the p-value. 
 
Spatial disease spread 
In simulations of the spatial spread model, in contrast to the axonal model, a ‘random 
walker’ particle was simulated to travel from its seed region to any other brain region 
with the probability of choosing a destination inversely proportional to the Euclidean 
distance between both regions, preferentially affecting spatially neighboring regions. 
Upon the walker’s arrival the visited region was simulated to become affected too, 
and a new set of walkers was initiated from the affected regions. Next steps and 
parameters were identical to the simulations of axonal spread described above. 

Validation in the macaque 
Analyses and simulations were repeated on a connectome reconstruction of 
the macaque cortex in order to validate findings on human connectome wiring. 
Reconstruction of white matter connectivity in the macaque was based on gold 
standard tract-tracing experiments. Tract-tracing information on anatomical 
connectivity between 78 non-overlapping regions of the Felleman & Van Essen 91 
(FE ‘91) (26) anatomical atlas of the macaque cortex was obtained from the freely 
accessible CoCoMac tract-tracing neuroinformatics database (27). This resulted in a 
directed 78 × 78 anatomical connectivity matrix of the macaque cortex (a detailed 
description of this connectome extraction is provided in Scholtens et al., 2014). pTDP-
43 regions of the four stages were mapped to homologous regions in the FE ‘91 atlas 
of the macaque cortex (see Table 1). 

Results
 
Anatomical connectivity of pTDP-43 regions 
The mapped pTDP-43 regions (Fig. 1b) showed significantly higher mutual 
connectivity strength (DWI reconstructed fiber streamline count), as compared 
to connections linking the pTDP-43 regions to the rest of the brain network (11% 
higher, p = 1.5 * 10−5), imposing constraints on spread across axonal pathways from 
these regions. Furthermore, the average connection strength between regions of the 
pTDP-43 subnetwork was higher compared to that of random subnet- works (p = 
0.04), indicating that pTDP-43 affected regions form a strongly anatomically wired 
subnetwork both in an absolute sense and relative to its embedding in the rest of the 
brain network. 
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Sequential ordering in anatomical connectivity 
With pTDP-43 regions shown to form a densely interconnected, constrained 
subnetwork, graph theoretical examination revealed a clear, significant ordering of 
pTDP-43 regions based on network topological distance. Regions of stages I to IV 
showed a clear sequential ordering (p = 0.002, 1000 random permutations of stage 
assignments), with network topological distance between regions of stage I being the 
shortest, followed by the distance between stages I and II, then between I and III, and 
then between I and IV (Fig. 2a). Network topological distances starting from stage II 
and III regions showed the same trend of distance increasing with spanned stages 
(Fig. 2b shows the matrix of network topological distances between all stages). These 
findings are a first indication of the natural (i.e. healthy) topological structure of brain 
wiring of the connectome to form an anatomical infrastructure for sequential spread 
of pTDP-43 pathology between brain regions.

Fig. 2. (A) Network topological distance between nodes of stage I, stage I and stage II, stages I and III and between 
stages I and IV show a strong ordering effect (p = 0.002). Significance of differences in network topological distances 
between stages is marked as follows: *p < 0.05, **p < 0.005. (B) Matrix of mean network topological distances 
between all four stages.

In silico simulation of disease spread 
Axonal disease spread 
Next, we adopted a computational model to simulate pTDP-43 spread across the 
connectome. Starting from stage I regions, disease spread was simulated by means 
of a random walker model, simulating pTDP-43 to travel along connections of the 
connectome from brain region to region, affecting other regions on its path. This 
simulation resulted in the highest levels of aggregation to occur in stage I and II 
regions, followed by stages III and IV, overlapping the exact same sequential stages of 
neuropathology as empirically observed by Brettschneider (Fig. 3a, p = 0.02 compared 
with random permutations of stage assignments to the pTDP-43 regions (null-model 
a), p = 0.015 compared with random seed regions (null-model b)). Furthermore, 
simulating aggregation levels across the entire brain network revealed the highest 
levels of simulated aggregation in regions of the pTDP-43 subnetwork (Fig. 4), with 
the exception of superior parietal cortex and the thalamus. Aggregation levels in the 
right hemisphere, contralateral to the seeded regions, showed the same pattern as 
observed in the left hemisphere, confirming the ordering among pTDP-43 stages. 
 Cortex-only simulations based on parcellation schemes of, respectively, 68 
and 219 regions again yielded a significant ordering effect (68-sized parcellation: p 
= 0.05 (null-model a), p b 0.001 (null-model b); 219- sized parcellation: p = 0.01 (null-
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model a), p = 0.005 (null-model b)) among simulated aggregation levels overlapping 
the sequential pTDP-43 involvement (Fig. S1 shows simulated aggregation levels 
across the cortex using the 68- and 219-sized cortical parcellation schemes).

Fig. 3. (A) Simulated axonal spread on the basis of anatomical wiring of the healthy human connectome resulted 
in highest levels of simulated aggregation in stage I and significantly lower levels in subsequent stages II to IV, an 
ordering (p = 0.02) overlapping the empirical findings of Brettschneider. An asterisk marks the significance of the 
differences between subsequent stages in simulated aggregation levels: p < 0.0001. (B) Modeling spatial spread, no 
such ordering among stages was observed in the simulated aggregation levels (p > 0.9).

Fig. 4. Simulated levels of pTDP-43 aggregation by the axonal spread model evaluated for all 83 regions of the whole 
brain parcellation. Aggregation levels in the right hemisphere reflect those in the left hemisphere in which ‘random 
walker’ particles were seeded. Stage I and II regions show the highest levels of aggregation in both hemispheres, in 
accordance with the sequential pTDP-43 involvement.

Spatial disease spread 
A spatial (contiguous) disease spread model – in which spread was dictated by 
spatial distance from seed regions – was tested against the empirical pTDP-43 
staging as an alternative model to axonal disease spread. In contrast to the axonal 
(non-contiguous) model of disease spread, spatial spread did not result in an ordered 
pattern of aggregation as observed empirically. Simulations of spatial spread showed 
no descending pattern (Fig. 3, p > 0.9). For the cortical parcellation of 68 regions, 
levels of simulated pTDP-43 aggregation did show a significant descending pattern 
over stages (Fig. S1, p < 10−4). At the higher resolution cortical parcellation of 219 
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regions a flat profile of aggregation levels over stages was observed (Fig. S1, p > 0.9), 
a pattern not concurring with the empirical pTDP-43 staging. Simulation findings 
thus converge on the notion of the anatomical wiring of the brain, rather than spatial 
distance to underlie sequential pTDP-43 involvement. 

Validation in the macaque 
A validation analysis on the macaque connectome – with white matter connectivity 
now defined on the basis of collated tract-tracing data derived from the CoCoMac 
database – confirmed human DWI findings. First, similar to the human dataset, 
testing connectivity between homologous pTDP-43 regions in the macaque cortex 
(Table 1, Fig. 5a) revealed a significantly higher level of connectivity strength between 
pTDP-43 regions as compared to connections linking the pTDP-43 regions to the rest 
of the brain (p = 0.001). Furthermore, the internal wiring strength of the pTDP-43 
subnetwork was found to be significantly stronger than expected based on random 
subnetworks (p = 0.007). Second, again similar to the human data, a significant 
ordering of increasing network topological distances was present between regions of 
more distant stages (i.e. I–>I, I–>II, I–>III, I–>IV, p < 0.001, 1000 random permutations 
of stage assignments, Figs. 5b and d). Third, in silico simulations resulted in 
aggregation levels decreasing with more advanced stages, overlapping the observed 
pTDP-43 staging (Fig. 5c, p = 0.02 compared with random permutations of pTPD-43 
regions across stages (null-model a), p < 0.001 compared with random seed regions 
(null-model b)). Taken together, these findings are consistent in all three lines with 
observations in the human DWI data.

Fig. 5. (A) Schematic representation of homologous regions of neuropathology stages in macaque cortex. (B) 
Network topological distances between nodes of stage I and more distant stages show a clear ordering effect (p < 
0.001). Significant differences in network topological distances between stages are marked with an asterisk (*p < 
0.005). (C) Simulation on the basis of connectome wiring reveals highest aggregation in stage I and significantly 
lower levels in subsequent stages (p = 0.009). Two asterisks mark the significance of the difference between subse-
quent stages in simulated aggregation levels (**p < 0.0001). Results show strong overlap with human findings (Fig. 
1). (D) Matrix of network topological distances between all four stages.
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Discussion 

Our examination brings forward evidence of pTDP-43 to be propagated along the 
natural axonal wiring structure of the human brain. Modeling disease spread along the 
anatomical pathways of the connectome by combining information of recent histology 
findings of microscale pTDP-43 aggregation in ALS (10) with high-resolution DWI of 
the human brain, reveals three lines of evidence that pTDP-43 follows a topological 
pattern of spread along the anatomical pathways of the brain. 
 First, examining the level of connectivity between Brettschneider’s pTDP-
43 regions revealed pTDP-43 implicated regions to form a densely interconnected 
anatomical subnetwork within the entire brain. The configuration of these regions 
in a relatively isolated subnetwork underlies the empirical observations of pTDP-
43 pathology to initially remain confined to the primary and secondary motor 
networks. Second, network topological distance between pTDP-43 regions are shown 
to increase for region pairs spanning more stages, indicative of the underlying 
white matter wiring architecture of the brain to direct disease spread. A third line 
of evidence comes from our in silico simulations of axonal disease spread, revealing 
sequential aggregation from regions in stage I to regions in stage IV, an ordering 
of regions showing strong overlap with the empirically observed ordering of pTDP-
43 involvement in postmortem brains by Brettschneider and colleagues. Moreover, 
consistent results on all three lines of evidence are observed in macaque data with 
anatomical connectivity derived from gold standard tract-tracing experiments. Taken 
together, analyses of the topological organization of the healthy brain’s white matter 
network and simulations of disease spread using a connectome-based model reveal 
the connectome to intrinsically favor, or guide, the histologically observed sequential 
staging of neuropathology. Our findings thus suggest the natural topological 
architecture of the brain’s network to form an anatomical infrastructure for disease 
propagation in ALS. 
 Comparing simulation results of the axonal and spatial spread models show 
that sequential pTDP-43 pathology involvement at the macroscale is better explained 
by our hypothesized non-contiguous, axonal model than by a spatial contiguous 
mechanism. At the cellular level however, contiguous, cell-to-cell transmission could 
be at play, supported by patterns of symptom spread to adjacent body regions (28) 
and, more directly, by the detection of Flag TDP-43 messenger RNA contralateral to 
the injection site in the spinal cord of a primate model (29). Since deceased patients 
show different burdens of pTDP-43 neuropathology varying from inclusions in stage 
I regions exclusively to involvement of brain regions of all four stages (10), other 
factors besides propagating pTDP-43 aggregates are likely to contribute to disease 
progression as well. With recent studies linking macroscale connectome organization 
to cytoarchitectonic properties of cortical neurons (30,31) future examinations 
into an interplay between pTDP-43 aggregation at the cellular level and features 
of macroscopic brain network wiring may provide novel leads towards a better 
understanding of the pathophysiological mechanisms of ALS. 
 Brettschneider and colleagues reported the anatomical locations of pTDP-
43 aggregates in great detail, specifying subregions within cortical and subcortical 
structures at a higher spatial resolution than could be provided by the parcellation 
scheme used for connectome reconstruction. However, apart from these subregions, 
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Brettschneider also noted the spinal cord to form a potentially important stage I region. 
We were not able to include the spinal cord in our analyses since the field of view of 
the T1/DWI images contained only the brain. Future studies of in vivo assessments 
of connectivity in the spinal cord are of high interest. In addition, from stage II, the 
brainstem reticular formation, precerebellar nuclei and red nucleus could not be 
one-to-one mapped to the parcellation scheme used for connectome reconstruction, 
which may have led to an underestimation of simulated aggregation levels in stage II. 
Furthermore, it should be noted that, despite the expansive histological examinations 
by Brettschneider and colleagues, for practicability only a limited set of brain regions 
was assessed for the presence of pTDP-43 inclusions, thereby potentially omitting 
other implicated regions. No histological information was available on motor 
associated regions such as the operculum, secondary somatosensory cortex and/
or ventral premotor areas and as a result, these regions were not included in our 
analyses. 
 While the focus of our paper is on findings in the human that may underlie 
patterns of pTDP-43 dissemination through the ALS brain, validation of effects in the 
macaque deserve further consideration. DWI-based connectivity studies have some 
widely acknowledged limitations, e.g. difficulties in tracing kissing/crossing fibers 
(32–34) and the possible omission of short, local tracts between adjacent brain regions 
(32). Using human diffusion-derived connectome maps alone, the influence of these 
methodological issues on our results cannot be gauged. Validation of our findings in 
the macaque dataset, where connectivity information is obtained from tract-tracing 
experiments, suggests that possible artifacts introduced by DWI do not have a great 
influence on the nature of our findings. 
 Robustness of our findings against the various parameters used in our 
analyses and simulations was assessed, reevaluating results for a range of settings. 
Average connectome maps were obtained using different group thresholds of 50% 
and 70%, instead of the 60% criterion used in the main analyses, for reevaluation 
(Supplementary material). Additionally, simulations of pathology aggregation were 
rerun for a range of steps that the initial walker was allowed to make (2, 4, 6, and 
8, see Supplementary material). Above settings of the group threshold revealed 
consistent results and a walk length of 5 steps was found to be an appropriate setting, 
see Supplementary material and Fig. S2. 
 Brettschneider’s identification of four distinct stages of neuropathology (10) 
forms an important step towards finding pathogenic mechanisms underlying disease 
progression in ALS. Their findings have triggered examinations into reduced white 
matter integrity of pathways specific to these stages in patients (35). Extending these 
previous observations, our study now shows evidence of axonal disease spread in 
agreement with a previous study of our group demonstrating the largest impairments 
in structural and functional connectivity in connections directly linked to the motor 
cortex (4). Findings of disease epicenters in other neurodegenerative disorders, 
including Alzheimer’s disease (13,36), suggest a common mechanism of disease 
propagation for neurodegenerative diseases including ALS. 

Conclusions 
In this paper we present evidence of the healthy white matter brain network to form 
an anatomical substrate for the histologically defined neuropathology staging in ALS. 
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Combining histological observations with diffusion weighted imaging data, we show 
how computational models and simulations may contribute to our comprehension of 
pathogenic mechanisms. 
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Supplemental information

Computational axonal disease spread – cortical parcellations
Additional simulations of axonal disease spread performed on parcellations of the 
human cortex consisting of 68 and 219 regions, respectively, show good correspondence 
with simulations based on the 83-sized human parcellation (Figure 3-A) and with 
simulated aggregation levels in the macaque (Figure 5-C). The decreasing trend in 
simulated aggregation levels with advancing stage was observed to be significant 
using both null-models for the 68-sized parcellation (p = 0.05, compared with random 
permutations of pTPD-43 regions across stages (null-model a), p < 0.001, compared 
with random seed regions (null-model b)) and for the 219-sized parcellation (p = 0.01 
(null-model a), p = 0.005 (null-model b)).

Group threshold
To assess the robustness of our findings against the setting of the group 
threshold, 60%, analyses and simulations were repeated for average 
connectome maps obtained using a group threshold of 50% and 70%, requiring 
connections to be present in at least 50% or 70% of the subjects, respectively.  
First, a significantly higher level of connectivity strength between pTDP-43 regions 
was observed as compared to connections linking the pTDP-43 regions to the rest 
of the brain (group threshold 50%: factor 1.11, t-test, p = 1.2*10-5; group threshold 
70%: factor 1.10, t-test, p = 4.8*10-5) and the internal wiring strength of the pTDP-
43 subnetwork was found to be significantly stronger than expected based on 1,000 
random subnetworks (group threshold 50%: p = 0.02; group threshold 70%: p = 
0.03). Second, a significant ordering of increasing network topological distances was 
present between regions of more distant stages (i.e. I->I, I->II, I->III, I->IV, group 
threshold 50%: p = 0.002; group threshold 70%: p = 0.003, 1,000 random permutations 
of stage assignments). Third, in silico simulations resulted in aggregation levels 
decreasing with more advanced stages, overlapping the observed pTDP-43 staging 
(group threshold 50%: p = 0.016 compared with 1,000 random permutations of stage 
assignments to pTDP-43 regions (null-model a), p = 0.013 compared with random 
seed regions (null-model b); group threshold 70%: p = 0.015 (null-model a), p = 0.011 
(null-model b)). In summary, the group threshold has little effect on our findings over 
a wide range of settings (50% - 70%).
 
Number of steps of random walker
The initial random walker in our connectome-based model of axonal disease spread 
was allowed to make 5 steps. Here, simulated aggregation levels across pTDP-43 stages 
were reevaluated while letting the initial random walker take 2, 4, 6, or 8 steps, Figure S2.  
For short walk lengths (2 and 4 steps) a large contrast in simulated aggregation levels 
was observed between stage I and the subsequent stages, which is a result of stage I 
regions being the seed regions and of the random walks being terminated after 2 or 
4 steps, often not including any of the other pTDP-43 regions. Increasing the walk 
lengths, more regions of the pTDP-43 subnetwork will be visited, yielding a better 
reflection of how the topological organization of the pTDP-43 subnetwork may give 
rise to levels of pTDP-43 aggregation. However, for long random walks (8 or more 
steps), the entire brain network becomes involved and the simulated aggregation 
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levels begin to reflect the nodal strengths (sum of all of a node’s connection weights). 
With mean nodal strengths (SD) of stage I, II, III and IV regions as follows: 
Stage I:   21.0 (8.7), 
Stage II:  8.9 (6.7),
Stage III: 13.4 (4.8),
Stage IV:  8.3 (3.3),
the longer the walk length the more the simulated aggregation levels across stages 
reflect the ordering among mean nodal strengths of stages, with highest levels in stage 
I, followed by stage III, then stage II and lowest levels in stage IV (Figure S2, 8 steps).
Hence, the number of steps of the initial walker was set to 5 in the main analysis 
(Figure 3), providing good coverage of all regions in the pTDP-43 subnetwork while 
random walks were short enough to prevent the aggregation levels to be a direct 
result of the nodal strengths.

Fig. S1. Distribution of simulated aggregation levels, modeling axonal disease spread (left column) or spatial 
disease spread (right column), across the human cortex using a 68 and 219 sized parcellation scheme. Graphs show 
simulated aggregation levels evaluated per stage of neuropathology to overlap with the sequential stages of pTDP-43 
neuropathology for the axonal model of disease spread. Simulated aggregation levels using the spatial model show 
no correspondence with neuropathological staging
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142

Fig. S2. Simulations of axonal spread on the basis of anatomical wiring of the healthy human connectome were 
rerun for different settings of random walker lengths (2, 4, 6, and 8 steps). The trend of decreasing simulated 
aggregation levels with advancing stages, overlapping the empirical findings of Brettschneider, persists over walker 
lengths ranging from 2 to 6 steps. Using longer walk lengths yielded higher levels of aggregation in stage III than in 
stage II reflecting the mean nodal strengths.
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Abstract 

Neurodegenerative disorders are a major cause of disability in our aging population. 
While the pathogeneses of neurodegenerative disorders remain largely unknown, 
histological examinations have revealed the presence of neuronal inclusions 
(pathogenic protein aggregates) to be a hallmark of a range of neurodegenerative 
disorders. Governing principles underlying propagation of these aggregates 
between segregated regions of the brain following stereotypical sequential patterns 
is unknown. Here, we cross-reference stages of neuropathology in four different 
neurodegenerative disorders (amyotrophic lateral sclerosis, behavioral variant 
frontotemporal dementia, Alzheimer Disease and Parkinson Disease) with in vivo 
diffusion weighted imaging data of 215 adult healthy control subjects. We show 
in those four disorders, that regions involved in neuropathology form a strongly 
interconnected component of the brain network (ALS, bvFTD, AD: p < 0.033; PD: p 
= 0.074) likely serving as an anatomical infrastructure facilitating spread of disease. 
Furthermore, brain regions of subsequent stages of neuropathology are shown to be 
more closely interconnected than regions of more distant stages (ALS,bvFTD,AD: p 
< 0.014; PD: p = 0.16). Follow-up in silico simulations of disease spread from earliest 
affected seed regions across the connections of the brain network reveals patterns 
of pathology aggregation that reflect the histologically observed stages of sequential 
neuropathology involvement (ALS, AD, PD: p < 0.001; bvFTD: p = 0.048), in favor of 
the healthy white matter connectome to act as an infrastructure for disease spread 
across the brain. Our findings, consistent across four different neurodegenerative 
disorders, thus provide strong evidence of pathogenic protein spread to be directed 
and constrained by the topology of the anatomical brain network. 

Keywords

neurodegenerative disorders, amyotrophic lateral sclerosis, behavioral variant 
frontotemporal dementia, Alzheimer, Parkinson, proteinopathy, white matter 
connectivity, disease spread, protein propagation

Introduction

Neurodegenerative disorders (NDDs) generally lead to progressive cognitive, 
behavioral and/or motor dysfunction and are a major cause of disability in the aging 
population. Effective treatment or cure is unavailable for NDDs and with the exact 
etiology of neurodegeneration remaining unclear, development of potential treatment 
strategies is in its infancy. Histological examinations have identified several proteins 
for different disorders that aggregate in a misfolded configuration and which induce 
misfolding of healthy proteins. Diseases sharing this hallmark of protein pathology 
have been collectively termed proteinopathies (1,2), an important starting point for 
further investigations into a potentially common pathophysiological pathway of 
disease spread across NDDs. 
 Braak and colleagues introduced a staging method in 1991 for Alzheimer 
Disease (AD) based on the presence of hyperphosphorylated tau protein aggregates 
commonly referred to as neurofibrillary tangles (NFTs) (3) . Most importantly, a 
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sequential pattern of regional involvement was observed with cases being staged 
according to the extent of the pathology burden of NFTs (3–5). Braak and colleagues 
successfully applied this same staging method to Parkinson Disease (PD), for which 
they again showed sequential stages of neuropathology involvement, now based 
on the presence of aggregates of alpha-synuclein (Lewy bodies) across the brain 
(6). More recently, both Amyotrophic lateral sclerosis (ALS) and behavioral variant 
frontotemporal dementia (bvFTD) have been reckoned as proteinopathies, with 
phosphorylated TAR DNA binding protein-43 (pTDP-43) aggregates distributed 
across the brain, with a similar staging method revealing disease spread in ALS and 
bvFTD following stereotypical and sequential patterns (7,8). 
 These histological observations of sequential stages of neuropathology have 
been paralleled by extensive reports on macroscale gray and white matter involvement, 
as assessed by neuroimaging studies e.g. (9–13). Together these observations of 
pathology on both the microscale and macroscale level of brain organization have 
led to new theories on potential underlying mechanisms of disease progression. In 
particular, in recent years, the transsynaptic axonal propagation model has gained 
interest, with pathogenic protein aggregates shown in vitro and in vivo to possess 
a “prion-like” property of propagating from an affected source region to spatially 
distant areas by inducing misfolding and aggregation in the target region (14–17). 
Here, we test an axonal propagation model by simulating pathology aggregation 
and dissemination across white matter pathways of the healthy connectome in 
four different neurodegenerative disorders (ALS, bvFTD, AD and PD). We provide 
evidence for the healthy white matter connectome to serve as an infrastructure for 
pathogenic protein propagation involving spatially distant brain regions, postulating 
a common pathogenic mechanism underlying progressive neurodegeneration in 
NDDs.

Materials and Methods

Human connectome reconstruction
The human macroscale connectome – a comprehensive map describing all neural 
connections between large-scale brain regions – was constructed from diffusion 
weighted MRI of 215 adult healthy control subjects of the Human Connectome Project 
(HCP, release Q3). Tissue segmentation was performed on T1 images (voxel size: 0.7 
mm isotropic) using Freesurfer, followed by a parcellation of the left hemisphere into 
42 distinct brain regions, including 34 cortical regions, 7 subcortical structures and 
the brain stem. Processing of HCP high-resolution DWI data (1.25 mm isotropic, TR/
TE=5520/89.50 ms, multiple b-values, 270 directions, 18 b0 volumes) included motion, 
eddy current and susceptibility distortion corrections. Anatomical pathways were 
reconstructed with generalized q-sampling imaging (GQI) and streamline tractography 
(18,19), forming a graph of edges (reflecting anatomical pathways) and nodes 
(representing brain regions). Numbers of reconstructed streamlines (NOS), rescaled 
to a Gaussian distribution, were taken as the connectivity strengths (edge weights) 
of reconstructed pathways (20–23) . The group-averaged connectome map used for 
connectivity analyses contained edges present in at least 60% of the subjects (24,25)  .  
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Neuropathology stages
For four examined NDDs (ALS, bvFTD, AD, PD), stages of protein pathology obtained 
from literature (5–8) were mapped to the 42 distinct brain regions per hemisphere 
plus the brain stem as per the Desikan-Killiany brain atlas (26) (mapping is listed 
in Table 1, and graphically represented in Fig. 1), and the same cortical atlas that 
was used in the connectome reconstruction. Mapping these patterns of pTDP-43 
aggregates in ALS and bvFTD and the distribution of NFTs and Lewy bodies in AD 
and PD, respectively, allowed for cross-referencing histological stagings with healthy 
connectome topology.
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Fig. S1. Connectome maps with disease specific subnetworks
For each of the four investigated neurodegenerative disorders (ALS, bvFTD, AD and PD) the reconstructed white 
matter connectome comprising the left hemisphere is shown in gray. Disease subnetworks formed by regions 
involved in neuropathology and the white matter tracts interconnecting those are highlighted in red. Color intensities 
correspond to connection strength based on the number of reconstructed streamlines (NOS) during tractography.
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Anatomical connectivity of disease subnetworks
Using the mapping between histologically observed neuronal inclusions and the brain 
regions of the white matter connectome, disease specific subnetworks were composed 
of staged brain regions and the interconnecting white matter projections. To investigate 
whether the disease subnetworks form anatomically strongly connected components 
within the connectome, the wiring strength of the disease subnetworks was assessed 
by comparing the sum of connection weights in the subnetworks to a null distribution 
obtained from 10,000 randomly drawn subnetworks equal in number of nodes. 
Furthermore, the ‘intra-subnetwork’ connectivity was contrasted with the strength 
of connections linking the subnetwork to the rest of the brain network (referred to 
as ‘extra-subnetwork’). Significance of intra- vs. extra-subnetwork connectivity 
was evaluated using a null distribution obtained by 10,000 random permutations 
of connection labels (intra- and extra-subnetwork). In both tests the p-value was 
computed as the proportion of the null distribution higher than the actual findings. 
 
Topological ordering of disease stages 
Network topology was studied using the graph metric of ‘topological distance’, 
defined for any two nodes in the network as the minimal number of edges that need 
to be traversed in order to go from one node to the other. Here, we used a weighted 
variant of the metric incorporating connection strengths (rescaled NOS). Weighted 
topological distance was computed as the minimal sum of the inverted weights of 
connections between two nodes, such that higher streamline counts lead to shorter 
topological distances. Next, topological distances between the seed region and the 
regions of sequential disease stages were tested for an increasing ordering using the 
Jonckheere-Terpstra test, to asses whether first stages are topologically closer to the 
seed region than later stages. Randomly permuting the stage labels among regions 
10,000 times provided a null distribution of ordering effects with corresponding 
Jonckheere-Terpstra test statistics. We obtained the p-value from the proportion 
of the null distribution for which the test statistic was higher or equal than that 
corresponding to the actual stage labels.

Spatial simulations of disease spread
Spread of pathology was first simulated using a simple, spatial model. Simulations 
were initiated by a particle in the seed region, described to be the first to become 
implicated in neuropathology (see Table 1), randomly choosing one of the physically 
adjoining regions to continue its path. Every seed particle was allowed to make 5 steps, 
visiting a maximum of 5 new regions with the possibility of revisits. Repeating this 
for 10,000 seedings the levels of simulated aggregation were computed per stage and 
a possible ordering effect was assessed by the Jonckheere-Terpstra test. Significance of 
the ordering effect was determined by comparison with a null distribution of 10,000 
random permutations of stage labels, where the proportion of random permutations 
yielding a test-statistic larger than that corresponding to the actual stage labels 
denoted the p-value. 
 
Connectome-based simulations of disease spread
Next, simulations of disease spread were carried out using a connectome-based 
model, in which propagation of pathology was purely dictated by the topology of the 
anatomical white matter connectome (27). Seeding from stage I regions (see Table 1 
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for seed regions per NDD), a ‘random walker’ particle was simulated to travel from 
one brain region to another following the edges of the reconstructed white matter 
connectome. In every node the particle continued its path by choosing a next edge 
(excluding the edge it had just crossed, simulating outward dissemination) with the 
probability proportional to the edge’s connectivity strength. The process was continued 
until the initial walker had crossed five edges, allowing nodes to be revisited along its 
path. Repeating this for 1,000 seedings, the amount of aggregated walkers in a region 
was evaluated as the number of times it had been visited, simulating aggregation of 
pathology over time. Similar to the procedure described for spatial simulations, levels 
of aggregation were tested for an ordering effect among stages using the Jonckheere-
Terpstra test and significance was assessed by randomly permuting the stage labels.  
 Additional simulations included a maximum fiber length as an extra parameter 
in the model described above, controlling the emphasis on local connectivity (short 
fiber tracts) in disease spread. Instead of the full connectome, only edges of lengths 
up to the maximum fiber length were included in the connectome map. Simulations 
were carried out for maximum fiber lengths ranging from 10mm (local spread along 
short distance connections) to 155mm (full connectome). 
 
Overlap between histology-based and simulated stages 
Regions showing the highest level of simulated aggregation were labeled as stage 
1, next highest as stage 2 etcetera, respecting the actual number of regions per 
stage (Table 1), thus obtaining simulated stages. As a measure of overlap between 
the histologically observed sequential order of neuropathology involvement and 
those simulated stages, the mean squared error (MSE) was computed between 
actual stage numbers and simulated stage numbers across regions, with lower MSE 
scores indicating stronger overlap. The overlap was evaluated on 100 runs for each 
simulation model (spatial, connectome-based and connectome-based with maximum 
fiberlength parameter) and tested for significant improvements (smaller MSE) using 
permutation testing (evaluated on 1,000 random permutations of simulation model). 

Results

Anatomical connectivity of disease subnetworks
Using the mapping of staged brain regions to the connectome, for each NDD a disease-
specific subnetwork was studied consisting of implicated regions interconnected by 
reconstructed white matter tracts. The subnetworks showed stronger than chance 
level connectivity (1.79x average connectivity level of random subnetworks, p 
= 0.0022; bvFTD: 1.24x, p = 0.0082; AD: 1.35x, p = 0.033; PD: 1.25x, p = 0.074 ns.), 
indicating implicated regions form a strongly wired component within the brain 
network. Furthermore, in ALS and PD intra- subnetwork connectivity was observed 
to be significantly higher than connectivity between the subnetwork and the rest of 
the brain network (ALS: 1.09x, p = 0.0049; PD: 1.06x, p = 0.0017; bvFTD: 1.01x, p = 0.29 
ns.; AD: 1.01x, p = 0.40 ns.), potentially contributing to confine pathology spread to 
within the subnetwork. 

Topological ordering of disease stages 
A general trend of increasing topological distances between the seed region and other 
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implicated regions with advancing stages was observed (ALS: p = 0.0087; bvFTD: p = 
0.014; AD: p = 1.6*10-4; PD: p = 0.16 ns.; Fig. 2), suggesting the wiring of the connectome 
to be associated with reported sequential patterns of neuropathology in NDDs.
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Figure 2. Ordering of topological distances between sequential stages
Topological distances between seed regions and subsequent stages increase, where short topological distances reflect 
high levels of connectivity. The ordering effect among topological distances was observed to be significant in ALS, 
bvFTD and AD (p < 0.014).

Spatial simulations
Starting with the simplest model, spatial simulations of disease spread showed 
decreasing aggregation levels over advancing stages in ALS, bvFTD and AD (p < 
0.001) but not in PD (p > 0.9) (Fig. 5, Fig. 3a,c), reflecting a spatial component in the 
sequential involvement of brain regions in ALS, bvFTD and AD. Spatial simulations
Starting with the simplest model, spatial simulations of disease spread showed 
decreasing aggregation levels over advancing stages in ALS, bvFTD and AD (p < 
0.001) but not in PD (p > 0.9) (Fig. 5, Fig. 3a,c), reflecting a spatial component in the 
sequential involvement of brain regions in ALS, bvFTD and AD.
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Figure 5. Simulated levels of pathology aggregation in a spatial model
Simulations based on a spatial model of disease spread also showed a decreasing pattern of aggregation levels over 
advancing stages for ALS, bvFTD and AD (p < 0.001), reflecting a spatial component in those patterns of sequential 
neuropathology involvement. Simulations of spatial disease spread did not show aggregation levels overlapping the 
staging of neuropathology involvement in PD (p > 0.9).

chapter 7



155

Hi
st

ol
og

ic
al

ly
 d

efi
ne

d 
ne

ur
op

at
ho

lo
gy

 s
ta

ge
s 

AL
S

bv
FT

D

AD PD

st
ag

e
I

st
ag

e 
II

st
ag

e 
III

st
ag

e 
IV

Co
nn

ec
to

m
e-

ba
se

d 
sim

ul
at

io
ns

 o
f s

eq
ue

nt
ia

l
ne

ur
op

at
ho

lo
gy

 in
vo

lv
em

en
t

se
qu

en
tia

l i
nv

ol
ve

m
en

t

fir
st

la
st

Sp
at

ia
l s

im
ul

at
io

ns
 o

f s
eq

ue
nt

ia
l

ne
ur

op
at

ho
lo

gy
 in

vo
lv

em
en

t

se
qu

en
tia

l i
nv

ol
ve

m
en

t

fir
st

la
st

a
b

c
d

Co
nn

ec
to

m
e-

ba
se

d 
sim

ul
at

io
ns

 o
f s

eq
ue

nt
ia

l
ne

ur
op

at
ho

lo
gy

 in
vo

lv
em

en
t (

sh
or

t c
on

ne
ct

io
ns

)

se
qu

en
tia

l i
nv

ol
ve

m
en

t

fir
st

la
st

Fi
gu

re
 3

. C
or

tic
al

 su
rf

ac
e 

m
ap

s o
f h

is
to

lo
gi

ca
lly

 d
efi

ne
d 

ne
ur

op
at

ho
lo

gy
 st

ag
in

gs
 a

nd
 si

m
ul

at
ed

 se
qu

en
tia

l i
nv

ol
ve

m
en

t.
R

ow
s s

ho
w

 d
is

ea
se

 sp
ec

ifi
c h

is
to

lo
gy

-b
as

ed
 st

ag
in

gs
 as

 d
es

cr
ib

ed
 in

 li
te

ra
tu

re
 (p

an
el

 a)
 an

d 
th

e o
rd

er
 in

 w
hi

ch
 co

rti
ca

l r
eg

io
ns

 ar
e s

im
ul

at
ed

 to
 b

ec
om

e i
nv

ol
ve

d 
in

 d
is

ea
se

 p
at

ho
lo

gy
 

us
in

g 
a 

sp
at

ia
l m

od
el

 (p
an

el
 b

), 
a 

co
nn

ec
to

m
e-

ba
se

d 
m

od
el

 (p
an

el
 c

), 
an

d 
a 

co
nn

ec
to

m
e-

ba
se

d 
m

od
el

 in
cl

ud
in

g 
on

ly
 s

ho
rt 

co
nn

ec
tio

ns
 (p

an
el

 d
)  

of
 d

is
ea

se
 s

pr
ea

d.
 S

eq
ue

nt
ia

l 
in

vo
lv

em
en

t o
f b

ra
in

 re
gi

on
s w

as
 d

et
er

m
in

ed
 a

s t
he

 si
m

ul
at

io
n 

st
ep

 (1
 to

 5
) i

n 
w

hi
ch

 a
gg

re
ga

tio
n 

le
ve

ls
 (n

um
be

r o
f v

is
its

 b
y 

a 
‘r

an
do

m
 w

al
ke

r’
) e

xc
ee

de
d 

5%
 o

f t
he

 to
ta

l n
um

be
r 

of
 se

ed
 p

ar
tic

le
s

Connectome as a common infrastructure for pathogenic protein propagation



156

Connectome-based simulations
Simulations of pathology propagation across the connectome, without spatial 
information, revealed a strong ordering among simulated aggregation levels across 
stages, overlapping the empirically observed sequential patterns of neuropathology 
(Fig. 3a,b), with the highest levels in stage I regions and lowest levels in end-stage 
IV regions (ALS: p < 0.001; bvFTD: p = 0.048; AD: p < 0.001; PD: p < 0.001; Fig. 4), 
corroborating the hypothesis of axonal spread of neuropathology in these four 
proteinopathies. Compared with the spatial simulations, the overlap between 
connectome-based simulated aggregation levels and the neuropathology stagings 
was stronger in ALS (p < 0.001) and weaker in bvFTD, AD and PD (p < 0.001).
 Including a fiber length cutoff of 25mm in the connectome-based simulations, 
however, revealed significantly stronger overlap with neuropathology stagings than 
the spatial simulations in all four disorders (p < 0.001), suggestive of preferential 
disease spread across relatively short axonal pathways.

Figure 4. Simulated levels of pathology aggregation in a connectome-based model
Simulated axonal spread on the basis of anatomical wiring of the healthy human connectome yielded a pattern of 
highest levels of simulated aggregation in stage I regions and decreasing levels in subsequent stages, overlapping 
(ALS, AD, PD: p < 0.001; bvFTD: p < 0.05) the histological observations of sequential neuropathology involvement.

Discussion

The present study demonstrates an association between patterns of neuropathology 
spread across the brain and the topology of the white matter brain network in four 
different NDDs (ALS, bvFTD, AD and PD). Integrating anatomical imaging data of the 
healthy human brain with seminal histological findings of disease-specific sequential 
involvement of brain regions in protein pathology, we provide evidence for the 
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connectome to serve as a common infrastructure for pathogenic protein propagation. 
 First, examining the disease-specific subnetworks formed by regions 
implicated by pathogenic protein aggregation reveals strong anatomical connectivity 
among these regions, potentially benefiting the transmission of pathogens via axonal 
transport. Second, the topology of the subnetworks reflect the sequential disease 
stages with regions of more advanced stages being at a greater topological distance 
from the ‘seed region’ than those of earlier stages. And third, in silico simulations 
of disease spread across the white matter network show close resemblance to 
histologically defined sequential patterns of neuropathology. Taken together, these 
three observations support the notion of misfolded protein aggregates propagating 
along axonal projections to be a general mechanism underlying disease progression 
among proteinopathic NDDs.
 First efforts to link cortical profiles of disease effects to healthy human brain 
networks were undertaken using resting-state functional brain networks (28–31), 
showing neurodegenerative diseases to target specific intrinsic functional networks. 
Our findings of disease-specific anatomical subnetworks to be densely interconnected 
corresponds with these earlier reports of NDDs targeting intrinsic functional 
connectivity networks, with a growing body of research showing strong structure-
function relationships (21,32–35). Our current study, considering the anatomical 
brain network as a vehicle for disease progression, extends the work of Raj and 
colleagues (36), in which a structural network diffusion model was used to predict 
cortical atrophy patterns in different types of dementia. Here we include a range of 
proteinopathic NDDs for which we directly cross-reference our simulation results to 
well-established histologically defined stagings (5–8). 
 Our connectome-based analyses and simulations show that the same 
sequential pattern of regional involvement in the brain as observed in post-mortem 
histological examinations is present in the topology of the white matter network of 
the human brain, strongly suggesting misfolded protein aggregates to disseminate 
following axonal projections. While also a significant spatial component is present in 
the patterns of sequential disease spread of ALS, bvFTD and AD, our connectome-
based simulations show more overlap with histologically defined stagings than our 
spatial simulations. Interestingly, the overlap improved when a maximum fiber length 
constraint was added to the connectome reconstruction, suggesting that shorter tracts 
play a more prominent role in the spread patterns. Moreover, the emphasis on short 
distance tracts may introduce the apparent spatial component present in the spread 
patterns, while the underlying mechanism of disease propagation is axonal rather 
than spatial. Future research should elucidate whether short distance tracts are indeed 
preferentially involved in pathology dissemination and what the determinants for 
this selective involvement are. 
 A methodological consideration inherent to the acquisition technique (DWI) 
is that the reconstructions of healthy white matter brain network are based on 
indirect measurements of white matter fibers, known to yield imperfect streamline 
reconstructions specifically in voxels with complex diffusion orientations due to 
crossing and/or kissing fibers (19,37,38). In an attempt to mitigate this issue we have 
made use of a combination of q-sampling imaging (GQI) and streamline tractography 
(18,19). Furthermore, in previous work we validated the connectome-based model in 
the macaque (27), for which the connectome was derived from collated data of tract-
tracing experiments (39), showing that the presented link between the white matter 
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network and disease progression is unlikely to be driven by MRI-associated artifacts. 
 For the stagings we relied on previous histology work, which in general 
provided detailed maps of regional neuropathology involvement. However, choices 
were made in those studies for reasons of practicability, about how the brain was 
sampled, i.e. how many and which tissue blocks were to be examined. As a consequence 
the disease-specific subnetworks we considered might not be complete. It would be of 
interest to examine whether non-sampled and therefore unstaged regions for which 
our connectome-based simulations predicted levels of pathology aggregation might 
be involved in the disorders. By the design of our connectome-based simulations, 
with a sufficiently high number of random walks all brain regions are predicted to 
be involved in pathology aggregation to some extent, while there are indications that 
some (neuronal populations of) brain regions are spared (40). This gives reason to 
speculate that either certain regions are not susceptible for protein aggregation or 
particular white matter tracts do not participate in protein propagation.

Conclusion

Linking histologically defined stagings of neuropathology involvement in four 
different NDDs (ALS, bvFTD, AD and PD) to the anatomical network of the healthy 
human brain we observe indications for the wiring of the white matter connectome 
to dictate spread of protein pathology as a general infrastructure for NDDs in the 
proteinopathy domain.
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General discussion

In this chapter the main findings of this thesis will be discussed. Separate observations 
from different chapters are integrated and related to one another to reflect on their 
contribution to the overall aim of elucidating the role of the connectome in pathology 
and patterns of pathology spread in the ALS brain. Furthermore, this chapter serves 
to provide the relevant context based on current literature on ALS, neuroimaging 
and connectomics, to place findings of this thesis in a broader perspective and to look 
ahead and consider future directions.

Main findings
A growing body of neuroimaging research into neurological and psychiatric 
disorders makes use of the functional connectome to study shifts in the functional 
organization of the brain network in terms of graph metrics. While structural 
connectome maps are typically sparsely connected, reflecting actual macroscopic 
anatomical pathways, functional connectivity, i.e. the level of co-activation, can 
in principle be evaluated for all possible region pairs, yielding fully connected 
functional networks. In order to study the topology of such functional networks, 
functional connectome maps are often thresholded after which only the strongest 
functional connections remain for analysis. The experiments described in chapter 
2 show that graph metrics computed on proportionally thresholded functional 
connectomes, effectively filtered to keep a fixed number of strongest connections, 
are heavily influenced by the average overall level of functional connectivity of a 
subject. In patient vs. control investigations, a difference in overall functional 
connectivity between groups is shown to interfere with topological group effects.  
 The patient-control functional (and structural) connectome analysis described 
in chapter 4 made use of different inclusion criteria for functional connections. 
Instead of applying a proportional threshold, functional connections were included 
for analysis if the corresponding region pair was also anatomically directly connected 
according to the structural connectome reconstruction. The integrated structural and 
functional connectome analyses of chapter 4 revealed overlapping structural and 
functional connectivity impairment among direct connections of the motor cortex. 
Connections more distant from the motor cortex showed structural effects but were 
functionally mostly spared, possibly indicative of functional effects to be secondary 
to primary structural connectivity disease effects.
 Chapter 3 touches upon structure-function relationships of brain networks 
taking a theoretical approach, simulating functional connectivity as synchrony 
between regions structurally connected according to the white matter connectome. 
Anatomical hub regions are shown to have a leading role in establishing synchrony 
between regions of different functional modules. Introducing structural connectivity 
impairments to these regions resulted in widespread functional effects hindering 
global integration in the brain network. These simulation findings, although based 
on a theoretical model, hugely simplifying neural communication, may help us 
understand how functional effects could arise from (disease-related) structural 
connectivity impairments or vice versa.
 While the earliest ALS neuroimaging investigations focused mainly on 
structural abnormalities in white matter tracts, more recently cortical thinning has 
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been added to the ALS neuroimaging signature (1–4), with most prominent and 
consistently observed signs of grey matter atrophy localized in the motor cortex. In a 
unique cohort of a family of asymptomatic C9orf72 mutation carriers and noncarriers, 
chapter 5 shows that even before any clinical signs of ALS, mutation carriers did 
reveal reduced cortical thickness as compared with the noncarriers. Strikingly, no 
white matter involvement was detected in the carriers and cortical thinning was 
observed not in the anticipated motor cortex, but in temporal and parietal regions. 
These findings may represent developmental effects that predispose carriers to the 
neurodegenerative processes underlying ALS later in life. Furthermore, these results 
are in support of the ALS neuroimaging signature to develop close to the onset of 
disease as suggested in other studies (5–7). 
 The white matter connectome is not merely the object of ALS pathogenic 
mechanisms resulting in connectivity impairment as described in chapter 4. In 
chapter 6 it is argued that the healthy connectome governs patterns of spread across 
the brain of pathogenic protein aggregates in ALS, showing stages of neuropathology 
can be predicted from connectome topology. A similar relationship between the 
wiring of the healthy connectome and stages of neuropathology in bvFTD, Alzheimer 
and Parkinson was observed (chapter 7). With ALS and all three aforementioned 
neurodegenerative disorders belonging to the so-called ‘proteinopathies’, a class 
of protein misfolding diseases, the white matter connectome may be a crucial 
infrastructure in proteinopathies facilitating disease propagation across the brain.
 Taken together, the findings presented in this thesis relate to a range of ALS 
imprints on the brain including structural and functional connectivity impairment, 
cortical thinning in the asymptomatic phase of C9orf72 repeat expansion carriers and 
spread patterns of misfolded protein aggregation following the network organization 
of the white matter connectome. The order in which this range of different disease 
effects appear and whether they are the result of the same underlying disease 
mechanism is unknown, however, speculating on a possible chain of events that 
fits the observed ALS imprints on the brain, the following sequential process can be 
proposed:
1. the presence neuronal inclusions of pathogenic protein aggregates
2. grey matter atrophy (cortical thinning)
3. degeneration of axonal projections from affected neurons (structural   
 connectivity impairment)
4. altered regional brain activation and synchronization levels (functional   
 connectivity impairment)
5. spread of pathogens across white matter connectome

Findings in a broader context
Connectome comparisons between healthy and disease populations have yielded 
system-level insights in disease-related alterations in structural and functional 
brain connectivity in neuropsychiatric disorders, but even beyond brain disorders, 
revealing wiring differences related to obesity, heavy smoking and arm amputation 
(8–10). A major advantage of connectome-based approaches over a tract- or region-
of-interest approach is that altered connectivity can be picked up even if individual 
tracts do not show significant differences, using graph theoretical metrics describing 
the topology of the brain network (11–13). However, ALS cross-sectional structural 
connectome analyses as the one presented in chapter 4 point towards normal brain 
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network architecture with locally impaired connectivity strength indicating reduced 
white matter integrity. Connectivity impairments have consistently been found in the 
motor network (14–17) and therefore connectome investigations in ALS have moved 
from global graph theoretical metrics (15), e.g. clustering coefficient and path length, 
to subnetworks of affected connections and to longitudinal analyses tracking disease 
progression across the connectome (18–20).
 Resting-state fMRI connectivity reports in ALS together form a much more 
diffuse picture, with observations of both connectivity increases and decreases 
(16,17,21–23). Functional connectivity effects being less consistent across studies 
compared with structural connectivity effects may indicate the disease effect is 
weaker (perhaps secondary) or more heterogeneous across subjects. Furthermore, 
resting-state fMRI connectivity data is generally considered to be noisier by nature 
than connectivity data derived from DWI (24), and varying parameter settings 
between studies in a number of pre-processing steps (correcting time-series for white 
matter and ventricular signal, global mean correction, band pass filtering and finally 
thresholding to obtain sparse connectivity matrices) make functional connectivity 
results harder to compare. 
 Spread of pathology was first linked to brain networks in Alzheimer, 
bvFTD (25,26). The work of Seeley et al. and Raj et al. heralded new applications of 
connectomics in disease by showing how structural and functional brain networks 
were related to disease specific cortical patterns of atrophy. Chapters 6 and 7 build 
onto the concept of network-guided spread of disease introduced by them, treating 
the connectome as a static structure underlying protein propagation. However, as 
shown in chapter 4, the connectome itself is implicated as well and therefore not 
a static infrastructure, but potentially an integral part of the disease mechanism. 
It would therefore be worthwhile to take these dynamics into account by running 
simulations of disease spread on connectome reconstructions of ALS patients instead 
of on the healthy connectome presented in chapter 6. 
 The exact role and toxicity of protein aggregates in ALS, of which the major 
component is phosphorylated 43kDa TAR DNA-binding protein (pTDP-43) in 
most cases (27), is a much-investigated topic but has not been fully understood yet. 
Therefore, it cannot be ruled out that protein aggregation is in fact an epiphenomenon 
of the pathogenic mechanism and that it is not the protein itself that propagates but 
some other pathogen which causes misfolding and aggregation in the target site, 
resulting in apparent patterns of protein spread. Recently, in a post-mortem study 
focusing on the presence of pTDP-43 in white matter of ALS brains, the hypothesis 
of pathogenic proteins propagating along white matter tracts could not be confirmed 
(28). However, even if the protein aggregates were not toxic and not part of the 
pathogenic mechanism leading to neurodegeneration, the pattern of their presence 
across the brain as an epiphenomenon may still hold valuable information about 
disease progression. 
 ALS imprints on the brain have been investigated using other imaging 
modalities besides (f)MRI and DWI. Positron emission tomography (PET), a functional 
imaging technique using a radionuclide tracer to observe metabolic processes, has 
been in use in ALS research since the late 1980’s. Most important PET findings include 
hypometabolism in frontal, motor, and occipital cortex and hypermetabolism in 
the midbrain, temporal pole, and hippocampus (29), lower cerebral blood flow at 
rest in the primary sensorimotor cortex (30) and widespread reductions in GABA 
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receptor density (31). Another imaging technique that has shown its potential in ALS 
is magnetic resonance spectroscopy (MRS), capturing concentrations of metabolites 
from the spectra of, in the most commonly used variant, hydrogen nuclei in the 
brain. MRS studies have reported on differences between patients and controls in 
several metabolites relevant to neurons and neurodegeneration: choline, glutamate, 
glutamine, creatine and NAA (32–34). Both PET and MRS have the potential to measure 
levels of specific metabolites, offering the unique opportunity to not only measure 
and quantify neurodegeneration but also reveal which metabolites and ultimately 
which processes drive neurodeneration in ALS. However, not knowing which disease 
effect occurs first and what the dependencies are, assuming there is neuron loss (grey 
matter atrophy), PET findings of hypometabolism and reduced cerebral blood flow 
and MRS reports of lower relative NAA levels may be direct consequences of, or 
different ways of measuring the reduced number of active neurons. 
 In order to disentangle primary disease effects from later secondary effects, 
cohorts of subjects that are (genetically) predisposed to developing ALS are of high 
interest (35). Cases with familial ALS and their family members are a good target 
group for longitudinal follow-up to investigate changes between the asymptomatic, 
beginning and advanced disease phases. Chapter 5 describes such an approach in 
asymptomatic C9orf72 carriers, however, it is unclear if and when participants will 
convert to ALS patients and thus which ‘disease phase’ they represent. A unique 
study used transcranial magnetic stimulation (TMS) to measure cortical excitability 
in a cohort of asymptomatic SOD-1 mutation carriers followed-up over the course 
of 3 years, capturing the conversion of 3 of its participants from asymptomatic 
carrier to ALS patient (5). These converting carriers were shown to exhibit cortical 
hyperexcitability preceding the development of clinical symptoms, suggesting that 
cortical hyperexcitability underlies neurodegeneration. Recently, possibly connected 
to the hyperexcitability findings, higher functional connectivity was observed in 
asymptomatic mutation carriers (23). These are important findings calling for more 
extensive research involving different modalities into the presymptomatic phase of 
the disease aimed at tracing the beginning of the neurodegenerative mechanism of 
ALS. 

Future directions
ALS imprints on the brain have been investigated by means of a wide range of 
different techniques potentially all contributing to a comprehensive description of 
disease effects and to our understanding of the underlying pathogenic mechanism. 
Typically, in the concluding remarks, investigators make a claim that in light of the 
observed disease effects the imaging modality of use holds promise for biomarker 
development. Reviews discussing and comparing the value of different imaging 
modalities in ALS (36–39) are useful to reach consensus in the field and to decide 
on what the focus within ALS neuroimaging should be. However, more studies are 
needed that assess disease effects using different imaging modalities in parallel over 
time, such that the added value of different modalities can be quantified. Multi-
modal approaches combining two or three imaging techniques have been undertaken 
(14,20,21,40), which still only covers about a third of the more common techniques 
with which disease effects have been observed (MRI, fMRI, DWI, PET, MRS, TMS). 
With study cohorts often incomparable between studies, it remains hard to integrate 
findings obtained using different techniques. As it is practically not feasible to include 
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more and more techniques in a single study, a well-coordinated, multi-center study is 
needed where each site contributes with a different multi-modal investigation based 
on comparable patient and healthy control populations. Ideally, participants across 
sites would be followed-up at harmonized intervals to provide longitudinal data. 
Following this approach, the independent prognostic value of each of the different 
imaging modalities could be assessed and a serious attempt could be made to 
distinguish between neuroimaging effects reflecting the same underlying biological 
change and neuroimaging effects representing different aspects of pathology and to 
determine the order in which disease effects occur. This way a more justified claim 
supported by data could be made about which technique is most promising in our 
search of a biomarker. 
 Cross-scale connectomics is a fascinating new avenue of research bridging 
the macroscale connectivity properties of the (MR-derived) connectome to 
cytoarchitectonics at the microscale (41–44). In ALS there is much to gain from the 
integration of the macroscale white matter connectome and the cellular composition 
of the grey matter. Chapters 6 and 7, associating connectome wiring to patterns of 
pathological protein deposition, already show a potential cross-scale link. Many 
more microscale properties could provide more insights that help us understand 
what makes certain pathways and subnetworks specifically targeted by the 
pathogenic mechanism. It would therefore be of great interest to have brain atlases 
describing regional variation in microscale features, e.g.: inhibitory or excitatory 
synapses, dendritic spine density, cell type density, etcetera. Perhaps the most 
valuable way of exploring such cross-scale links would be to perform postmortem 
histological examinations on brain tissue of deceased patients who also participated 
in a neuroimaging study, effectively adding another time point to the dataset, and 
importantly, capturing the end-stage.
 In this thesis chapter 5 combines genetic status of the C9orf72 gene with 
neuroimaging and other studies have similarly reported on the association between a 
single mutation and the associated neuroimaging phenotype (6,45–47), which can be 
seen as precursors to imaging genetics in ALS. With growing cohorts of individuals 
that have been both whole-genome sequenced and MR scanned, broader integration 
between genetics and imaging becomes feasible, associating genetic variation, 
single nucleotide polymorphisms (SNPs), with imaging markers. As more and more 
genes have been shown to be associated with ALS, there is a need to translate this 
list of associated genes to disease mechanisms. Imaging genetics may contribute to 
our understanding of the role of different genes by exploring associations between 
genetic variation and neuroimaging disease effects. Distinguishing between different 
types of imaging measures, e.g. connectivity versus cortical thickness, effects of SNPs 
on the brain could be further pinpointed, an important step in determining potential 
therapeutic targets. More specifically, integrating genetics with connectomics 
(suggestion: “connectogenetics”) may offer a rich, yet untouched, field of research. 
Genetic underpinnings could be explored for the degeneration of structural or 
functional connections and subnetworks, adding to our understanding of differences 
in white matter involvement between individual patients.
 Currently, when patients get diagnosed with ALS their prospects look 
grim and how long they will live is highly uncertain ranging from a few months 
to many years. An accurate patient-specific estimate taking away the uncertainty 
concerning disease course and survival time will help patients and caregivers to be 
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better prepared for later stages of the disease and to take timely measures optimizing 
their quality of life. As imaging cohorts of patients have increased from typically a 
few dozen to many hundreds over the past decade, computational efforts to classify 
and model ALS patients have shown to be fruitful (48–50). Future (neuroimaging) 
studies including large numbers (200+) of patients of which survival is known should 
exploit advantages of machine learning approaches, e.g. neural networks, well-
suited to model complex relationships among a vast number of input parameters 
to predict individual survival. Input parameters are not restricted to one particular 
field, making machine learning promising for investigations combining genetic, 
environmental, clinical and/or neuroimaging data. As machine learning strategies are 
generally computationally expensive, thorough predictive studies warrant investing 
in high performance cluster infrastructure and expertise to parallelize computations.
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Amyotrofische laterale sclerose
Amyotrofische laterale sclerose (ALS) is een progressieve neuromusculaire ziekte 
waarvoor tot nog toe geen effectieve behandeling bestaat. Patiënten ervaren 
toenemende spierzwakte, verliezen bewuste spiercontrole en hebben een mediane 
overleving van drie tot vier jaar vanaf de eerste symptomen. Hoewel de oorzaak van 
de ziekte nog grotendeels onbekend is, zijn wel verschillende genetische mutaties 
gevonden die gedragen worden door een substantieel deel van de ALS patiënten, 
waarvan de expansie in het C9orf72 gen de meest frequente ALS-gerelateerde mutatie 
is.

Neuroimaging in ALS
Medische beeldvormingstechnieken waarmee de hersenen in beeld gebracht 
kunnen worden (ook wel neuroimaging technieken genoemd), bieden de 
mogelijkheid om in vivo de structuur en activiteit van het brein te bestuderen. 
Het onderzoek in dit proefschrift maakt gebruik van magnetic resonance imaging 
(MRI), een veelgebruikte neuroimaging techniek waarmee zowel structuur als 
activiteit gemeten kan worden. De belangrijkste doelen van neuroimaging studies 
in ALS zijn: i. het ontrafelen van het onderliggende ziektemechanisme en ii. het 
ontwikkelen van een gevoelige en betrouwbare biomarker voor ziekteprogressie.  
De eerste neuroimaging studies in ALS, veelal gebaseerd op enkele patiënten 
en gezonde controle subjecten, rapporteerden effecten in de witte stof van het 
ruggenmerg de corticospinale baan en het corpus callosum. Later werd ook een 
dunnere hersenschors gemeten in patiënten ter plekke van de primaire motorische 
schors. In grotere cohorten werden daarnaast meer subtiele effecten in structurele 
(witte stof) en functionele connectiviteit gedetecteerd, strekkend tot buiten de motor 
gebieden.

Het humane connectoom
De term “connectoom” verwijst naar de complete kaart van alle neurale verbindingen 
van een zenuwstelsel. Binnen de humane neurowetenschappen wordt het 
connectoom over het algemeen verstaan als de macroscopische beschrijving van 
de verbindingen van de hersenen. Men spreekt van het structurele connectoom 
als verbindingen (bundels van) axonale projecties tussen hersengebieden 
voorstellen en van het functionele connectoom als de verbindingen gebaseerd zijn 
op de overlap (correlatie) van activatie niveaus tussen hersengebieden over tijd.  
Omdat het brein een geïntegreerd complex systeem is van sterk verbonden neurale 
gebieden, in plaats van zelfstandig opererende eenheden, is het connectoom zo een 
geschikte beschrijving van het hersennetwerk om het (dis)functioneren van het brein 
te bestuderen. In ALS is met behulp van connectoom studies aangetoond dat de 
verbindingen van met name het motorische netwerk zowel structureel als functioneel 
aangedaan zijn.

Bevindingen
Het eerste deel van het onderzoek beschreven in dit proefschrift, hoofdstuk 2 
en 3, is methodologisch van aard en draagt bij aan de ontwikkeling van het jonge 
onderzoeksveld connectomics. Vanaf hoofdstuk 4 ligt de focus van het onderzoek op 
ziekte-effecten van ALS op het brein. Het connectoom is aangedaan in ALS patiënten 
blijkens verminderde structurele en functionele hersenconnectiviteit, maar lijkt 
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daarnaast ook betrokken bij verspreiding van ziekte over de hersenen.
 In het functionele connectoom stellen de verbindingen de overlap (correlatie) 
voor van activatie niveaus over tijd van de twee hersengebieden horend bij de 
verbinding. Met deze definitie van functionele verbindingen is ieder mogelijk 
paar hersengebieden - in zekere mate - met elkaar verbonden en is het functionele 
connectoom een volledig verbonden netwerk. Netwerkeigenschappen worden veelal 
uitgedrukt in netwerkmaten zoals kortste padlengte en clustering die hun oorsprong 
vinden in de grafentheorie, een tak van wiskunde. Om duidelijk onderscheid te 
kunnen maken tussen de topologie (de structuur in ligging van verbindingen) 
van een netwerk en de sterktes van verbindingen, worden netwerkmaten vaak op 
ongewogen, binaire netwerken berekend. Om de topologie van functionele netwerken 
te bestuderen dient een selectie gemaakt te worden van verbindingen. Een bekende 
methode hiervoor is het toepassen van een ‘proportionele drempel’ (proportional 
thresholding) die bijvoorbeeld de 15% sterkste verbindingen selecteert waardoor het 
aantal verbindingen over verschillende subjecten constant blijft. De experimenten 
beschreven in hoofdstuk 2 laten zien dat netwerkmaten berekend op functionele 
connectooms waarbij deze proportionele drempel toegepast is, sterk beïnvloed 
worden door de gemiddelde functionele verbindingssterkte van een subject. In 
een patiënt – controle setting wordt aangetoond dat verschillen in de gemiddelde 
functionele verbindingssterkte tussen de twee groepen interfereert met topologische 
groepseffecten.
 In hoofdstuk 3 worden structuur-functie relaties in het brein bestudeerd 
middels een theoretisch model dat functionele connectiviteit simuleert als 
synchroniciteit tussen gebieden die verbonden zijn volgens het structurele 
connectoom. Neurale hubs (regio’s met veel structurele verbindingen) blijken in 
dit model een voortrekkersrol te nemen in het bereiken van synchronisatie tussen 
gebieden van verschillende functionele modules. Structurele connectiviteitsschade 
aan deze hubs resulteerde in wijdverspreide effecten die integratie tussen modules 
en globale synchronisatie verhinderden. Deze simulaties, hoewel gebaseerd op een 
theoretisch model dat neurale communicatie extreem versimpelt, leren ons meer 
over hoe functionele effecten kunnen ontstaan als gevolg van (ziekte-gerelateerde) 
structurele connectiviteitsschade of vice versa.
 De gecombineerde structurele en functionele connectoom analyses van 
hoofdstuk 4 lieten zien dat verminderde structurele en functionele connectiviteit hand 
in hand gaat in de verbindingen in direct contact met de motorische schors. Connecties 
verderaf van de motorische schors vertoonden wel structurele afwijkingen maar 
waren functioneel nauwelijks aangedaan, mogelijk een aanwijzing dat functionele 
effecten secundair zijn aan de primaire structurele ziekte-effecten.
 Hoofdstuk 5 beschrijft een cohort van asymptomatische C9orf72 mutatie 
dragers en niet-dragers uit dezelfde grote familie. Hoewel deze mutatiedragers 
geen vrij waren van klinische tekenen van ALS, lieten zij wel verdunning van de 
hersenschors zien in vergelijking met de niet-dragers. Opvallend is dat de verdunning 
niet gevonden werd in de verwachte motorische schors, maar in temporale en pariëtale 
gebieden. Er werden geen connectiviteitseffecten in de witte stof waargenomen. Deze 
observaties duiden mogelijk op ontwikkelingseffecten van de mutatie die dragers 
predisponeren voor neurodegeneratieve processen die ten grondslag liggen aan 
ALS op latere leeftijd. Verder wijzen deze resultaten erop dat het ALS neuroimaging 
fenotype zich pas ontwikkelt kort op de eerste symptomen.

Nederlandse samenvatting



176

 Het anatomische witte stof connectoom is niet enkel onderworpen aan de 
ziektemechanismes van ALS die resulteren in verminderde hersenconnectiviteit zoals 
beschreven in hoofdstuk 4. In hoofdstuk 6 wordt beargumenteerd dat het gezonde 
connectoom verspreidingspatronen van pathogene eiwitten over het brein dicteert. 
Op neuropathologie gebaseerde stadia worden voorspeld vanuit de topologie 
van het structurele connectoom. Hoofdstuk 7 laat een zelfde relatie zien tussen de 
netwerkorganisatie van het gezonde connectoom en ziektestadia in behavioral variant 
frontotemporale dementie (bvFTD), Alzheimer en Parkinson. Omdat deze ziektes net 
als ALS tot de zogenaamde proteinopathiën behoren, ziektes die geassocieerd zijn 
met misvouwen eiwitten, zou het witte stof connectoom de infrastructuur kunnen 
zijn voor verspreiding van ziekte over het brein. 

Samenvattend, de bevindingen van dit proefschrift relateren aan een verscheiden-
heid aan ALS afdrukken op het brein zoals structurele en functionele connectiviteits-
veranderingen, verdunning van de hersenschors in asymptomatische C9orf72 
mutatiedragers en verspreidingspatronen van misvouwen eiwitten. 
De volgorde waarin deze reeks aan verschillende ziekte-effecten optreden en of 
zij de consequentie zijn van een en hetzelfde onderliggende ziektemechanisme is 
onduidelijk, maar een mogelijke volgorde die past bij het beeld dat geschetst wordt 
door de bevindingen uit dit proefschrift is de volgende: 
1.  aanwezigheid van neuronale inclusies van pathogene eiwitten 
2.  grijze stof atrofie (verdunning van de hersenschors)
3. degeneratie van axonale projecties van aangedane neuronen (verminderde  
 structurele connectiviteit)
4. veranderde regionale hersenactivatie en synchronisatie niveaus    
 (verminderde functionele connectiviteit)
5. Verspreiding van pathogenen via de witte stof verbindingen van het   
 structurele connectoom
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“Feeling gratitude, and not expressing it, 
is like wrapping a present and not giving it.”

- William Arthur Ward

Veel mensen hebben bijgedragen aan dit proefschrift en ik wil hen daarvoor bedanken. 
In de allereerste plaats dank ik de patiënten en familieleden voor hun deelname aan 
het wetenschappelijk onderzoek; zonder hen geen data, zonder data geen resultaten. 
Ik heb er veel bewondering voor dat zij dit in een zware tijd hebben kunnen opbrengen.

Geachte promotor, Professor Van den Berg, Beste Leonard, Bedankt dat je mij 
destijds als een van de weinige niet-artsen hebt aangesteld, ondanks mijn ietwat 
brutale opmerking rond het veel gememoreerde ‘telefoon incident’ tijdens het 
sollicitatiegesprek! Ik waardeer je manier van leidinggeven: duidelijk, je draait er niet 
omheen terwijl het luchtig blijft door je humoristische inslag. Het is mooi om te zien 
hoe de patiënt altijd centraal staat in het toponderzoek dat je leidt.  

Geachte promotor, Professor Veldink, Beste Jan, Dank voor je begeleiding, kritische 
vragen en inzichten in de statistiek. Ik ben ervan overtuigd dat de ambitieuze genetica 
projecten die je met veel enthousiasme leidt, zich zullen vertalen in doorbraken in het 
ALS onderzoek.

Geachte copromotor, Dr. Van den Heuvel, Beste Martijn, Het was een eer deel 
uit te maken van jouw Dutch Connectome Lab. Hoewel het inproduct van onze 
karakters uitgedrukt in vectoren de nul nadert, hadden we al snel een goede 
samenwerkingsmodus gevonden. Ik heb bewondering voor je onstilbare drang naar 
innovatie. Het lijkt haast wel alsof jij het meest op je gemak bent buiten je comfortzone. 
Je was vaak niet bij te houden en mijn promotietraject voelde soms als de eerste 
testrit van een nieuwe achtbaan. Het heeft mij veel mooie en leerzame ervaringen 
opgeleverd. Heel veel dank hiervoor.

Max, met afstand de grootste lolliflopper die ik ken! In de eerste klas van het VWO 
heb ik jou leren kennen als de personificatie van relaxedheid, eerst als een ware 
flierefluiter, later steeds meer als betrouwbare, slimme en geestige tjep. Na jaren van 
afzondering in Maastricht, begon je aan je promotie aan het UMC Utrecht. Ik volgde 
een jaar later en werd ook nog praktisch je buurman. Samen met jou, Loes en Guido 
heb ik mijn zo goed als filmloze jeugd (je begint het te accepteren door vragen als 
“Ken je...” en “Heb je … gezien?” te vermijden) toch een beetje gecompenseerd. Ik 
was jouw paranimf, nu jij die van mij; het is toch om te gieren! Laten we snel die trip 
naar de Faeröer maken. Marshall Islands komt daarna wel.

DCL collega’s, uiteraard ben ik jullie ontzettend veel dank verschuldigd voor 
alle werk gerelateerde hulp, inzichten en samenwerking, maar nu ter zake: 

Guusje, daadkracht zelve. Net student-af en als beginnend promovendus voelde 
ik me (en was ik waarschijnlijk ook) maar een braaf jongetje dat een beetje 
overdonderd werd door een succesvolle, zelfverzekerde en directe Guusje. 
Met de tijd ben ik het steeds meer gaan waarderen dat je zo onomwonden 
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je mening kan geven. In lastige of gevoelige situaties kon een gesprek met 
jou erg relativerend en verhelderend werken, bijna als een psychiater…  

Marcel, intellectuele eindbaas. Het was geweldig om iemand in de buurt te hebben 
waarvan je weet als hij zegt ‘het klopt’, dat het ook klopt. Volgende vraag. Meestal 
had je dan ook alvast eventuele valkuilen en uitzonderingen hierop bedacht en 
overwogen. Niet alleen om deze reden, maar ook omdat je een zeldzaam goeie kerel 
bent, ben ik blij dat je mijn promotie wou opwaarderen door paranimf te zijn. Ik heb 
genoten van de talloze keren dat we Ons Aller Ajax zijn gaan aanmoedigen. Je hebt 
me bijna zover dat ik ook een seizoenskaart ga halen!

Lianne, culturele fijnproever. Voor suggesties voor een goed boek, een mooie film 
of lekkere koffie kon ik bij jou terecht. Wij begonnen rond dezelfde tijd aan onze 
promotie en kennen het Dutch Connectome Lab nog van voordat deze naam serieus 
genomen werd. Dank voor de fijne tijd samen en voor al die keren dat je mijn figuren, 
posters en presentaties toonbaar hebt gemaakt!   

Siemon, uniek figuur. Jij kan moeiteloos schakelen tussen aan de ene kant mijn starre 
en achterhaalde opvattingen, grotendeels gebaseerd op traditionele media als de 
publieke omroep of papieren dagbladen, en aan de andere kant de belevingswereld 
van de Snapchat- en Tindergeneratie. Bedankt voor je inkijkjes in de gedachtegangen 
van deze nieuwe werkelijkheid.

Elise, publicatiekanon. Nog niet aan je PhD begonnen of je had al drie papers op je 
naam staan, dat belooft wat! Je hebt een cool project en ik denk dat jij de aangewezen 
persoon bent om daar een heel mooi onderzoek van te maken.

Xiao, you are a boss. There it is. On paper, in a book. I have a lot of respect for how 
you have changed from being a little shy to someone who speaks out. Don’t look up 
to too many people, bosses usually don’t either. Best of luck with your research and 
enjoy your travels!  

Kristin, relschopper deluxe. Naast alle kleine relletjes, ben je volgens mij maar 1x echt 
bloedlink op mij geweest. Best een nette score toch? Zelden waren we het eens, maar 
vrijwel altijd waren de discussies vermakelijk. Als enige witte jas van de kamer heb je 
ons veel bijgebracht over assertiviteit, het betere ‘bouncen’ en de omgang met clinici.

Ingrid, wereldkampioene allround sport. Geen sportieve uitdaging is jou te gek. Vier 
dagen lang 40km lopen: geen enkel probleem…en als 50km of verder had gekund, 
had je dat zonder enige twijfel meteen gedaan! Eigenlijk heeft ieder team een Ingrid 
nodig inclusief alle bijbehorende gênante momenten en saillante verhalen. Dank voor 
de gezelligheid die je iedere dag meebracht naar het werk.

Hannelore, geheugenwonder. Ik deed mijn best afspraken niet te vergeten door ze in 
mijn digitale Calendar te zetten, maar ja..dan moet je er ook nog naar kijken op de dag 
zelf. Gelukkig zat jij dichtbij; jouw offline herinneringen waren veel effectiever! Soms 
wel lastig dat je niet voor de gek te houden bent. De enige die mij ontmaskerde op 
mijn verjaardag ;) Het was leuk dat jij erbij kwam in het ALS team en dat we samen 
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konden werken met dezelfde data. 

Yongbin, undisturbed powerhouse. You did an amazing job moving to the Netherlands, 
settling in in our lab, writing your first paper and knowing most Ajax players by 
name! I enjoyed our discussions on cultural and political differences between the 
Netherlands and China. Keep up the good work and best of luck in your research! 

Bauke, lang hebben we niet samengewerkt, maar je bent een aanwinst voor ons 
team, inhoudelijk en persoonlijk. Helaas moest ik me door jou wel iets bescheidener 
opstellen zodra het over tafelvoetbal ging. 

I would also like to thank the students and visiting researchers that I have had the 
pleasure of working with for making my four years as a PhD candidate so interesting 
and rewarding: Karl, Carlo, Tim, Idoia, Sebastian, Matteo, Lizzy, Julia.  

Fraukje, jammer dat we niet langer collega’s zijn geweest, maar leuk dat we elkaar 
nog regelmatig zien rond pubquizzen en Ajax wedstrijden.
 
Van het ALS Centrum wil ik in het bijzonder mijn imaging collega’s Esther, Renée, 
Henk-Jan, Marloes en Bram bedanken voor de fijne samenwerking en jullie klinische 
blik. Renée, met jou heb ik het meest intensief samengewerkt; wij waren eigenlijk 
gewoon een dreamteam toch?! Henk-Jan, niets dan respect voor jouw diepgaande 
kennis van kliniek en algoritmes en alles daar tussenin. Verder wil ik Sanne bedanken 
voor het opzetten van de MRI planning en voor al die herinneringen ’s ochtends 
wanneer ik de schijf weer eens vergeten was naar de scanner te brengen. Annemarie, 
bedankt voor alle handtekeningen, declaraties, afspraken en formulieren die je voor 
mij in orde hebt gemaakt. 

Leden van de beoordelingscommissie, prof. Dijkhuizen, prof. Hendrikse, prof. 
Ramsey, prof. Hol en prof. Stam, hartelijk dank voor de tijd die u heeft vrijgemaakt 
om mijn proefschrift te lezen en te beoordelen.  

Derick, eigenlijk was het een belediging naar de sprookjesachtige natuur van Taroko 
National Park dat wij het daar over onze carrière keuzes moesten hebben. Jouw wijze 
woorden van toen hebben zeker bijgedragen aan mijn besluit te gaan promoveren. 
Bedankt voor de Skype sessies wanneer ik zo nu en dan broejaness of juist blijdskap 
moest ventileren. De mantra “maak je niet druk om BenChai, hij redt zich wel” is nog 
altijd effectief. 

Jeroen, de meeste van mijn artikelen heb jij voor een laatste check gelezen en 
gecorrigeerd. Keurig haalde je de typo’s en kromme zinnen eruit, maar dan kwam 
ik altijd wel ergens die onvermijdelijke obscene opmerking ineens in je commentaar 
tegen. Je bent meester in het genieten van het leven en ik hoop daar nog regelmatig 
een graantje van mee te kunnen pikken.

Guido, ik had even tijd nodig om je goed te kunnen verstaan, maar daarna had ik wel 
gelijk door dat ik hier te maken had met een ongekende koning. De avondjes bieren 
terwijl de serieuzere thema’s des levens besproken werden, af en toe onderbroken 
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door de meest botte en hilarische uitspraken, hebben me goed gedaan. Hoe jij werk 
en privé combineert, daar kan ik alleen maar van leren! 

Lieve papa, mama, Simon, Judith, David, ik mag van ongelofelijk veel geluk spreken 
dat ik in dit rijtje hoor. Ik heb alle kansen van de wereld gekregen en ik voel me 
altijd gestimuleerd en gesteund door jullie waardoor ik er zelfs een paar heb weten te 
grijpen. Zonder jullie...- nee ik wil er niet eens aan denken.

Dankwoord
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Geen heldere ster maar een blauwe verkeersaanduiding ‘Afrit 2, Nijmegen-Dukenburg’ 
leidde het bezoek op 3 mei 1988 naar de pasgeboren Ruben. Van 2000 tot en met 2006 
doorliep hij het VWO aan het Kandinsky College, Nijmegen, waar zijn interesse werd 
gewekt in techniek en de exacte vakken. Alvorens te gaan studeren in Nederland, 
besloot hij voor een jaar de Bachelor opleiding Computer Science te volgen aan het 
Loyola College, Chennai, India. Deze buitenland ervaring rijker begon Ruben in 
2007 als student Technische Natuurkunde aan de TU Delft. Daarna, in het master 
programma Applied Physics van diezelfde universiteit, diende het buitenland zich 
opnieuw aan. Ruben volgde gedurende twee semesters colleges aan de University 
of Waterloo, Canada en deed een onderzoeksstage in wind- en zonne-energie in Dar 
es Salaam, Tanzania. Na zijn afstuderen in 2012 en enige omzwervingen over de 
continenten later, werd hij in maart 2013 aangenomen voor een promotieplek aan het 
Universitair Medisch Centrum Utrecht, waar hij zijn tijd verdeelde tussen het Dutch 
Connectome Lab en het ALS Centrum. In april 2017 begint hij in zijn nieuwe baan als 
Cybercrime Specialist bij de FIOD, Belastingdienst.
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