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Chapter 1

Background

Frontotemporal dementia (FTD) is a common and devastating form of dementia that often occurs 
in the presenile population, i.e., aged under 65 years (Ratnavalli et al., 2002; Harvey et al., 2003; 
Hogan et al., 2016). It was first described in 1892 by Arnold Pick in a patient with aphasia and 
asymmetric temporal lobe atrophy (Pick, 1892). Today, FTD represents a diverse spectrum of 
clinical syndromes. The disease is typically characterised by progressive degeneration of the frontal 
and temporal lobes, leading to behavioural disorders and language deficits (Gorno-Tempini et al., 
2011; Rascovsky et al., 2011). However, FTD patients may additionally develop symptoms of 
amyotrophic lateral sclerosis (ALS; Lomen-Hoerth et al., 2002), corticobasal syndrome (CBS), 
or progressive supranuclear palsy (PSP; Josephs et al., 2006). Moreover, considerable clinical 
overlap exists with other dementias and psychiatric disorders (Krudop et al., 2015). For example, 
Alzheimer’s disease (AD) patients may exhibit behavioural symptoms ( Johnson et al., 1999), 
whereas FTD patients may present with memory deficits (Graham et al., 2005). As such, clinical 
diagnosis is challenging, especially in the initial stages of the disease. 

Early-stage and accurate diagnosis is important for establishing a prognosis and organising patient 
care. Furthermore, early-stage diagnosis is crucial for the development and application of disease 
modifying treatments. Most dementia treatments aim to reverse the neuropathological pathways 
that lead up to neuronal cell death, for example through inhibition of pathological proteins’ 
accumulation (Cummings et al., 2018). The ability to diagnose patients before they develop marked 
cerebral atrophy is therefore essential to increase the window of opportunity to test these potential 
treatments. This dissertation aims to establish neuroimaging biomarkers that are sensitive to early-
stage FTD.

Frontotemporal dementia heterogeneity
FTD is a many-faced disease. There are multiple distinct clinical FTD syndromes, and several 
types of underlying neuropathological substrates. Furthermore, FTD has symptomatic overlap 
with psychiatric diseases and different dementia types. To illustrate FTD heterogeneity, Figure 1.1 
shows a simplification of the relationships between the clinical FTD syndromes, the underlying 
pathology, and genetics.

Clinical heterogeneity
The most common FTD manifestation is behavioural variant FTD (bvFTD), which accounts for 
50–80% of all FTD cases ( Johnson et al., 2005; Seelaar et al., 2008; Hogan et al., 2016). Typically, 
bvFTD patients show signs of disinhibition, apathy, loss of empathy, compulsive behaviour, 
dietary changes, and/or executive dysfunction. On magnetic resonance imaging (MRI), bvFTD is 
characterised by frontal and/or anterior temporal atrophy (Rascovsky et al., 2011). 

The other main FTD manifestation is primary progressive aphasia (PPA), which can be 
subdivided into three variants: non-fluent variant PPA (nfvPPA), semantic variant PPA (svPPA), 
and logopenic variant PPA (lvPPA). The non-fluent variant is characterised by agrammatism, 
apraxia of speech, and, in later stages, mutism. However, nfvPPA patients usually have spared single-
word comprehension and object knowledge. In these patients, brain atrophy is predominantly 
seen in the left posterior fronto-insula on MRI (Gorno-Tempini et al., 2011; Spinelli et al., 2017). 
Patients with svPPA typically have impaired confrontation naming, single-word comprehension, 
object knowledge, and surface dyslexia or dysgraphia. Repetition and speech production in terms of 
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grammar and motor speech are usually spared. These patients show bilateral atrophy of the ventral 
and lateral parts of the anterior temporal lobes on MRI, though the left side is usually more strongly 
afflicted (Gorno-Tempini et al., 2011). The logopenic variant is the most recently described PPA 
variant, and is characterised by impaired single-word retrieval, sentence repetition deficits, and 
phonologic errors. However, single-word comprehension, object knowledge, and motor speech 
are preserved. Patients with lvPPA usually show brain atrophy in left temporo-parietal junction 
areas, such as the posterior temporal, supramarginal, and angular gyri (Gorno-Tempini et al., 2011; 
Spinelli et al., 2017).

Figure 1.1  Heterogeneity in frontotemporal dementia. 
This diagram features the complex relationships between the clinical FTD syndromes, the underlying pathology, and genetic 
causes. Thicker lines denote stronger relationships, e.g., svPPA patients usually have TDP-43 pathology, although patients 
may also show tau pathology ( Josephs et al., 2011). 
Genetics: MAPT, microtubule-associated protein tau; GRN, progranulin; C9orf72, chromosome 9 open reading frame 72; 
VCP, valosin-containing protein; FUS, fused in sarcoma gene; CHMP2B, charged multivesicular body protein 2b. 
Pathology: TDP-43, transactive response DNA binding protein 43 kDa; FUS, fused in sarcoma protein; AD, Alzheimer’s 
disease pathology. 
Clinical syndromes: CBS, corticobasal syndrome; PSP, progressive supranuclear palsy; FTD, frontotemporal dementia; 
bvFTD, behavioural variant FTD; FTD-ALS, FTD with amyotrophic lateral sclerosis; PPA, primary progressive aphasia; 
nfvPPA, non-fluent variant PPA; svPPA, semantic variant PPA; lvPPA, logopenic variant PPA. 
Modified with permission from Rohrer & Rosen (2013), and reprinted by permission of the publisher Taylor & Francis Ltd. 
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In addition to cognitive disorders, some FTD patients develop atypical parkinsonian syndromes, 
such as CBS or PSP, while others develop ALS. Conversely, patients with CBS, PSP, and ALS may 
develop behavioural or language dysfunction (Kertesz et al., 2005). Clinically, CBS is characterised 
by unilateral rigidity, apraxia, myoclonus, and the alien hand phenomenon (Armstrong et al., 2013). 
PSP patients typically develop vertical gaze palsy, falls, axial rigidity, and pseudobulbar palsy (Boxer 
et al., 2017). ALS is a motor neuron disease characterised by progressive loss of upper and/or lower 
motor neurons, resulting in muscle weakness, fasciculations, and eventually immobility, dysphagia, 
and respiratory complications (Brooks et al., 2000). 

Neuropathological heterogeneity
Underlying these clinical syndromes are three groups of neuropathological substrates, named after 
the protein inclusions found at autopsy: tau, transactive response DNA binding protein 43 kDa 
(TDP-43), and RNA binding protein fused in sarcoma (FUS). Together, tau, TDP-43, and FUS 
constitute the neuropathological umbrella term frontotemporal lobar degeneration (FTLD). As 
shown in Figure 1.1, FTLD pathologies generally have multiple associated clinical syndromes, 
and vice versa, though some clinicopathological associations are stronger than others. Therefore, 
determining which pathology underlies a certain clinical syndrome remains challenging ( Josephs et 
al., 2011). Interestingly, lvPPA is usually caused by AD pathology, even though its clinical syndrome 
may be similar to nfvPPA and svPPA (Chare et al., 2014). This dissertation will primarily focus on 
the clinical FTD syndromes with FTLD pathology, i.e., bvFTD, nfvPPA, and svPPA.

Genetic heterogeneity
Around 25–50% of FTD patients have a positive family history for dementia or a related disorder, 
such as ALS or parkinsonism. Moreover, 10–30% of FTD patients have an autosomal dominant 
inheritance (Seelaar et al., 2008; Rohrer et al., 2009; Benussi et al., 2015). Several gene mutations 
have been identified that are associated with monogenic FTD. Most commonly, genetic FTD 
patients have a mutation in the microtubule-associated protein tau (MAPT) or progranulin 
(GRN) genes, or a chromosome 9 open reading frame 72 (C9orf72) repeat expansion. Other, more 
infrequently affected genes include valosin-containing protein (VCP), charged multivesicular body 
protein 2B (CHMP2B), and fused in sarcoma (FUS; Benussi et al., 2015). These gene mutations 
have an autosomal dominant inheritance pattern and are all highly penetrant. Therefore, roughly 
50% of subjects from genetic FTD families will eventually develop FTD. Though pathogenic FTD 
mutations each lead to a specific FTLD pathology, patients with the same mutation may develop 
different clinical FTD syndromes (Benussi et al., 2015).

The significance of a timely diagnosis
Currently, there are no United States Food and Drug Administration (FDA-)approved therapies 
for FTD. In fact, most pharmacological treatments for FTD involve off-label use of psychotropic 
medication for symptomatic relief (Pressman & Miller, 2014). Recently, advances in the 
understanding of FTLD pathophysiology have led to increased efforts to develop disease modifying 
treatments. These treatments aim to inhibit, or reverse, underlying neuropathological processes to 
prevent neuronal cell death. For example, disease modifying treatments may aim to inhibit tau 
protein aggregation, stabilise microtubules, or increase progranulin levels. A comprehensive review 
of past and current clinical trials until 2019 involving the FTLD spectrum has been published 
recently (Logroscino et al., 2019). Due to their working mechanism, disease modifying treatments 
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have an optimal potential in early FTD disease stages, before atrophy occurs. However, inclusion 
criteria for clinical trials typically include FTD diagnosis based on the relevant diagnostic criteria 
(Gorno-Tempini et al., 2011; Rascovsky et al., 2011), in which brain atrophy on MRI is included as 
diagnostic criterion. FTD patients included in clinical trials therefore often have marked atrophy, 
reducing the potential benefit of treatments that aim to prevent cell death. The insensitivity of 
current diagnostic criteria to early disease stages therefore hinders the efforts to develop disease 
modifying treatments.

Diagnostic delay, calculated as the time between symptom onset and diagnosis, has been 
estimated between three and six years for bvFTD, around three years for nfvPPA, and around five 
years for svPPA (Hodges et al., 2003; Pasquier et al., 2004; Roberson et al., 2005). Given that the 
mean survival from symptom onset is estimated at roughly eight years for bvFTD, nfvPPA, and 
svPPA (Kansal et al., 2016), this diagnostic delay significantly shortens the window of opportunity 
for FTD disease modifying treatments. Multiple factors contribute to this delay. Most importantly, 
neuropsychological symptoms in early stages are not specific for FTD, and may be misinterpreted 
as manifestations of psychiatric disease (Pijnenburg et al., 2004), especially when the patient is 
relatively young. FTD patients are typically younger than patients with other types of dementia; 
the mean age of symptom onset is roughly 58 years for bvFTD, 64 years for nfvPPA, and 60 years 
for svPPA (Kansal et al., 2016). In other patients, symptoms may overlap with AD (Graham et 
al., 2005). Consequently, diagnosis may be delayed by one or two years even after patients are first 
referred to a neurologist or memory clinic (Pijnenburg et al., 2004). Diagnostic delay is also partly 
caused by patient delay. For example, bvFTD patients typically lack disease insight and can be 
reluctant to seek professional help (Neary et al., 1998; Pijnenburg et al., 2004). 

In order to improve clinical trial efficacy through timely diagnosis, biomarkers are necessary that 
are sensitive to early-stage FTD-related pathological changes. Additionally, differential diagnostic 
biomarkers could power clinical trials through trial stratification (e.g., based on clinical FTD 
variant or underlying pathology), and disease progression biomarkers could facilitate more accurate 
evaluation of disease modifying treatments’ effects. 

MRI biomarkers in genetic frontotemporal dementia
Due to the autosomal dominant inheritance and high penetrance of pathogenic FTD mutations, 
genetic FTD families provide an ideal population to study the pathological mechanisms that 
underlie FTD in early stages of the disease, and to develop biomarkers for early FTD detection. 
Specifically, it is possible to follow mutation carriers from such families over time, while they are still 
in the ‘presymptomatic’ stage, i.e., before symptom onset. 

In recent years, presymptomatic FTD mutation carriers of MAPT, GRN, and C9orf72 repeat 
expansion have been increasingly investigated to find early changes with potential MRI-based 
(Borroni et al., 2008; Miyoshi et al., 2010; Whitwell et al., 2011a; Dopper et al., 2014; Rohrer et 
al., 2015; Lee et al., 2017; Papma et al., 2017; Bertrand et al., 2018; Cash et al., 2018; Jiskoot et al., 
2018a, 2019; Panman et al., 2019), cognitive (Dopper et al., 2014; Rohrer et al., 2015; Jiskoot et al., 
2016, 2018b; Papma et al., 2017; Bertrand et al., 2018), fluid (Meeter et al., 2016a, 2016b, 2018a, 
2018b; Lehmer et al., 2017; Galimberti et al., 2018), and positron emission tomography (PET; 
Miyoshi et al., 2010; Jacova et al., 2013) biomarkers. Notably, application of MRI-based biomarkers 
in the clinic seems viable due to the non-invasive nature and ready availability of MRI. MRI-
based biomarker candidates include grey matter and white matter structure, as well as functional 
connectivity. Grey matter structure can be analysed using voxel-based morphometry on structural 
MRI scans (Good et al., 2001; Douaud et al., 2007). White matter structure is usually tested using 
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diffusion tensor imaging (DTI), which measures the diffusion of water inside the brain (Smith et 
al., 2006). The directionality of water diffusion is often used as a proxy for white matter integrity, 
although this interpretation remains controversial (Wheeler-Kingshott & Cercignani, 2009). 
Functional connectivity is calculated from resting-state functional MRI (rs-fMRI), and sheds light 
on how different brain regions coactivate as distinct functional networks (Beckmann & Smith, 
2004). Below, we briefly outline the reported presymptomatic changes in grey matter structure, 
white matter diffusion, and functional connectivity in the three most common pathogenic FTD 
mutations.

Microtubule-associated protein tau
Presymptomatic atrophy in MAPT mutation carriers is located in the temporal pole and 
hippocampus (Panman et al., 2019). In the white matter, presymptomatic MAPT mutation carriers 
predominantly show cross-sectional DTI abnormalities in the uncinate fasciculus (Dopper et al., 
2014; Jiskoot et al., 2018a). These abnormalities increase over time in the uncinate fasciculus, and 
expand to the left anterior thalamic radiation and left inferior fronto-occipital fasciculus (Panman 
et al., 2019). Functional connectivity with the default mode network, a functional brain network 
involved in emotional processing, self-reference, and memory (Raichle, 2015), is decreased in the 
lateral temporal lobe and medial prefrontal cortex in presymptomatic MAPT mutation carriers, 
and is increased in the medial parietal lobe (Whitwell et al., 2011a).

Progranulin
Presymptomatic GRN mutation carriers do not typically show presymptomatic atrophy (Borroni 
et al., 2008; Dopper et al., 2014; Cash et al., 2018; Panman et al., 2019). White matter DTI 
abnormalities occur in the uncinate fasciculus, inferior fronto-occipital fasciculus (Borroni et al., 
2008), the splenium, and in the anterior and posterior internal capsule ( Jiskoot et al., 2018a). 
Functional connectivity is reduced in presymptomatic GRN mutation carriers in the default mode 
network and in the salience network, which is involved in emotional processing (Dopper et al., 
2014). 

Chromosome 9 open reading frame 72 repeat expansion
Presymptomatic differences in C9orf72 repeat expansion carriers are more abundant and present 
at an earlier stage. Grey matter atrophy predominantly occurs in the thalamus, cerebellum, and 
insula, but also extends to other frontotemporal regions (Rohrer et al., 2015; Lee et al., 2017; 
Papma et al., 2017; Bertrand et al., 2018; Cash et al., 2018; Panman et al., 2019). White matter 
DTI abnormalities also include widespread areas, such as the corpus callosum, anterior thalamic 
radiation, corticospinal tract, and the superior and inferior longitudinal fasciculi (Lee et al., 2017; 
Papma et al., 2017; Bertrand et al., 2018; Jiskoot et al., 2018a; Panman et al., 2019). Functional 
connectivity is reduced in the salience network and the default mode network (Lee et al., 2017).

Clinical translation of biomarkers using machine learning
The group differences described above show that MRI-based biomarkers may be promising for 
the early detection of FTD. However, the clinical translation towards a diagnostic tool requires 
that biomarkers have discriminative value on the individual level, not merely on group-level. To 
harness the full potential of biomarkers on the individual level, artificial intelligence, or more 
specifically machine learning, can be applied. In machine learning, labelled data is used to train 
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a classifier to distinguish between groups, for instance between FTD patients and controls. Once 
the classifier is trained, it can be used to classify new subjects whose group label is unknown. An 
important characteristic is that classifiers can be trained on multiple inputs to increase performance 
by combining complementary information (Schouten et al., 2016). While machine learning allows 
for many different inputs, classifiers typically generate a single score per subject, allowing for a 
straightforward clinical implementation in the diagnostic work-up. Recently, MRI-based classifiers 
have been used to study the classification of FTD patients and controls. Classifiers based on grey 
matter volume (Raamana et al., 2014; Klöppel et al., 2015; Koikkalainen et al., 2016; Bron et al., 
2017; Canu et al., 2017; Meyer et al., 2017; Bouts et al., 2018), white matter diffusion (Bron et 
al., 2017; Canu et al., 2017; Bouts et al., 2018), and functional connectivity (Canu et al., 2017; 
Bouts et al., 2018) perform well in the classification of FTD patients and controls. However, these 
classification studies were performed in patients with symptomatic FTD, and it is unknown whether 
these results generalise to earlier FTD disease stages. The accurate classification of early-stage FTD 
patients or presymptomatic FTD mutation carriers could facilitate early inclusion into clinical trials 
with disease modifying treatments, but is currently lacking. 

Aims and outline of this dissertation

Based on group differences between FTD mutation carriers and non-carriers, MRI-based 
biomarkers in genetic FTD show promise for early FTD detection, which may in turn facilitate 
clinical trial efficiency. The main goal of this dissertation is to further the translation of potential 
MRI-based biomarkers for FTD towards clinical application by applying them in a single-subject 
classification setting analogous to a diagnostic test. 

In chapter 2, we study MRI-based classification in a cross-sectional sample of presymptomatic 
FTD mutation carriers and non-carriers. To assess whether a classification model based on full-
blown FTD generalises to the presymptomatic disease stage, we use a bvFTD classification 
model (Bouts et al., 2018) to classify presymptomatic FTD mutation carriers and non-carriers. 
Furthermore, we comprehensively evaluate the classification performance for different MRI 
features by training and testing unimodal and multimodal (i.e., based on multiple MRI features) 
carrier-control classification models.

In chapter 3, our aim is to evaluate the sensitivity of MRI-based classification to FTD-related 
changes over time. We apply the same bvFTD classification model on longitudinal data of FTD 
mutation carriers and non-carriers to obtain classification scores on multiple time points. We 
test whether longitudinal patterns differ between non-carriers, mutation carriers that remain 
presymptomatic within our study’s follow-up time, and mutation carriers that ‘convert’ to FTD 
(i.e., develop FTD symptoms) during follow-up. 

Chapter 4 describes the use of MRI-based classification to predict which FTD mutation carriers 
will convert to FTD within the timespan of four years, and which mutation carriers will remain 
presymptomatic. We aim to evaluate the prognostic value of MRI-based biomarkers to predict 
symptom onset in genetic FTD, since an accurate prognostic test for symptom onset could facilitate 
early inclusion of FTD mutation carriers into clinical trials. 

The prevalence of FTD mutation carriers is relatively low. The combination of existing MRI 
data across centres would facilitate the pooling of subjects into larger cohorts, as well as unique 
study contrasts with rare groups. However, combining data from different scanners is problematic 
due to hardware, software, and environmental differences. In chapter 5, we aim to facilitate the 
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combination of existing rs-fMRI data from different centres through the reduction of structured 
noise. We apply a new noise removal method on rs-fMRI data of two groups of healthy controls 
from different sites to reduce scan site bias.

Another important step to develop MRI measures into specific biomarkers is to establish whether 
MRI changes in presymptomatic FTD mutation carriers are unique for this group, or whether they 
also exist in subjects at risk for different dementias, such as AD. In chapter 6, we jointly analyse 
MAPT/GRN mutation carriers vs. non-carriers, and apolipoprotein E ε4 (APOE4; the most 
important risk gene for AD) carriers vs. non-carriers to investigate whether early changes in risk 
mutation carriers of FTD and AD follow different patterns.

To conclude, we summarise and discuss the main findings of this dissertation in chapter 7 and 
provide methodological considerations as well as recommendations for future research. 
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Abstract

Classification models based on magnetic resonance imaging (MRI) may aid early diagnosis of 
frontotemporal dementia (FTD) but have only been applied in established FTD cases. Detection 
of FTD patients in earlier disease stages, such as presymptomatic mutation carriers, may further 
advance early diagnosis and treatment. In this study, we aim to distinguish presymptomatic FTD 
mutation carriers from controls on an individual level using multimodal MRI-based classification. 

Anatomical MRI, diffusion-weighted imaging (DWI) and resting-state functional MRI data 
were collected in 55 presymptomatic FTD mutation carriers (8 microtubule-associated protein 
tau, 35 progranulin, and 12 chromosome 9 open reading frame 72 repeat expansion) and 48 
familial controls. We calculated grey and white matter density features from anatomical MRI scans, 
diffusivity features from DWI, and functional connectivity features from resting-state functional 
MRI. These features were applied in a recently introduced multimodal behavioural variant 
FTD (bvFTD) classification model, and were subsequently used to train and test unimodal and 
multimodal carrier-control models. Classification performance was quantified using area under the 
receiver operating characteristic curves (AUC). 

The bvFTD model was not able to separate presymptomatic mutation carriers from controls 
beyond chance level (AUC = 0.582, p = 0.078). In contrast, one unimodal and several multimodal 
carrier-control models performed significantly better than chance level. The unimodal model 
included the radial diffusivity feature and had an AUC of 0.642 (p = 0.032). The best multimodal 
model combined radial diffusivity and white matter density features (AUC = 0.684, p = 0.004). 

FTD mutation carriers can be separated from controls with a modest AUC even before symptom 
onset, using a newly created carrier-control classification model, while this was not possible using a 
recent bvFTD classification model. A multimodal MRI-based classification score may therefore be 
a useful biomarker to aid earlier FTD diagnosis. The exclusive selection of white matter features in 
the best performing model suggests that the earliest FTD-related pathological processes occur in 
white matter.

Keywords: frontotemporal dementia; MAPT protein, human; GRN protein, human; 
C9orf72, human; diffusion tensor imaging; resting-state functional MRI; multimodal MRI; 
classification; machine learning
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Introduction

Frontotemporal lobar degeneration is a common cause of early-onset dementia with a similar 
prevalence to Alzheimer’s disease in the presenile population (Ratnavalli et al., 2002; Harvey et 
al., 2003; Rabinovici & Miller, 2010; Rascovsky et al., 2011; Seelaar et al., 2011). Although there 
are clinical disease criteria for the different clinical variants of frontotemporal dementia (FTD; 
Gorno-Tempini et al., 2011; Rascovsky et al., 2011), diagnosis is often complicated and delayed 
by clinical heterogeneity. This hinders clinicians in providing accurate prognosis, effective disease 
management, and developing new treatments (Mohs et al., 2001; Mendez et al., 2007; Mendez, 
2009; Pressman & Miller, 2014).

Multimodal magnetic resonance imaging (MRI) has been suggested as a promising biomarker 
to improve on diagnostic standards in FTD. In FTD patients, MRI revealed specific patterns of 
neurodegeneration, involving grey matter and white matter atrophy (Whitwell & Jack, 2005; Chao 
et al., 2007; Rabinovici et al., 2008; Seeley et al., 2009; Zhang et al., 2011; Pan et al., 2012; Whitwell 
et al., 2012, 2015; Risacher & Saykin, 2013; Frings et al., 2014; Möller et al., 2015a), differences in 
diffusion tensor imaging (DTI) measures (Zhang et al., 2009, 2011; Agosta et al., 2012; McMillan 
et al., 2012, 2014; Mahoney et al., 2014; Möller et al., 2015b; Daianu et al., 2016), and differences 
in functional connectivity (Zhou et al., 2010; Farb et al., 2013; Lee et al., 2014; Zhou & Seeley, 
2014; Hafkemeijer et al., 2015, 2016). 

These patterns have subsequently been utilised on an individual level to create MRI-based 
classification algorithms that can discriminate between FTD patients and control subjects 
(Davatzikos et al., 2008; McMillan et al., 2014; Raamana et al., 2014; Koikkalainen et al., 2016; 
Wang et al., 2016; Bron et al., 2017; Meyer et al., 2017; Bouts et al., 2018). Accurate classification 
of FTD patients using MRI measures is an important step towards a more substantiated diagnostic 
standard. However, most classification models are based on established FTD cases, limiting 
generalisability in patients who are at an earlier disease stage. Still, detection of these early-stage 
FTD cases is necessary to facilitate precise subject recruitment into clinical trials and potential early 
treatment with disease-modifying drugs (Huey et al., 2008).

In order to characterise FTD pathophysiology at an earlier stage, presymptomatic carriers of 
autosomal dominant FTD gene mutations were compared to controls in MRI group analyses 
(Borroni et al., 2008, 2012; Whitwell et al., 2011a; Rohrer et al., 2013, 2015; Dopper et al., 
2014; Premi et al., 2014; Lee et al., 2017; Papma et al., 2017; Bertrand et al., 2018; Cash et al., 
2018). Carriers of the three most common FTD gene mutations microtubule-associated protein 
tau (MAPT), progranulin (GRN), and chromosome 9 open reading frame 72 (C9orf72) repeat 
expansion show brain alterations on MRI, even well before symptom onset. In these subjects, 
white matter diffusivity changes (Borroni et al., 2008; Dopper et al., 2014; Papma et al., 2017) and 
functional connectivity changes (Whitwell et al., 2011a; Borroni et al., 2012; Dopper et al., 2014; 
Premi et al., 2014) are often, but not exclusively (Lee et al., 2017; Papma et al., 2017; Bertrand et 
al., 2018), found in the absence of grey matter atrophy, suggesting that changes in the functional 
architecture and white matter tracts may precede structural deterioration in the grey matter (Rohrer 
et al., 2013). Nonetheless, multicentre analyses of a large international cohort show grey matter loss 
in MAPT mutation carriers, GRN mutation carriers, and C9orf72 repeat expansion carriers even 
before ‘conversion’ to symptomatic FTD (Rohrer et al., 2015; Cash et al., 2018). Although these 
presymptomatic group differences give insight into the pathophysiological mechanisms of FTD, 
individual heterogeneity complicates its utility in FTD diagnosis. Therefore, translation from group 
differences to single-subject classification models is imperative. 
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The present study brings two research areas together: we combine machine learning with 
presymptomatic FTD mutation carriers to study individual classification of FTD-pathology at 
an early stage. Our aim is to distinguish individual presymptomatic FTD mutation carriers from 
healthy controls using multimodal MRI.
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Methods

Design
In order to distinguish presymptomatic FTD mutation carriers from controls, we applied two 
models. First, we applied a recent behavioural variant FTD (bvFTD-)control classification model 
(Bouts et al., 2018) to our MRI data to investigate whether the model separates presymptomatic 
mutation carriers from controls. We shall refer to this model as the ‘bvFTD model’. In a second 
analysis, we trained new classification models on the presymptomatic mutation carriers and 
controls’ data using cross-validation. We shall refer to these models as ‘carrier-control models’. MRI 
preprocessing, feature selection and classification were performed identically to previous work 
(Bouts et al., 2018).

Participants
This retrospective study partially included previously published (Dopper et al., 2014; Jiskoot et al., 
2016; Papma et al., 2017) and newly acquired data from the Erasmus Medical Centre and Leiden 
University Medical Centre. Participants and clinical investigators were blinded to the participants’ 
DNA status. The study was conducted in accordance with regional regulations and the Declaration 
of Helsinki. The Erasmus Medical Centre and Leiden University Medical Centre local medical 
ethics committees approved the study, and every participant provided written informed consent. 

For the current study, we included 55 presymptomatic FTD mutation carriers (8 MAPT, 35 
GRN, and 12 C9orf72 repeat expansion) and 48 healthy familial controls (6 MAPT family, 31 GRN 
family, and 11 C9orf72 family) between May 2010 and March 2016. These subjects were recruited 
from a cohort of healthy first-degree relatives of FTD patients with either an MAPT mutation, 
GRN mutation, or C9orf72 repeat expansion (FTD-Risk Cohort; FTD-RisC), and visited the 
Erasmus Medical Centre for a one-day assessment in order to ascertain asymptomatic status, 
collect clinical data, and determine DNA status as described before (Dopper et al., 2014; Jiskoot 
et al., 2016; Papma et al., 2017). Participants were considered asymptomatic in the absence of (1) 
behavioural, cognitive, or neuropsychiatric change reported by the participant or knowledgeable 
informant, (2) cognitive disorders on neuropsychiatric tests, (3) motor neuron disease signs on 
neurologic examination, and (4) other FTD (Gorno-Tempini et al., 2011; Rascovsky et al., 2011) 
or amyotrophic lateral sclerosis (Ludolph et al., 2015) criteria. Healthy controls were assumed to 
have equal FTD risk as the general population. For a more detailed description of the recruitment 
protocol, see earlier work (Dopper et al., 2014; Jiskoot et al., 2016; Papma et al., 2017). Inclusion 
criteria for the current study were: age between 40 and 70 years, and availability of a 3-dimensional 
T1-weighted MRI (3DT1w) scan, a diffusion-weighted imaging (DWI) data set, and a resting-state 
functional T2*-weighted MRI (rs-fMRI) scan. Exclusion criteria were: current or past neurologic or 
psychiatric disorders, history of drug abuse, large image artefacts, and gross brain pathology other 
than atrophy.

For details on the sample on which the bvFTD model was trained, please refer to Bouts et al. 
(2018). In short, 23 bvFTD patients and 35 controls between 40 and 80 years old were included to 
undergo a clinical assessment and MRI between November 2009 and November 2012. The MRI 
acquisition protocol was similar to the protocol applied in the current sample of mutation carriers 
and controls. Image processing steps were identical to processing steps in the current sample.
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MRI data acquisition
All subjects were scanned at the Leiden University Medical Centre using a 3 T MRI scanner (Achieva, 
Philips Medical Systems, Best, The Netherlands) with an 8-channel SENSE head coil. The imaging 
protocol included a whole-brain near-isotropic 3DT1w sequence for cortical and subcortical tissue 
type segmentation, a DWI sequence for assessments of white matter diffusion metrics, and an rs-
fMRI for the calculation of functional connectivity measures. Participants were instructed to lie 
still with their eyes closed and not to fall asleep during rs-fMRI. For scan parameters, see Table 2.1. 

Table 2.1  MRI sequence parameter settings
3DT1w DWIa rs-f MRI

Slices, n 140 70 38

TR, ms 9.8 8,250 2,200

TE, ms 4.6 80 30

Flip angle, ° 8 90 80

Matrix, mm 256 × 256 128 × 128 80 × 80

Voxel size, mm 0.88 × 0.88 × 1.20 2.00 × 2.00 × 2.00 2.75 × 2.75 × 2.99b

Duration, min 4.57 8.48 7.28

Scan protocol of whole-brain near-isotropic 3-dimensional T1-weighted (3DT1w), diffusion-weighted 
imaging (DWI), and resting-state functional T2*-weighted MRI (rs-fMRI) on a 3 T scanner at the Leiden 
University Medical Centre. 
TR, repetition time; TE, echo time.
a 60 directions, b = 1,000, one b0 image.
b Including 10% interslice gap.

Image preprocessing
For 3DT1w images, the following preprocessing steps were performed: bias field correction 
(N4ITK; Tustison et al., 2010), brain extraction (FSL BET; Smith, 2002), nonlinear registration to 
the MNI152 2 × 2 × 2 mm T1 template (FNIRT; Anderson et al., 2007), tissue type segmentation 
(SPM12; Friston et al., 2007) and segmentation of deep grey matter structures, including the 
bilateral thalamus, caudate nucleus, putamen, globus pallidum, nucleus accumbens, amygdala, and 
hippocampus (FIRST; Patenaude et al., 2011).

Preprocessing for DWI data sets included correction of motion and eddy-current induced 
distortion (eddy correct; Leemans & Jones, 2009), and calculation of voxel-wise measures of 
fractional anisotropy (FA), mean diffusivity (MD), axial diffusivity (AxD, largest eigenvalue), and 
radial diffusivity (RD, average of the two remaining eigenvalues, DTIFIT; Smith et al., 2004). 
A global mean FA image was created by nonlinearly registering FA maps to the FMRIB58_FA 
template, and tract-based spatial statistics (FSL TBSS; Smith et al., 2006) was used to extract FA, 
MD, AxD, and RD values using the standard FSL TBSS skeleton. The skeleton was thresholded at 
0.2 to ensure skeleton extracted values originate from white matter.

For rs-fMRI data, preprocessing included motion correction ( Jenkinson et al., 2002), brain 
extraction, spatial smoothing using a Gaussian kernel with a full width at half maximum of 3 mm, 
grand mean intensity normalisation, motion artefact removal, and high-pass temporal filtering 
(cut-off frequency = 0.01 Hz). Motion artefacts were removed using a single-session independent 
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component analysis (ICA) to decompose the rs-fMRI data into distinct statistically independent 
components. Subsequently, motion-related components were automatically identified and removed 
using the ICA-based automatic removal of motion artefacts (ICA-AROMA, version 0.3-beta; 
Pruim et al., 2015) procedure. Registration to standard space was performed in two steps. First, a 
temporal mean image calculated from the 4D rs-fMRI volume was registered to the 3DT1w image 
using boundary-based registration (Greve & Fischl, 2009). Next, resulting registration parameters 
were concatenated to the 3DT1w-to-MNI152 template registration parameters to obtain the final 
registration parameters.

All registration and segmentation steps were critically reviewed and errors were corrected 
accordingly. 

Feature selection
Cortical grey matter density (GMD) and white matter density (WMD) were calculated as a 
weighted average of their respective regional white matter or grey matter probability (SPM 
segmentation) weighted by the probability of a voxel being part of that specific tract or region. The 
latter probabilities were derived from the 48 Harvard-Oxford probabilistic anatomical brain atlas 
cortical regions (split into left and right) and from the Johns Hopkins University white matter 
tractography atlas for 20 white matter tract regions. Voxels with region probability values less than 
25% were excluded. This provided a measure of brain atrophy of a specific grey matter region or 
white matter tract. For deep grey matter regions, GMD values were calculated as the regions’ volume 
(FIRST segmentations) divided by total intracranial volume. This resulted in a feature vector of 110 
average GMD values (48 left cortical, 48 right cortical, and 14 deep grey matter regions), and a 
feature vector of 20 average WMD values per subject. 

DTI-based features were calculated by projecting each subject’s FA, MD, AxD, and RD values 
onto the TBSS group skeleton on a voxel-wise basis. Like the WMD features, the 20 white matter 
tracts of the probabilistic Johns Hopkins University white matter tractography atlas were then used 
to calculate a weighted mean value per tract per subject. This resulted in 4 × 20 feature vectors of 
mean FA, MD, AxD, and RD values per subject.

In order to calculate the functional connectivity features, all processed rs-fMRI images were 
combined in a temporally concatenated ICA (Beckmann & Smith, 2004), with dimensionality 
fixed at 70 components and an ICA threshold of 0.99 (Smith et al., 2013). This meant that each 
voxel included in the ICA map was 99 times more likely to be part of that component than to be 
caused by Gaussian background noise. For each subject, we calculated the mean time course for 
each component, weighted by the ICA weight map and grey matter probability of that component’s 
region. These mean time courses were subsequently used to determine the functional connectivity 
of a component with the 69 other components. Functional connectivity was either expressed as 
full correlations (FCor) or as sparse, L1-regularised, partial correlations (PCor) between the 
components’ time courses. Partial correlations were calculated using the graphical lasso algorithm 
( J. Friedman et al., 2008). The functional connectivity measures resulted in two feature vectors of 
each (70 × 69) ÷ 2 = 2,415 (partial) correlations per subject. Finally, we concatenated all feature 
vectors into one vector per subject.

BvFTD model
For our first analysis, a bvFTD patient-control classification model (Bouts et al., 2018) was applied 
to each subject’s extracted feature vector. We applied the best performing, multimodal model that 
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discriminated bvFTD patients from controls, which included the features GMD, FCor, FA, and 
MD (Bouts et al., 2018), as well as age and sex. Each subject’s feature vector was fed into the model, 
resulting in a classification score from 0 to 1, where 0 represents a control subject and 1 represents 
a bvFTD patient. Extrapolated to our subjects, these scores showed how alike our presymptomatic 
FTD mutation carriers and healthy controls are to bvFTD patients. 

Carrier-control models
For the second analysis, feature vectors were used to train a logistic elastic net regression algorithm 
(Zou & Hastie, 2005; Friedman et al., 2010; Schouten et al., 2016; Bouts et al., 2018). The elastic 
net regression procedure estimates a sparse regression model that includes only a subset of the 
provided features by imposing a penalty for including features and for the weight of each feature. 
This way, elastic net provides a solution for the imbalance between the large number of features 
and the small number of subjects. Age and sex were included into the model without penalty to 
ensure that estimated feature regression coefficients were conditional on subject age and sex. Here, 
a classification score of 0 represented a control subject and 1 represented a presymptomatic FTD 
mutation carrier.

Cross-validation
Similarly to previous work (Schouten et al., 2016; Bouts et al., 2018), we trained our carrier-control 
model in a nested 10-fold cross-validation scheme to reduce classification bias. One part of the data 
(e.g., 10%) was set apart as a test set and served to test the generalised classification performance of 
the elastic net regression model. The remaining parts (90%) were used to train the model. However, 
in addition to the classification performance, we also wanted to determine the optimal penalty 
size without overestimating classification performance (Varma & Simon, 2006; Kriegeskorte et al., 
2009). To this end, we used a second, nested, 10-fold cross-validation loop on the training set over 
a grid of hyperparameters to determine the optimal penalty. In the nested loop, we estimated the 
model’s hyperparameters that corresponded with the lowest binomial deviance, a goodness-of-fit 
measure that evaluates the difference between the predicted and actual observations. Next, these 
hyperparameters and corresponding penalties were used to train a model using the training set of 
the outer loop. Finally, the classification performance was tested on the test set of the outer loop. 
This process was repeated ten times to make sure that each subject was part of the test set at least 
once. Since the test set of the outer loop was neither used for model training, nor for parameter 
optimisation, potential prediction bias was reduced as much as possible (Kriegeskorte et al., 
2009). The entire classification procedure was repeated 50 times to average classification outcome 
variability resulting from random partitioning in training and test folds. All classification analyses 
and evaluations were implemented in R version 3.3.2 (R core 2016, GLMnet package; Friedman 
et al., 2010). 

Classification performance
For both analyses, we quantified classification performances using receiver operating characteristic 
(ROC) curves. ROC curves were calculated by shifting the threshold for classifying an individual 
as patient (bvFTD model analysis) or mutation carrier (carrier-control model analysis) from 
0 to 1, and plotting the true positive rate (sensitivity) vs. the false positive rate (1 – specificity) 
for each intermediate point. The area under this ROC curve (AUC) is a measure of classification 
performance insensitive to the distribution between the groups (Fawcett, 2006). Additionally, we 
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calculated the optimal operating point on the curve to calculate the model’s sensitivity, specificity, 
and classification accuracy, given equal class distribution, and equal penalty for false positive and 
false negative predictions. For the carrier-control model analysis, we averaged AUC, accuracy, 
sensitivity, and specificity values from the 50 times repeated nested cross-validations.

Multimodal classification
To obtain the best multimodal carrier-control model using several feature vectors, we performed 
step-wise feature concatenation as previously described (Schouten et al., 2016; Bouts et al., 2018). 
First, we assessed classification performance for each feature separately. Subsequently, we added a 
new feature to the best performing feature combination (i.e., highest AUC) of the previous step 
until all features were included in the model. The best performing feature combination will be 
referred to as the multimodal carrier-control model.

Statistical analysis
Statistical analyses of non-imaging data were performed using R (R Core 2016, Vienna, Austria). 
We tested for carrier-control differences using independent t-tests (age and education), the Mann-
Whitney U test (mini-mental state examination [MMSE] scores [0–30]) and the chi-square test 
(sex distribution). Classification scores were compared using Mann-Whitney U tests for overall 
carrier-control contrasts, and Kruskal Wallis H tests and Dunn post-hoc tests for comparisons 
between all four groups (MAPT, GRN, C9orf72, and controls). To compare models’ AUC values 
against chance level, we used permutation tests (N = 5,000; Noirhomme et al., 2014). In order to 
correct for multiple comparisons, we took the maximum AUC difference of the family of tests 
for each permutation. Then we compared the observed AUC difference to the new distribution 
of maximum AUC differences to get a family-wise error rate corrected p-value. The alpha level 
required for statistical significance was set at 0.05.
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Results

Demographics
In total, 103 subjects met the inclusion criteria (Table 2.2). Mean age was similar for mutation 
carriers (52.0 ± 8.6 years) and healthy controls (54.2 ± 7.5 years). The proportion of female 
participants between mutation carriers (67%) and healthy controls (58%) was not different (p = 
0.35). Education level was similar between groups (mutation carriers, 13.6 ± 2.9 years; healthy 
controls, 13.2 ± 2.4 years). MMSE was similarly distributed between groups (median [min–max], 
mutation carriers: 30 [24–30], healthy controls: 29 [24–30]).

Table 2.2  Participant demographics
Mutation carriers (n = 55) Controls (n = 48) p-value

Gene, n MAPT / GRN / C9orf72 8 / 35 / 12 – –

Age, mean (SD) years 52.0 (8.6) 54.2 (7.5) 0.18

Sex, n (%) ♀ 37 (67%) 28 (58%) 0.35

Education, mean (SD) yearsa 13.6 (2.9) 13.2 (2.4) 0.42

MMSE, median (range) points 30 (24–30) 29 (24–30) 0.53

C9orf72, chromosome 9 open reading frame 72; GRN, progranulin; MAPT, microtubule-associated protein 
tau; MMSE, mini-mental state examination.
a Education values were missing for one mutation carrier and two controls.

BvFTD model
Application of the bvFTD model resulted in low bvFTD classification scores for most subjects 
(Figure 2.1A), and the bvFTD classification scores were not significantly different between 
presymptomatic mutation carriers (median = 0.038) and controls (median = 0.022, p = 0.15). ROC 
analysis of the bvFTD classification scores resulted in an AUC of 0.582, which was not significantly 
better than chance level (p = 0.078). Separated by gene (Figure 2.1B), there were no differences 
between the four groups’ bvFTD classification scores (p = 0.37). BvFTD classification scores of the 
original patients and controls used for cross-validation of the bvFTD model were added as reference 
(Figure 2.1C, data courtesy of Bouts et al., 2018).

Figure 2.1  Classification results bvFTD model (opposite page)
Box and scatter plot of each subject’s bvFTD classification score on a scale from 0 (representing control) to 1 (representing 
bvFTD patient) after application of the bvFTD model. Groups are defined by mutation carrier status (A) and genetic status 
(B). Classification scores were not significantly different for mutation carriers and controls (p = 0.15), and did not differ 
between the four genetic groups (p = 0.37). Classification score results of the bvFTD patients and controls on which the 
bvFTD model was trained were added for reference (C, data courtesy of Bouts et al., 2018). 
BvFTD, behavioural variant frontotemporal dementia; C9orf72, chromosome 9 open reading frame 72; GRN, progranulin; 
MAPT, microtubule-associated protein tau.
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Carrier-control models
The best performing unimodal carrier-control models included RD, WMD, and MD, with AUCs 
of 0.642, 0.592, and 0.587, respectively. Of these models, only the RD model outperformed chance 
after family-wise error rate correction (p = 0.032, Table 2.3). Step-wise concatenation resulted in the 
best performing multimodal model, which included the features RD and WMD, and outperformed 
chance with an AUC of 0.684 (p = 0.004). Classification performance did not improve when 
additional features were added to this model (Table 2.4). Interestingly, all multimodal models that 
outperformed chance level used exclusively white matter features from diffusion-weighted and/or 
structural scans: RD, WMD, MD, and AxD). 

Application of the best performing multimodal carrier-control model resulted in mutation 
carrier classification scores (Figure 2.2), which were different between mutation carriers (median = 
0.589) and controls (median = 0.435, p < 0.001, Figure 2.2A). Furthermore, there was a difference 
between the four groups’ mutation carrier classification scores (p = 0.008) when separated by gene 
(Figure 2.2B). Post-hoc tests revealed that GRN mutation carriers had higher mutation carrier 
classification scores than controls (Bonferroni family-wise error rate corrected p = 0.009). The other 
groups did not differ from each other. 

Table 2.3  ROC characteristics

Modality AUC Min – max Sensitivity Specificity Accuracy FWERC p-value 
(AUC > chance)

GMD 0.502 0.427 – 0.554 0.538 0.514 0.554 0.895

WMD 0.592 0.547 – 0.656 0.595 0.585 0.663 0.190

FA 0.494 0.408 – 0.554 0.528 0.504 0.535 0.897

MD 0.587 0.523 – 0.629 0.591 0.579 0.642 0.240

AxD 0.554 0.500 – 0.598 0.568 0.559 0.578 0.448

RD 0.642 0.583 – 0.673 0.637 0.629 0.669 0.032

FCor 0.509 0.454 – 0.554 0.537 0.527 0.590 0.818

PCor 0.505 0.457 – 0.551 0.542 0.492 0.540 0.836

Multimodal 0.684 0.629 – 0.722 0.664 0.640 0.735 0.004

Presymptomatic mutation carriers vs. controls classification. Multimodal represents the best combination 
from our step-wise multimodal procedure (i.e., RD and WMD). Italic: mean AUC significantly higher than 
chance level after family-wise error rate correction.
AUC, area under the receiver operating characteristic curve; AxD, axial diffusivity; FA, fractional anisotropy; 
FCor, full correlations between ICA components; FWERC, family-wise error rate corrected; GMD, grey 
matter density; ICA, independent component analysis; MD, mean diffusivity; PCor, L1-regularised partial 
correlations between ICA components; RD, radial diffusivity; WMD, white matter density.
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Figure 2.2  Classification results carrier-control model
Box and scatter plot of each subject’s mutation carrier classification score on a scale from 0 (representing control) to 1 
(representing presymptomatic mutation carrier) after application of the best performing carrier-control model including the 
features RD and WMD. Mutation carriers had significantly higher scores than controls (A, p < 0.001). Furthermore, there 
was an omnibus difference between the four genetic groups (B, p = 0.008), and post-hoc tests revealed higher scores for GRN 
mutation carriers than for controls (p = 0.009). 
C9orf72, chromosome 9 open reading frame 72; GRN, progranulin; MAPT, microtubule-associated protein tau; RD, radial 
diffusivity; WMD, white matter density.
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Discussion

This study investigated whether presymptomatic FTD mutation carriers with mutations in MAPT, 
GRN, or with a C9orf72 repeat expansion can be individually distinguished from healthy controls 
using MRI. Using a recently introduced MRI-based classification model trained on established 
bvFTD patients and controls, nearly all FTD mutation carriers and controls had low classification 
scores. The bvFTD model was therefore not able to separate mutation carriers from controls beyond 
chance level. However, MRI-based classification models that were trained on our own sample were 
able to separate mutation carriers from controls better than chance level. In our carrier-control 
model, the RD feature proved sufficient to separate mutation carriers from controls better than 
chance, but the best performing model used RD in combination with the WMD feature. All models 
that outperformed chance used exclusively white matter features, such as DTI features and WMD, 
supporting the hypothesis that white matter alterations are the first to appear in preclinical FTD 
pathology. 

In an effort to improve on the FTD diagnostic criteria, single-subject classification using MRI 
measures has recently received significant attention (Davatzikos et al., 2008; McMillan et al., 
2014; Raamana et al., 2014; Möller et al., 2015b; Koikkalainen et al., 2016; Wang et al., 2016; 
Bron et al., 2017; Meyer et al., 2017; Bouts et al., 2018). A recent multimodal classification study 
incorporated structural, DTI, and arterial spin labelling data to classify FTD (behavioural and 
language variants) from cognitively normal controls, and achieved an AUC of 0.96 (Bron et al., 
2017). Another classification study included tissue density, DTI, and rs-fMRI measures, and 
achieved an AUC of 0.92 for bvFTD vs. cognitively normal controls (Bouts et al., 2018). These 
high classification performances are promising, but they are based on established FTD cases. It is 
unclear how FTD patient models generalise to earlier FTD stages, where brain alterations are less 
distinct. To test this, we applied a bvFTD model (Bouts et al., 2018) on FTD mutation carriers in a 
presymptomatic stage. We hypothesised that if the bvFTD model would be able to recognise early-
stage FTD pathology, our presymptomatic FTD mutation carriers would have higher classification 
scores than controls. We found that it was not possible to separate mutation carriers from controls 
significantly better than chance using this model, as most mutation carriers and controls had very 
low bvFTD classification scores. This could indicate that presymptomatic differences present in 
FTD mutation carriers are too subtle to be picked up by a classification model that was trained 
established bvFTD patients. However, it could also mean that most of our mutation carriers were 
still too far from conversion to have significant FTD-related changes. Since the bvFTD model was 
trained on patients, it stands to reason that classification of mutation carriers and controls becomes 
more accurate as mutation carriers approach conversion. Vice versa, one might expect the mutation 
carriers with high classification scores to be closer to symptom onset than mutation carriers with 
lower classification scores. Although it was not statistically significant, there was a trend towards 
older age in mutation carriers with a bvFTD classification score higher than 0.25 than in the rest 
of the mutation carrier group (data not shown). It can therefore not be entirely ruled out that age 
is partly associated with a higher bvFTD score. Longitudinal research is warranted to formally test 
whether this model captures presymptomatic FTD-related changes as mutation carriers approach 
conversion.

By training classifiers on presymptomatic FTD mutation carriers and controls, we obtained a 
unimodal carrier-control model based on the RD feature and several multimodal carrier-control 
models that significantly outperformed chance level. This suggests that classification models should 
be trained using early-stage FTD patients or presymptomatic FTD mutation carriers instead of 
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advanced FTD cases, in order to be sensitive to early-stage FTD pathology. Furthermore, our carrier-
control models demonstrate that MRI-based machine learning is powerful enough to detect subtle 
pathological changes associated with FTD even before symptom onset and on a single-subject level. 
Although classification performance beyond chance level is an important finding, it must be noted 
that AUCs of 0.642 and 0.684 are modest and far from sufficient for diagnostic use in the clinic. 
This is at least partly explained by our heterogeneous sample, as we included mutation carriers of 
several genes in order to obtain sufficient sample size for robust cross-validation. Heterogeneity 
further arose from the uncertain time to onset in our sample. Investigating a uniform population a 
few years before symptom onset might lead to higher classification performance, but these data were 
not available to us. 

On a pathological level, it has been argued that neurodegeneration in FTD starts in the white 
matter (Rohrer et al., 2013; Suri et al., 2014; Möller et al., 2016; Canu et al., 2017). Our results 
support this hypothesis, as the only unimodal model that outperformed chance was based on the RD 
feature, which was furthermore included in all multimodal models that significantly outperformed 
chance. Additionally, all models that outperformed chance level were based on DTI features, while 
three models also included WMD. This means that our carrier-control model was able to combine 
subtle white matter differences from the diffusion-weighted scans and the structural 3DT1w scan 
to classify a subject as mutation carrier or healthy control. In our sample, inclusion of GMD and 
functional connectivity features did not aid classification, but in fact drove down classification 
performance. For instance, adding FCor or PCor to the model resulted in classification scores near 
0.5. This reinforces the notion that feature selection is important for MRI-based machine learning.

In addition to the uncertain time to onset, there were several other limitations. Firstly, the 
bvFTD model was trained on a relatively small sample of 23 bvFTD patients and 35 controls. 
A model based on a larger sample might capture the heterogeneity of bvFTD pathology more 
completely, which could benefit generalisation to our presymptomatic sample. Furthermore, the 
model was trained on sporadic bvFTD patients, while it was applied to MAPT mutation carriers, 
GRN mutation carriers, and C9orf72 repeat expansion carriers. Since correlations between genetics, 
pathology and phenotype are not fully elucidated (Mann & Snowden, 2017), care must be taken 
not to overinterpret our results. Specifically, pathological changes associated with non-behavioural 
variants (Seelaar et al., 2011) may be insufficiently recognised by the bvFTD model. Lastly, we used 
nested cross-validation to estimate out-of-sample performance for the carrier-control model, which 
minimises prediction bias (Kriegeskorte et al., 2009). Still, measuring performance on a separate 
validation cohort would further increase the validity of this study. 

Conclusion
Our data show that presymptomatic FTD mutation carriers can be distinguished from healthy 
controls on an individual level using a new multimodal MRI-based carrier-control classification 
model, while this was not possible using a recent bvFTD classification model. A multimodal 
MRI-based classification score may therefore be a useful biomarker to aid earlier FTD diagnosis. 
Successful single-subject recognition of early-stage or presymptomatic FTD may facilitate more 
precise subject recruitment into clinical trials. Furthermore, our multimodal MRI-based carrier-
control classification model supports the hypothesis that FTD-related neurodegeneration starts in 
the white matter. 



2

35

FTD mutation carrier classification

Acknowledgements

Our appreciation goes out to all FTD-RisC participants and families. The authors of this work 
were supported by the Leiden University Medical Centre MD/PhD Scholarship (to RAF), ZonMw 
programme Memorabel project 733050103, JPND PreFrontAls consortium project 733051042 (to 
JCvS), and a VICI grant 016–130–667 from The Netherlands Organisation for Scientific Research 
(NWO; to SARBR). The views expressed are those of the authors and not necessarily those of the 
funding sources. The funding sources were not involved in the design of the study; in the collection, 
analysis and interpretation of data; in the writing of the report; and in the decision to submit the 
article for publication. The authors report no conflict of interest.





Chapter 3

Frontotemporal dementia mutation carriers: 
longitudinal eff ects in MRI-based classifi cation 
scores

Published in Journal of Neurology, Neurosurgery & Psychiatry 2019; 
90(11):1207–14 as:

A multimodal MRI-based classifi cation signature emerges just prior to 
symptom onset in frontotemporal dementia mutation carriers

Rogier A. Feis, Mark J.R.J. Bouts, Frank de Vos, Tijn M. Schouten, Jessica L. 
Panman, Lize C. Jiskoot, Elise G.P. Dopper, Jeroen van der Grond, John C. van 
Swieten, Serge A.R.B. Rombouts



38

Chapter 3

Abstract

Multimodal magnetic resonance imaging (MRI-)based classification may aid early frontotemporal 
dementia (FTD) diagnosis. Recently, presymptomatic FTD mutation carriers, who have a high risk of 
developing FTD, were separated beyond chance level from controls using MRI-based classification. 
However, it is currently unknown how these scores from classification models progress as mutation 
carriers approach symptom onset. In this longitudinal study, we investigated multimodal MRI-based 
classification scores between presymptomatic FTD mutation carriers and controls. Furthermore, 
we contrasted mutation carriers that converted during follow-up (‘converters’) and non-converting 
mutation carriers (‘non-converters’). 

We acquired anatomical MRI, diffusion-weighted imaging, and resting-state functional MRI in 
55 presymptomatic FTD mutation carriers and 48 healthy controls at baseline, and at two, four, and 
six years follow-up as available. At each time point, FTD classification scores were calculated using 
a behavioural variant FTD classification model. Classification scores were tested in a mixed effects 
model for mean differences and differences over time. 

Presymptomatic mutation carriers did not have a stronger classification score increase over time 
than controls (p = 0.15), although mutation carriers had higher FTD classification scores than 
controls on average (p = 0.032). However, converters (n = 6) showed a stronger classification score 
increase over time than non-converters (p < 0.001). 

Our findings imply that presymptomatic FTD mutation carriers may remain similar to controls 
in terms of MRI-based classification scores until they are close to symptom onset. This proof-
of-concept study shows the promise of longitudinal MRI data acquisition in combination with 
machine learning to contribute to early FTD diagnosis.

Keywords: frontotemporal dementia; MAPT protein, human; GRN protein, human; 
C9orf72, human; diffusion tensor imaging; resting-state functional MRI; multimodal MRI; 
classification; machine learning
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Introduction

Magnetic resonance imaging (MRI-)based classification is a novel tool that may aid early 
frontotemporal dementia (FTD) diagnosis. Classification algorithms using structural T1-weighted 
scans (Raamana et al., 2014; Meyer et al., 2017), or multimodal imaging (Klöppel et al., 2015; 
Koikkalainen et al., 2016; Bron et al., 2017; Canu et al., 2017; Bouts et al., 2018) accurately 
distinguish FTD patients from controls. However, detection of FTD patients in earlier disease 
stages is necessary to further advance future treatment through increasing recruitment accuracy and 
clinical trial efficiency (Tsai & Boxer, 2016).

To detect FTD-related neuropathology in an earlier stage, we applied MRI-based classification 
on a sample of presymptomatic FTD mutation carriers, who have a nearly full risk of developing 
FTD, and controls (Feis et al., 2019a). We found that it was possible to separate presymptomatic 
FTD mutation carriers from healthy controls beyond chance level, showing the promise of MRI-
based machine learning to detect early-stage FTD-related changes before symptom onset in a 
single-subject setting. However, classification performance was modest, partly due to the cross-
sectional design of the study. Specifically, the time to symptom onset in presymptomatic mutation 
carriers was unknown and mutation carriers who were still far from conversion may have had less 
FTD-related pathological changes than those who were close to symptom onset. To understand 
how classification scores develop over time, it is therefore necessary to apply classification models 
on longitudinal MRI data in presymptomatic FTD populations. 

Here, we use longitudinal data of presymptomatic FTD mutation carriers and healthy controls to 
relate FTD disease progression with classification scores from an MRI-based classification model. 
First, we explore the progression of FTD classification scores over time between presymptomatic 
FTD mutation carriers and controls. Secondly, we contrast classification score trajectories of 
mutation carriers that developed symptoms of FTD during the course of the study (‘converters’) 
and mutation carriers who did not (‘non-converters’). Our aim is to test whether the MRI-based 
classification model is sensitive to early FTD-related changes in genetic FTD that occur before and 
around symptom onset.
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Methods

Participants
The FTD-Risk Cohort (FTD-RisC; Dopper et al., 2014; Jiskoot et al., 2016, 2018b, 2019; Papma et 
al., 2017; Feis et al., 2019a) is a longitudinal study that follows healthy, 50% at-risk family members 
of genetic FTD patients on a 2-year basis. Subjects were assigned to mutation (microtubule-
associated protein tau [MAPT], progranulin [GRN], or chromosome 9 open reading frame 72 
[C9orf72] repeat expansion) carrier or control groups by genotyping, as described in previous work 
(Dopper et al., 2014; Jiskoot et al., 2016). For the current study, we included the baseline data of 55 
presymptomatic FTD mutation carriers (eight MAPT, 35 GRN,  and 12 C9orf72) and 48 healthy 
familial controls (six MAPT family, 31 GRN family, and 11 C9orf72 family), who entered FTD-
RisC between May 2010 and March 2016 and were between 40 and 70 years old at inclusion (Feis et 
al., 2019a). At study entry, all subjects were asymptomatic in accordance with established diagnostic 
criteria for behavioural variant FTD (bvFTD; Rascovsky et al., 2011), primary progressive aphasia 
(PPA; Gorno-Tempini et al., 2011), and amyotrophic lateral sclerosis (Ludolph et al., 2015). We 
included follow-up data as available at 2, 4, and 6 years (Figure 3.1). Exclusion criteria were: current 
or past neurologic or primary psychiatric disorders, history of drug abuse, large image artefacts, 
and gross brain pathology other than atrophy. As such, we included 103 subjects at baseline, 98 
subjects after two years follow-up, 56 subjects after four years follow-up, and 43 subjects after six 
years follow-up (Figure 3.1). However, 20 subjects had incomplete data (n = 10) or artefacts (n = 
10) at a certain time point, leaving 55 mutation carriers and 48 controls at baseline, 45 mutation 
carriers and 42 controls after two years follow-up, 27 mutation carriers and 23 controls at four years 
follow-up, and 20 mutation carriers and 20 controls at six years follow-up.
	 For details on the sample on which the FTD classification model was trained, please refer to 
Bouts et al. (2018). In short, 23 sporadic bvFTD patients and 35 controls between 40 and 80 
years old were included to undergo a clinical assessment and MRI between November 2009 and 
November 2012. The MRI acquisition protocol was similar to the protocol applied in the current 
sample of mutation carriers and controls. Imaging processing steps were identical to processing steps 
in the current analysis.

Standard protocol approvals, registrations, and patient consents
Participants and clinical investigators were blinded to the participants’ genetic status, except for 
those that underwent predictive testing at their own request. For converters, genetic counselling 
was offered to the patient and family members, and genetic status was unblinded to confirm 
the presence of the pathogenic mutation. The study was conducted in accordance with regional 
regulations and the Declaration of Helsinki. The Erasmus Medical Centre and Leiden University 
Medical Centre local medical ethics committees approved the study, and every participant provided 
written informed consent. 

Conversion
Conversion was determined in a multidisciplinary consensus meeting of the Erasmus MC FTD 
Expertise Centre, involving neurologists ( JCvS), neuropsychologists ( JLP, LCJ), neuroradiologists, 
geriatricians, a clinical geneticist, and a care consultant. In the consensus meetings, anamnestic 
and heteroanamnestic information, neuropsychological assessment, and MRI of the brain were 
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Study entry
n = 103

mutation carriers
n = 55

MAPT = 8
GRN = 35

C9orf72 = 12

healthy controls
n = 48

Baseline 

mutation carriers
n = 54

MAPT = 8
GRN = 34

C9orf72 = 12

healthy controls
n = 44

Follow-up 1 (2 years)

exclusion follow-up 1 onward

•  no follow-up yet  n = 1

conversion
• 1 MAPT carrier (bvFTD)
• 1 GRN carrier (bvFTD)

exclusion follow-up 1 onward

•  unrelated death  n = 1
•  withdrew   n = 1
•  no follow-up yet  n = 2

exclusion follow-up 2 onward

•  FTD progression n = 1
•  brain infarction  n = 3
•  withdrew   n = 3
•  no follow-up yet  n = 17

conversion
• 2 MAPT carriers (bvFTD)
• 2 GRN carriers (nfvPPA)

exclusion follow-up 2 onward

•  unrelated illness  n = 1
•  withdrew   n = 3
•  no follow-up yet  n = 14

exclusion follow-up 3 onward

•  FTD progression n = 3
•  withdrew   n = 2
•  no follow-up yet  n = 3

exclusion follow-up 3 onward

•  unrelated illness  n = 1
•  withdrew   n = 2
•  no follow-up yet  n = 2

mutation carriers
n = 30

MAPT = 6
GRN = 23

C9orf72 = 1

healthy controls
n = 26

Follow-up 2 (4 years)

mutation carriers
n = 22

MAPT = 4
GRN = 18

C9orf72 = 0

healthy controls
n = 21

Follow-up 3 (6 years)

Figure 3.1  Study flow diagram
Blue fields show number of subjects included at each time point. Red fields show excluded subjects, reasons for exclusion, 
and conversion information. 
C9orf72, chromosome 9 open reading frame 72; bvFTD, behavioural variant FTD; FTD, frontotemporal dementia; GRN, 
progranulin; MAPT, microtubule-associated protein tau; nfvPPA, non-fluent variant primary progressive aphasia.

reviewed, and genetic status was unblinded. For detailed information on conversion criteria, see 
Jiskoot et al. (2018b, 2019).
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MRI data acquisition
All subjects were scanned at the Leiden University Medical Centre using a 3 T MRI scanner 
(Achieva, Philips Medical Systems, Best, The Netherlands) with an 8-channel SENSE head coil. The 
imaging protocol included a whole-brain near-isotropic 3-dimensional T1-weighted MRI (3DT1w) 
sequence for cortical and subcortical tissue-type segmentation, a diffusion-weighted imaging 
(DWI) sequence for assessments of white matter diffusivity, and a resting-state functional MRI (rs-
fMRI) scan for the calculation of functional connectivity measures. Participants were instructed to 
lie still with their eyes closed and not to fall asleep during rs-fMRI. For scan parameters, see Table 
3.1. Although MRI sequence parameters were fixed over time, a routine MRI software upgrade was 
performed at our MRI site by the manufacturer in September 2015. We added a covariate to all our 
imaging analyses to correct for this. 

Table 3.1  MRI sequence parameter settings
3DT1w DWIa rs-f MRI

Slices, n 140 70 38

TR, ms 9.8 8,250 2,200

TE, ms 4.6 80 30

Flip angle, ° 8 90 80

Matrix, mm 256 × 256 128 × 128 80 × 80

Voxel size, mm 0.88 × 0.88 × 1.20 2.00 × 2.00 × 2.00 2.75 × 2.75 × 2.99b

Duration, min 4.57 8.48 7.28

Scan protocol of whole-brain near-isotropic 3-dimensional T1-weighted (3DT1w), diffusion-weighted 
imaging (DWI), and resting-state functional T2*-weighted MRI (rs-fMRI) on a 3 T scanner at the Leiden 
University Medical Centre. 
TR, repetition time; TE, echo time.
a 60 directions, b = 1,000, one b0 image.
b Including 10% interslice gap.

Image preprocessing 
Image preprocessing was performed identically to earlier work (Feis et al., 2019a). For a detailed 
description, please see the Supplemental material. All registration and segmentation steps were 
critically reviewed and errors were corrected accordingly. 

Feature selection
We selected MRI features for classification based on earlier work, in which bvFTD patients were 
separated from controls with high accuracy (Bouts et al., 2018). We selected the best performing 
combination of MRI features, including grey matter density (GMD), functional correlations 
(FCor), fractional anisotropy (FA), and mean diffusivity (MD). Features were calculated using the 
same procedures as in previous work (Schouten et al., 2016; Bouts et al., 2018; Feis et al., 2019a). 
For a detailed description, please see the Supplemental material. The GMD feature included 96 
cortical and 14 subcortical values, the FCor feature consisted of 2,415 functional correlation values 
between 70 independent components, and the FA and MD features each contained 20 values. 
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Classification model application
We trained the bvFTD model on the bvFTD patients’ and controls’ features (i.e., GMD, FCor, 
FA, and MD features, as well as sex) using an elastic net logistic regression classifier (Bouts et al., 
2018). Elastic net hyperparameters were optimised in a 10-fold cross-validation. Next, we applied 
the resulting bvFTD classification models on our longitudinal data of FTD mutation carriers and 
controls data. As such, we obtained a predicted probability at each time point for each subject, 
which we call bvFTD classification scores. Normally, these classification scores are transformed 
using a logit link function to range between 0 (representing control) and 1 (representing bvFTD 
patient). However, such a transformation introduces nonlinearity to the scores, which makes them 
unsuited for repeated measures analyses. Therefore, we use the raw scores, which in this case ranged 
between −8.9 and 8.4. Here, negative values represent controls and positive values represent bvFTD 
patients. 

Statistical analysis
To investigate the bvFTD classification scores’ progression over time, we used a repeated measures 
linear mixed effects model. Mixed effects models estimate both fixed and random effects of 
predictor variables, in order to determine global effects and account for between-subject variance, 
respectively (Laird & Ware, 1982; Sullivan et al., 1999). We used a random intercept to account for 
between-subject variation in classification score. Our main covariate of interest was the interaction 
between label and time point (i.e., the progression over time contrasted between mutation carriers 
and controls). Other covariates included time point, label, age at baseline, sex, and a covariate to 
correct for the MRI scanner software upgrade. Additionally, we added an interaction between label 
and age at baseline, to see whether the effect of age at baseline was different for mutation carriers 
and controls. Covariates were tested for significance using likelihood ratio chi-square tests. In the 
presymptomatic carrier-control analysis, we excluded data points from subjects who had at that 
time developed symptoms.

In a subgroup analysis within the mutation carrier group, we contrasted converters and non-
converters. This subgroup analysis was performed using the same mixed model covariates as the 
carrier-control analysis and included presymptomatic as well as symptomatic data points.

Statistical analyses of baseline demographic variables included independent t-tests for age and 
education, a chi-square test for sex distribution, and a Mann-Whitney U test for mini-mental state 
examination (MMSE) scores (0–30). All statistical analyses were performed using R (R Core 2016, 
Vienna, Austria). For the mixed effects model analyses, we used the nlme package (version 3.1.128; 
Pinheiro et al., 2018). 

Data availability
Raw data were generated at the Leiden University Medical Centre. The derived data, as well as 
scripts, that support the findings of this study are available from the corresponding author on 
reasonable request. 
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Results

Demographics

Presymptomatic mutation carriers and controls
At baseline, there were no differences between mutation carriers and controls in terms of age, sex, 
education, or MMSE (Table 3.2), nor were there differences at any follow-up time point. The 
proportion of scans acquired after the MRI software upgrade was installed varied per time point, 
but did not differ between mutation carriers and controls at each time point. The total follow-up 
time of all subjects was 376 years, and the average follow-up time was 3.7 years.

Table 3.2  Participant baseline demographics
Mutation carriers (n = 55) Controls (n = 48) p-value

Gene, n MAPT / GRN / C9orf72 8 / 35 / 12 – –

Age, mean (SD) years 52.0 (8.6) 54.2 (7.5) 0.18

Sex, n (%) ♀ 37 (67%) 28 (58%) 0.35

Education, mean (SD) yearsa 13.6 (2.9) 13.2 (2.4) 0.42

MMSE, median (range) points 30 (24–30) 29 (24–30) 0.53

C9orf72, chromosome 9 open reading frame 72; GRN, progranulin; MAPT, microtubule-associated protein 
tau; MMSE, mini-mental state examination.
a Education values were missing for one mutation carrier and two controls.

Converters and non-converters
During the study, six mutation carriers converted to FTD. One MAPT mutation carrier and one 
GRN mutation carrier converted to bvFTD after two years and two MAPT mutation carriers 
converted to bvFTD after four years. These subjects presented with progressive behavioural 
deterioration, functional decline, and frontal and/or temporal lobe atrophy on structural MRI, 
fulfilling the international diagnostic consensus criteria for bvFTD with definite frontotemporal 
lobar degeneration pathology (Rascovsky et al., 2011). Two GRN mutation carriers converted 
after four years and presented with isolated language difficulties and no impairment in daily living 
activities. Both showed a non-fluent, halting speech with sound errors and agrammatism, fulfilling 
the diagnostic criteria for non-fluent variant primary progressive aphasia (nfvPPA; Gorno-Tempini 
et al., 2011). For a full description of these subjects’ clinical profile including neuropsychological 
assessment, see Jiskoot et al. (2018b, 2019). Baseline demographics for the converters and non-
converters are shown in Table 3.3, and a timeline for each converter, including bvFTD classification 
scores and time of conversion, is given in Figure 3.2. Other than higher education for converters 
than non-converters (p = 0.003), there were no significant demographic differences at baseline. 
However, at four years follow-up, converters had significantly lower MMSE than non-converters (p 
= 0.001). At that time, all converters had converted to the symptomatic phase. 
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Table 3.3  Converter baseline demographics
Converters (n = 6) Non-converters (n = 49) p-value

Gene, n MAPT / GRN / C9orf72 3 / 3 / 0 5 / 32 / 12 –

Age, mean (SD) years 52.7 (8.1) 51.9 (8.8) 0.84

Sex, n (%) ♀ 4 (67%) 33 (67%) 0.97

Education, mean (SD) yearsa 15.2 (0.8) 13.5 (3.0) 0.003

MMSE, median (range) points 29.5 (28–30) 30 (24–30) 1.0

C9orf72, chromosome 9 open reading frame 72; GRN, progranulin; MAPT, microtubule-associated protein 
tau; MMSE, mini-mental state examination.
a The education value of one non-converter was missing.

Classification scores over time

Presymptomatic mutation carriers and controls
Application of the bvFTD model resulted in a classification score for each included time point. 
Figure 3.3A shows the results for all mutation carriers and controls; Supplemental Figure 
S3.1A-C shows the results split per gene. Data points at which mutation carriers had developed 
symptoms (triangles) were not included in this presymptomatic analysis. Classification scores 
of mutation carriers did not show a stronger increase over time than controls’ scores (p = 0.15). 
However, on average, mutation carriers’ classification scores were higher than controls' scores (p = 
0.032). There was a strong effect of age at baseline on the classification score (p < 0.001), but this 
effect was not different between mutation carriers and controls (p = 0.72). Male participants had 
higher classification scores than female participants (p < 0.001). 

Converters and non-converters
The bvFTD classification scores for all converters and non-converters are shown in Figure 3.3B. 
In Supplemental Figure S3.1D–F, the results are shown split per gene. Classification scores of 
converters increased more strongly over time than non-converters’ scores (p < 0.001), though they 
were similar on average (p = 0.33). There was a strong effect of age at baseline on classification score 
(p = 0.006), which was more pronounced in converters than in non-converters (p = 0.035). Again, 
male participants had higher classification scores than female participants (p = 0.001).
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Figure 3.2  Converter timelines
Converter timelines including baseline demographic information, bvFTD classification scores, clinical follow-up 
information, and data exclusion information. For reference, classification scores in our population ranged from −8.9 to 
8.4, where higher scores represent greater resemblance to bvFTD patients according to the classification model. Blue panels 
indicate presymptomatic status; red panels indicate subjects have converted. 
DWI, diffusion-weighted imaging; bvFTD, behavioural variant frontotemporal dementia; GRN, progranulin; MAPT, 
microtubule-associated protein tau; nfvPPA, non-fluent variant primary progressive aphasia.
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Figure 3.3  BvFTD classification scores
Values indicate bvFTD classification scores as determined by the bvFTD classification model (Bouts et al., 2018). 
Classification scores are shown (A) for all mutation carriers (yellow) vs. controls (blue), and (B) for converters (pink) 
vs. non-converters (green). Triangles indicate converted status at appropriate time points. Regression lines were based on 
predicted values from the repeated measures linear mixed effects model. 
bvFTD, behavioural variant frontotemporal dementia.
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Discussion

In this study, we aimed to assess the sensitivity of MRI-based classification to FTD-related changes 
in the brain before and around FTD symptom onset. We used an MRI-based bvFTD classification 
model (Bouts et al., 2018) on longitudinal MRI data of presymptomatic FTD mutation carriers and 
healthy controls with a follow-up of up to six years. Overall, mutation carriers had higher bvFTD 
classification scores on average than controls, but did not differ from controls in longitudinal score 
development. However, a subgroup analysis within mutation carriers showed that mutation carriers 
who converted during follow-up had a stronger score increase over time than non-converting 
mutation carriers. Converters showed a stronger increase of classification scores between time 
points, as well as a stronger effect of age at baseline. Our longitudinal findings highlight that 
MRI-based bvFTD classification is sensitive to FTD-related changes in the brain that arise around 
symptom onset in FTD mutation carriers.

Carrier-control analysis revealed that over the course of two to six years of follow-up, mutation 
carriers did not have significantly stronger increases in bvFTD classification scores over time than 
controls. These results are in line with our previous work, where we showed that the bvFTD model 
could not separate presymptomatic mutation carriers from controls beyond chance level at baseline 
(Feis et al., 2019a). That work was limited by its cross-sectional design, which greatly reduced power 
to find differences in a population with uncertain time to symptom onset. However, even in our 
current longitudinal design, the mutation carrier group as a whole did not differ from controls in 
bvFTD classification score increase over time. On the other hand, mutation carriers that converted 
to FTD during the follow-up of this study did show stronger classification score increases over time. 
These findings may imply that presymptomatic mutation carriers remain quite similar to controls 
in terms of individually detectable changes in MRI features until they are within a few years of 
symptom onset. A direct correlation between MRI-based classification scores and neuropathology 
has yet to be established. Nonetheless, our results seem in line with the hypothesis that FTD-related 
neuropathological processes considerably accelerate in the final years before conversion, which 
was previously postulated in studies focusing on cognitive, neuroimaging, and fluid biomarkers. 
Specifically, FTD mutation carriers that convert to FTD typically start to show signs of cognitive 
decline in the language or executive domains two years before diagnosis (Rohrer et al., 2008; Jiskoot 
et al., 2018b). Furthermore, in longitudinal neuroimaging studies, grey matter atrophy (Rohrer et 
al., 2008; Jiskoot et al., 2019) and white matter FA changes ( Jiskoot et al., 2019) were also first 
picked up two years before diagnosis, after which they rapidly expanded. In a large multicentre 
study (Meeter et al., 2016a) of the Genetic Frontotemporal Dementia Initiative (GENFI; Rohrer 
et al., 2015), neurofilament light chain levels in cerebrospinal fluid and serum were much higher 
in symptomatic mutation carriers than in presymptomatic mutation carriers, who had similar 
levels to non-carriers. Additionally, longitudinal samples showed an three- to four-fold increase in 
neurofilament light chain levels in the cerebrospinal fluid in mutation carriers that converted during 
the study (Meeter et al., 2016a). All of these results suggest that the presymptomatic stage remains 
stable until a couple of years before symptom onset, when neurodegeneration rapidly develops.

Strengths of this study include its unique longitudinal design, the inclusion of multimodal 
MRI data of presymptomatic FTD mutation carriers, and the inclusion of mutation carriers that 
converted during follow-up. Even so, the length of follow-up may have been insufficient to capture 
the differences between mutation carriers and controls over time using classification models. A 
limitation to our study was the heterogeneity of our sample, as we had to pool MAPT mutation 
carriers, GRN mutation carriers, and C9orf72 repeat expansion carriers in order to obtain sufficient 
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sample size for robust analyses. Also, the classification model was trained on bvFTD patients and 
controls, and may therefore not be sensitive to MRI changes associated with non-behavioural 
variants (Seelaar et al., 2011). The greater part (i.e., 35 out of 55) of FTD mutation carriers were 
GRN mutation carriers, who usually develop bvFTD, but also frequently convert to nfvPPA, or 
may develop atypical parkinsonian syndromes (Benussi et al., 2015). If MRI changes associated 
with these other diseases are not picked up by the bvFTD model, it might explain why we found 
no differences between mutation carriers and controls. For example, bvFTD patients show diffuse 
atrophy and white matter diffusivity changes in bilateral frontotemporal regions, while in nfvPPA 
patients, these changes are predominantly left hemispheric and are more specifically located (Zhang 
et al., 2013). Lastly, since the FTD-RisC is an ongoing study, the variable follow-up time is a 
limitation. Although the repeated measures model is robust for differences in follow-up time, the 
shorter follow-up time in some mutation carriers could explain the limited number of converters. 
Specifically, there were no converters in the C9orf72 repeat expansion carrier group, which was 
included in the FTD-RisC study at a later time than the MAPT and GRN groups. Therefore, the 
results of our converters’ analysis should not be generalised to C9orf72 repeat expansion carriers. 
Lastly, it should be noted that we chose to not interpret the bvFTD classification model’s beta 
values, even though it might seem interesting to investigate which features drove the classification. 
Contrary to explanatory regression models, the beta values of our classification model do not 
designate direct relationships between the features and classification score, nor do they reflect mean 
differences between the groups (Shmueli, 2010). For example, each feature’s effect is conditional on 
the effects of all other features in the model, and multicollinearity between features may result in 
suppression of the effect of some features. Furthermore, the model was forced to be sparse, which 
may have resulted in the suppression or exclusion of true effects from the model. Given the large 
feature space (i.e., 110 GMD values, 2,415 FCor values, 20 FA values, and 20 MD values) on which 
the bvFTD classification model was trained, these effects are likely to have occurred, obscuring the 
true meaning of the model’s beta values.

Despite these limitations, we were able to show that FTD-related MRI changes can be recognised 
by an MRI-based classification model around symptom onset. This proof-of-concept study further 
emphasises the importance of longitudinal data acquisition such as the FTD-RisC and GENFI. 
With longer follow-up times and more converters, it may eventually be possible to find exclusively 
presymptomatic changes on an individual level, which would be an important step towards early 
and accurate FTD diagnosis. Larger sample sizes might also facilitate stratification according to the 
different gene mutations (i.e., MAPT, GRN, and C9orf72 repeat expansion) or different clinical 
variants, which was currently infeasible. In order to increase the clinical relevance of MRI-based 
machine learning for dementia, future studies should focus on replicating classification models 
in larger samples, validating them in separately established samples, and finally applying them in 
undiagnosed memory clinic populations to establish—with the use of follow-up information or 
post-mortem examination—whether they are useful in the earliest phases of the disease. 

Conclusion
To conclude, we showed that FTD-related changes are measurable by MRI-based classification in 
years around symptom onset in FTD mutation carriers. This indicates that MRI-based classification 
is a reasonable candidate to aid early diagnosis of FTD, and could contribute to improved 
development of disease modifying treatments that can slow down or possibly reverse the underlying 
neuropathological processes. 
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Supplemental material

Image preprocessing
For 3DT1w images, we performed bias field correction (N4ITK; Tustison et al., 2010), brain 
extraction (FSL BET; Smith, 2002), nonlinear registration to the MNI152 2 × 2 × 2 mm T1 
template (FNIRT; Anderson et al., 2007), tissue type segmentation (SPM12; Friston et al., 2007), 
and segmentation of deep grey matter structures, including the bilateral thalamus, caudate nucleus, 
putamen, globus pallidum, nucleus accumbens, amygdala, and hippocampus (FIRST; Patenaude et 
al., 2011).

Preprocessing of DWI data sets included correction of motion and eddy-current induced 
distortions (eddy correct; Leemans & Jones, 2009), and calculation of voxel-wise measures of 
FA and MD (DTIFIT; Smith et al., 2004). A global mean FA image was created by nonlinearly 
registering FA maps to the FMRIB58_FA template, and tract-based spatial statistics (FSL TBSS; 
Smith et al., 2006) was used to extract FA and MD values using the standard FSL TBSS skeleton. 
The skeleton was thresholded at 0.2 to ensure that extracted values originate from white matter. 

For rs-fMRI data, preprocessing consisted of motion correction ( Jenkinson et al., 2002), brain 
extraction, spatial smoothing using a Gaussian kernel with a full width at half maximum of 3 mm, 
grand mean intensity normalisation, motion artefact removal, and high-pass temporal filtering 
(cut-off frequency = 0.01 Hz). Motion artefacts were removed using a single-session independent 
component analysis (ICA) to decompose the rs-fMRI data into distinct statistically independent 
components, followed by automatic identification and removal using the ICA-based automatic 
removal of motion artefacts (ICA-AROMA, version 0.3 beta; Pruim et al., 2015) procedure. 
Registration to standard space was performed in two steps. First, a temporal mean image calculated 
from the 4D rs-fMRI volume was registered to the 3DT1w image using boundary-based registration 
(Greve & Fischl, 2009). Next, resulting registration parameters were concatenated to the 3DT1w-
to-MNI152 template registration parameters to obtain the final registration parameters. 

Feature selection
Cortical grey matter density (GMD) was calculated as weighted mean of the grey matter probability 
(SPM segmentation) weighted by the probability of a voxel belonging to a specific cortical region, 
derived from the 48 Harvard-Oxford probabilistic anatomical brain atlas (split into left and 
right). Voxels with atlas probability values under 25% were excluded. For deep grey matter regions, 
GMD values were calculated as the regions’ volume (FIRST segmentations) divided by the total 
intracranial volume. This resulted in a grey matter atrophy feature vector of 110 weighted mean 
GMD values (48 left cortical, 48 right cortical, and 14 deep grey matter regions) per subject.

The FA and MD features were calculated as weighted mean value per tract per subject. First, 
we projected each subject’s values onto the TBSS group skeleton on a voxel-wise basis. Next, we 
weighted the mean values per tract by the probability of a voxel belonging to that specific tract, 
derived from 20 tracts of the Johns-Hopkins University white matter tractography atlas. Voxels with 
atlas probability values under 25% were excluded. This resulted in two feature vectors, each with 20 
weighted mean FA or MD values per subject.

To calculate full correlations between ICA components (FCor), we used the 70 group ICA 
(MELODIC; Beckmann & Smith, 2004) components’ spatial maps belonging to the data on which 
the bvFTD model was trained (Bouts et al., 2018). For each subject, we calculated the mean time 
course in the rs-fMRI data for each of these components, weighted by the ICA weight map and grey 
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matter probability of that component’s regions. Full correlations between the mean time courses of 
all pairs of components were subsequently calculated, resulting in an FCor vector of (70 × 69) ÷ 2 
= 2,415 correlations per subject.
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Supplemental Figure S3.1  BvFTD classification scores per gene
Values indicate bvFTD classification scores as determined by the bvFTD classification model (Bouts et al., 2018). 
Classification scores of mutation carriers (yellow) vs. controls (blue) are shown for MAPT (A), GRN (B), and C9orf72 
repeat expansion (C). Classification scores of converters (pink) vs. non-converters (green) are shown for MAPT (D), GRN 
(E), and C9orf72 repeat expansion (F). Triangles indicate converted status at appropriate time points. Regression lines were 
based on predicted values from the repeated measures linear mixed effects model. 
bvFTD, behavioural variant frontotemporal dementia; C9orf72, chromosome 9 open reading frame 72; GRN, progranulin; 
MAPT, microtubule-associated protein tau.
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Abstract
Frontotemporal dementia (FTD) is a highly heritable and devastating neurodegenerative disease. 
About 10–20% of all FTD is caused by known pathogenic mutations, but a reliable tool to predict 
clinical conversion in mutation carriers is lacking. In this retrospective proof-of-concept case-
control study, we investigate whether magnetic resonance imaging (MRI-)based and cognition-
based classifiers can predict which mutation carriers from genetic frontotemporal dementia families 
will develop symptoms (‘convert’) within 4 years. 

From genetic FTD families, we included 42 presymptomatic FTD mutation carriers. We 
acquired anatomical, diffusion-weighted imaging, and resting-state functional MRI, as well as 
neuropsychological data. After 4 years, seven mutation carriers had converted to FTD (‘converters’), 
while 35 had not (‘non-converters’). We trained regularised logistic regression models on baseline 
MRI and cognitive data to predict conversion to FTD within 4 years, and quantified prediction 
performance using area under the receiver operating characteristic curves (AUC). 

The prediction model based on fractional anisotropy, with highest contribution of the forceps 
minor, predicted conversion to FTD beyond chance level (AUC = 0.81, family-wise error corrected 
p = 0.025 vs. chance level). Other MRI-based and cognitive features did not outperform chance 
level. 

Even in a small sample, fractional anisotropy predicted conversion in presymptomatic FTD 
mutation carriers beyond chance level. After validation in larger data sets, conversion prediction in 
genetic FTD may facilitate early recruitment into clinical trials.

Keywords: frontotemporal dementia; MAPT protein, human; GRN protein, human; 
C9orf72, human; diffusion tensor imaging; resting-state functional MRI; multimodal MRI; 
classification; machine learning



4

57

 Genetic FTD symptom onset prediction
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Introduction

Frontotemporal dementia (FTD) is a highly heritable and devastating neurodegenerative disease 
that often occurs at a presenile age (Ratnavalli et al., 2002; Harvey et al., 2003; Hogan et al., 
2016). Patients typically present with behavioural symptoms (behavioural variant FTD; bvFTD; 
Rascovsky et al., 2011) or with language disorders (primary progressive aphasia; PPA; Gorno-
Tempini et al., 2011), but may also develop amyotrophic lateral sclerosis (ALS; Lomen-Hoerth 
et al., 2002) or parkinsonian syndromes such as corticobasal syndrome (CBS) and progressive 
supranuclear palsy (PSP; Josephs et al., 2006). About 10–20% of all FTD is caused by three known 
pathogenic mutations: microtubule-associated protein tau (MAPT), progranulin (GRN), and 
chromosome 9 open reading frame 72 (C9orf72) repeat expansion (Seelaar et al., 2008; Rohrer et 
al., 2009; Benussi et al., 2015). These mutations have a high penetrance and an autosomal dominant 
inheritance pattern. As such, roughly 50% of family members from a genetic FTD pedigree will 
develop an FTD variant. 

Uncertainty about if and when a person will develop FTD is a major burden (Riedijk et al., 2009; 
Cohn-Hokke et al., 2018), and some subjects undergo genetic testing to eliminate this uncertainty. 
However, when a mutation is found, this raises the question when symptoms will emerge. A reliable 
prognosis may provide psychological benefit, and contributes to the timely organisation of adequate 
care. Moreover, conversion prediction in genetic FTD may facilitate early recruitment into clinical 
trials for disease modifying treatments, which could lead to improved trial efficacy (Tsai & Boxer, 
2016). However, accurate conversion prediction is currently not possible. Expected time to symptom 
onset, calculated using the ages of FTD onset of family members, has been used as proxy in research 
settings (Rohrer et al., 2015; Jiskoot et al., 2018a), but these estimates are inaccurate due to the large 
variation in age of onset between and within genetic FTD families (van Swieten & Heutink, 2008; 
Jiskoot et al., 2018a). A more reliable clinical tool is needed to predict conversion in genetic FTD.

Magnetic resonance imaging (MRI-)based classification is a promising diagnostic biomarker 
for FTD (Raamana et al., 2014; Klöppel et al., 2015; Koikkalainen et al., 2016; Bron et al., 2017; 
Meyer et al., 2017; Bouts et al., 2018), and distinguishes presymptomatic FTD mutation carriers 
from controls beyond chance (Feis et al., 2019a). Classification with cognitive measures has also 
been advocated as diagnostic FTD biomarker (Wang et al., 2016). Therefore, MRI- and cognition-
based classification may be suitable candidates for conversion prediction in genetic FTD. In recent 
observational studies, FTD mutation carriers were followed up until conversion, and multimodal 
MRI data were analysed using mass univariate techniques such as voxel-based morphometry and 
diffusion tensor imaging (DTI; Jiskoot et al., 2019), or using classification scores calculated from 
multimodal MRI and a classification model based on FTD patients (Feis et al., 2019b). These 
studies suggest that brain changes as found on MRI appear relatively explosively in the final years 
before symptom onset. However, it is yet unknown whether conversion in such subjects could have 
been predicted based on pre-conversion MRI scans or neuropsychological data.

Here, we study whether MRI-based features and cognitive measures have predictive value for 
FTD conversion in genetic FTD. To this end, we train prediction models on MRI-based features 
and cognitive features to predict which presymptomatic FTD mutation carriers develop symptoms 
within 4 years (‘converters’), and which mutation carriers do not (‘non-converters’).
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Methods

Participants
This retrospective case-control study included FTD mutation carriers from the FTD-Risk Cohort 
(FTD-RisC; Dopper et al., 2014; Meeter et al., 2016a; Papma et al., 2017; Jiskoot et al., 2016, 
2018b, 2019), a longitudinal study that follows healthy, 50% at-risk family members of genetic 
FTD patients on a 2-year basis. For the current study, we included the data of 43 FTD mutation 
carriers, who entered FTD-RisC between May 2010 and November 2014. Inclusion criteria were 
age at MRI scan between 40 and 70 years old, availability of a 3-dimensional T1-weighted MRI 
(3DT1w) scan, a diffusion-weighted imaging (DWI) data set, a resting-state functional MRI T2*-
weighted (rs-fMRI) scan, and availability of clinical follow-up after 2 and 4 years. Genotyping, 
as described in previous work (Dopper et al., 2014; Jiskoot et al., 2016), revealed nine MAPT 
mutation carriers, 28 GRN mutation carriers, and six C9orf72 repeat expansion carriers. For seven 
FTD mutation carriers who had converted to FTD (four MAPT and three GRN mutation carriers; 
‘converters’; see ‘Conversion’ section below), we included the MRI data of their last visit before 
conversion. For one converter (MAPT mutation carrier), these MRI data were excluded due to the 
presence of artefacts, and we included MRI data of the previous visit. The time between MRI and 
conversion ranged between 11 and 41 months (mean = median = 22 months, SD = 10.5 months). 
More details on this group’s demographics are provided in there results. The remaining mutation 
carriers were confirmed to be asymptomatic after 4 years follow-up in accordance with established 
diagnostic criteria for bvFTD (Rascovsky et al., 2011), PPA (Gorno-Tempini et al., 2011), and ALS 
(Ludolph et al., 2015), and were termed ‘non-converters’. Follow-up after 6 years was not complete 
for this group: 25 non-converters were followed up after 6 years and all remained asymptomatic at 
that point. For non-converters, we included the FTD-RisC baseline MRI data. One non-converter 
with a GRN mutation was excluded due to incomplete neuropsychological data. Other exclusion 
criteria were: current or past neurologic (other than dementia) or primary psychiatric disorders, 
history of drug abuse, large image artefacts, and gross brain pathology other than atrophy.

Standard protocol approvals, registrations, and patient consents
Participants and clinical investigators were blinded to the participants’ genetic status, except for 
those that underwent predictive testing at their own request. For converters, genetic counselling 
was offered to the patient and family members, and genetic status was unblinded to confirm 
the presence of the pathogenic mutation. The study was conducted in accordance with regional 
regulations and the Declaration of Helsinki. The Erasmus Medical Centre and Leiden University 
Medical Centre local medical ethics committees approved the study, and every participant provided 
written informed consent (Feis et al., 2019b).

Conversion
Conversion was determined in a multidisciplinary consensus meeting of the Erasmus Medical 
Centre FTD Expertise Centre, involving neurologists ( JCvS), neuropsychologists ( JLP, JMP, LCJ), 
neuroradiologists, a clinical geneticist, and a care consultant (Feis et al., 2019b). In the consensus 
meetings, information from the medical history, neuropsychological assessment, and MRI of the 
brain were reviewed. The timing of symptom onset was estimated from heteroanamnestic information 
provided by knowledgeable informants (e.g., siblings, spouses). After the clinical diagnosis was 
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made, and if the subject and family agreed, genetic status was unblinded for confirmation. Four 
MAPT mutation carriers and one GRN mutation carrier converted to bvFTD, while two GRN 
mutation carriers converted to non-fluent variant PPA (nfvPPA). BvFTD converters presented with 
progressive behavioural deterioration, functional decline, and frontal and/or temporal lobe atrophy 
on structural MRI, fulfilling the international diagnostic consensus criteria for bvFTD with definite 
frontotemporal lobar degeneration pathology (Rascovsky et al., 2011). The two nfvPPA converters 
presented with isolated language difficulties and no impairment in daily living activities. Both 
showed a non-fluent, halting speech with sound errors and agrammatism, fulfilling the diagnostic 
criteria for nfvPPA (Gorno-Tempini et al., 2011). For more detailed information on conversion 
criteria, and for a full description of the converters’ clinical profile, see Jiskoot et al. (2018b, 2019).

MRI data acquisition
Subjects were scanned at the Leiden University Medical Centre using a 3 T MRI scanner 
(Achieva, Philips Medical Systems, Best, The Netherlands) with an 8-channel SENSE head coil 
(Feis et al., 2019a). The imaging protocol included a whole-brain near-isotropic 3DT1w sequence 
for cortical and subcortical tissue-type segmentation, a DWI sequence for assessments of white 
matter diffusivity, and rs-fMRI sequence for the calculation of functional connectivity measures. 
Participants were instructed to lie still with their eyes closed and not to fall asleep during rs-fMRI. 
Scan parameters are provided in Table 4.1.

Table 4.1  MRI sequence parameter settings
3DT1w DWIa rs-f MRI

Slices, n 140 70 38

TR, ms 9.8 8,250 2,200

TE, ms 4.6 80 30

Flip angle, ° 8 90 80

Matrix, mm 256 × 256 128 × 128 80 × 80

Voxel size, mm 0.88 × 0.88 × 1.20 2.00 × 2.00 × 2.00 2.75 × 2.75 × 2.99b

Duration, min 4.57 8.48 7.28

Scan protocol of whole-brain near-isotropic 3-dimensional T1-weighted (3DT1w), diffusion-weighted 
imaging (DWI), and resting-state functional T2*-weighted MRI (rs-fMRI) on a 3 T scanner at the Leiden 
University Medical Centre. 
TR, repetition time; TE, echo time.
a 60 directions, b = 1,000, one b0 image.
b Including 10% interslice gap.

Image preprocessing
Preprocessing of MRI scans was performed similarly to previous work (Bouts et al., 2018; Feis et al., 
2019a, b). All registration and segmentation steps were critically reviewed and errors were corrected 
accordingly.

For 3DT1w images, we performed bias field correction (N4ITK; Tustison et al., 2010), brain 
extraction (FSL BET; Smith, 2002), nonlinear registration to the MNI152 2 × 2 × 2 mm T1 
template (FNIRT; Anderson et al., 2007), tissue-type segmentation (SPM12; Friston et al., 2007), 
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and segmentation of deep grey matter structures, including the bilateral thalamus, caudate nucleus, 
putamen, globus pallidum, nucleus accumbens, amygdala, and hippocampus (FIRST; Patenaude et 
al., 2011). Our choice to use SPM segmentation was based on the segmentation tool comparison by 
Kazemi & Noorizadeh, 2014.

Preprocessing of DWI data sets included correction of motion and eddy-current induced 
distortions (eddy correct; Leemans & Jones, 2009), and voxel-wise calculation of the measures 
fractional anisotropy (FA), mean diffusivity (MD), axial diffusivity (AxD; largest eigenvalue), 
and radial diffusivity (RD; average of the two remaining eigenvalues) using DTIFIT (Smith et al., 
2004). A global mean FA image was created by nonlinearly registering FA maps to the FMRIB58_
FA template, and tract-based spatial statistics (FSL TBSS; Smith et al., 2006) was used to extract 
FA, MD, AxD, and RD values using the standard FSL TBSS skeleton. The skeleton was thresholded 
at 0.2 to ensure that extracted values originate from white matter. 

For rs-fMRI data, preprocessing consisted of motion correction ( Jenkinson et al., 2002), brain 
extraction, spatial smoothing using a Gaussian kernel with a full width at half maximum of 3 mm, 
grand mean intensity normalisation, motion artefact removal, and high-pass temporal filtering 
(cut-off frequency = 0.01 Hz). Motion artefacts were removed using a single-session independent 
component analysis (ICA) to decompose the rs-fMRI data into distinct statistically independent 
components, followed by automatic identification and removal of motion artefacts using ICA-
AROMA (version 0.3 beta; Pruim et al., 2015). Registration to standard space was performed in 
two steps. First, a temporal mean image calculated from the 4D rs-fMRI volume was registered 
to the 3DT1w image using boundary-based registration (Greve & Fischl, 2009). Next, resulting 
registration parameters were concatenated to the 3DT1w-to-MNI152 template registration 
parameters to obtain the final registration parameters.

MRI feature selection
Selection of MRI features was performed as described previously (Bouts et al., 2018; Feis et al., 
2019a). 

Cortical grey matter density (GMD) and white matter density (WMD) were calculated 
as weighted means of their respective regional grey matter or white matter probability (SPM 
segmentation) weighted by the probability of a voxel belonging to a specific cortical region. Cortical 
probabilities were derived from the 48 Harvard-Oxford probabilistic anatomical brain atlas (split 
into left and right), and white matter probabilities were derived from the Johns-Hopkins University 
white matter tractography atlas for 20 white matter tracts. Voxels with atlas probability values under 
25% were excluded. We estimated these features in native space by transforming the atlas masks to 
the images’ native space using the inverted non-linear registration parameters. For deep grey matter 
regions, GMD values were calculated as the regions’ volume (FIRST segmentations) divided by 
the total intracranial volume. This resulted in a GMD feature vector of 110 weighted mean GMD 
values (48 left cortical, 48 right cortical, and 14 deep grey matter regions) and in a feature vector 
of 20 weighted mean WMD values per subject. While grey matter volume, as estimated by voxel-
based morphometry, would also be a useful feature for prediction, we chose the simpler GMD for 
generalisation purposes, as it is not reliant on a study-specific template.

DTI features were calculated as weighted mean FA, MD, AxD, or RD values per tract per subject. 
First, we projected each subject’s FA, MD, AxD, and RD values onto the TBSS group skeleton 
on a voxel-wise basis. Next, we weighted the mean values per tract by the probability of a voxel 
belonging to that specific tract, derived from 20 tracts of the Johns-Hopkins University white matter 
tractography atlas. Voxels with atlas probability values under 25% were excluded. This resulted in 
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four feature vectors of each 20 weighted mean values per subject.
To calculate functional connectivity features, all processed rs-fMRI images were combined 

in a temporally concatenated group-level ICA (MELODIC; Beckmann & Smith, 2004), with 
dimensionality fixed at 20 components and an ICA threshold of 0.99 (Smith et al., 2013). This 
means that each voxel included in the ICA map was 99 times more likely to be part of that component 
than to be caused by Gaussian background noise. For each subject, we calculated the mean time 
course for each component, weighted by the ICA weight map and grey matter probability of that 
component’s regions. Correlations between the mean time courses of all pairs of components were 
subsequently calculated. Functional connectivity was calculated as full correlations (FCor), and as 
sparse, L1-regularised, partial correlations (PCor) between the mean time courses of all pairs of 
components. Partial correlations were calculated using the graphical lasso algorithm ( J. Friedman 
et al., 2008). This procedure resulted in two feature vectors of each (20 × 19) ÷ 2 = 190 (partial) 
correlations per subject.

Finally, we created one multimodal feature vector by concatenating all feature vectors together. 
As such, we had nine feature vectors in total: two 3DT1w feature vectors, four DTI feature vectors, 
two rs-fMRI feature vectors, and one multimodal imaging feature vector.

Neuropsychological assessment and cognitive feature selection
We screened global cognitive functioning by means of the Mini-Mental State Examination 
(MMSE; Folstein et al., 1975). Experienced neuropsychologists ( JLP, JMP, LCJ) administered 
neuropsychological tests within six cognitive domains: language, attention and mental processing 
speed, executive functioning, social cognition, memory, and visuoconstruction. The language 
domain was assessed using the 60-item Boston naming test (BNT; Kaplan et al., 1978), verbal 
semantic association test (SAT; Visch-Brink et al., 2005), ScreeLing phonology (Doesborgh et al., 
2003), and categorical fluency (Thurstone & Thurstone, 1962). The domain of attention and mental 
processing speed was evaluated using the trail making test (TMT-)A (Army Individual Test Battery, 
1944), the mean of Stroop colour-word tests I and II (Stroop, 1935), Wechsler adult intelligence 
scale III (WAIS-III) digit span forwards (Wechsler, 2005), and letter digit substitution test (LDST; 
Jolles et al., 1995). We measured the executive functioning domain using TMT-B (Army Individual 
Test Battery, 1944), Stroop colour-word test III (Stroop, 1935), WAIS-III digit span backwards 
(Wechsler, 2005), modified Wisconsin card sorting test (WCST) concepts (Nelson, 1976), letter 
fluency (Thurstone & Thurstone, 1962), and WAIS-III similarities (Wechsler, 2005). The social 
cognition domain was assessed by means of Happé theory of mind cartoons, Happé non-theory of 
mind cartoons (Happé et al., 1999), and Ekman faces (Ekman & Friesen, 1976). We evaluated the 
memory domain using the immediate response and recall of the Dutch Rey auditory verbal learning 
test (RAVLT; Rey, 1958), and the visual association test (VAT; Lindeboom et al., 2002). Lastly, we 
tested the visuoconstruction domain by means of clock drawing (Royall et al., 1998) and WAIS-III 
block design (Wechsler, 2005). 

Raw test scores were added into one cognitive feature vector per domain. This resulted in a 
language feature vector with four features, an attention feature vector with four features, an executive 
feature vector with six features, a social feature vector with three features, a memory feature vector 
with three features, and a visuoconstruction feature vector with two features. Finally, we added 
these feature vectors together to create a multidomain feature vector, bringing the total number 
of feature vectors on seven: language, attention, execution, social, memory, visuoconstruction, and 
multidomain.
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Classifier
In order to identify future converters (n = 7) from non-converters (n = 35) at baseline, we trained 
prediction models using MRI features (n = 9) and, separately, cognitive features (n = 7). Feature 
vectors were used to train a logistic elastic net regression algorithm (Zou & Hastie, 2005; Friedman 
et al., 2010; Schouten et al., 2016; Bouts et al., 2018; Feis et al., 2019a). The elastic net regression 
procedure estimates a sparse regression model that includes only a subset of the provided features by 
imposing a penalty for including features (i.e., L1 penalty) and for the sum of the squared value of 
the coefficients (i.e., L2 penalty). This way, elastic net provides a solution for the imbalance between 
the large number of features and the small number of subjects. Age and sex were included in the 
model without penalty to ensure that estimated feature regression coefficients were conditional 
on subject age and sex. A prediction score of 0 represented a non-converter and 1 represented a 
converter. 

Cross-validation
We trained our conversion prediction models in a stratified nested seven-fold cross-validation 
scheme to make sure that the proportion of converters and non-converters was the same in each 
fold (i.e., one converter and five non-converters per fold). In the outer loop, one part of the data 
(i.e., one of the seven folds) was set apart as a test set and served to test the generalised prediction 
performance of the elastic net regression model. The remaining parts (six of the seven folds) were 
used to train the model. Within the training set of the outer loop, we performed a nested cross-
validation to optimise the model’s hyperparameters without overestimating prediction performance 
(Varma & Simon, 2006; Kriegeskorte et al., 2009). The resulting optimal hyperparameters were 
used in the training set of the outer loop to train the model, and the prediction performance was 
then tested in the test set of the outer loop. This process was repeated seven times to make sure that 
each subject was part of the test set exactly once. Since the test set of the outer loop was neither 
used for model training, nor for parameter optimisation, we reduced the risk of overestimating the 
generalisation performance as much as possible (Kriegeskorte et al., 2009; Schouten et al., 2016; 
Bouts et al., 2018; Feis et al., 2019a). The entire prediction procedure was repeated 50 times to 
average prediction outcome variability resulting from random partitioning in training and test 
folds. All prediction analyses and evaluations were implemented in R version 3.3.2 (R core 2016, 
GLMnet package; Friedman et al., 2010).

Prediction performance
For both analyses, we quantified prediction performances using receiver operating characteristic 
curves. Receiver operating characteristic curves were calculated by shifting the threshold for 
predicting an individual as converter from 0 to 1, and plotting the true positive rate (sensitivity) 
vs. the false positive rate (1 – specificity) for each intermediate point. The area under this receiver 
operating characteristic curve (AUC) is a measure of prediction performance insensitive to the 
distribution between the groups (Fawcett, 2006). Additionally, we calculated the optimal operating 
point on the curve to calculate the model’s sensitivity, specificity, and prediction accuracy, given 
equal class distribution and equal penalty for false positive and false negative predictions. We 
averaged AUC, accuracy, sensitivity, and specificity values from the 50 times repeated nested cross-
validations (Schouten et al., 2016; Bouts et al., 2018; Feis et al., 2019a).
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Statistical analysis
Statistical group analyses of demographic data were performed using R (R Core 2016, Vienna, 
Austria). We tested for differences between converters and non-converters using unpaired t-tests 
(age and education), the Mann-Whitney U test (MMSE scores [0–30]) and the chi-square test (sex 
distribution). 

To compare MRI and cognitive prediction models’ AUC values vs. chance level, we used 
permutation tests (N = 5,000; Noirhomme et al., 2014). We used the maximum t-statistic 
method to correct for multiple comparisons within, respectively, the nine MRI-based and the 
seven cognitive prediction analyses. For each permutation, we calculated the maximum absolute 
t-statistic within the family of tests, which resulted in a maximum t-distribution of 5,000 maximum 
absolute t-statistics. The observed t-statistic of each analysis was then compared to this maximum 
t-distribution in order to obtain a family-wise error rate corrected p-value. The alpha level required 
for statistical significance was set at 0.05.

Data availability
Raw data were generated at the Leiden University Medical Centre. The derived data, as well as 
scripts, that support the findings of this study are available from the corresponding author upon 
request. 
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Results

Demographics
Seven converters and 35 non-converters met the inclusion criteria (Table 4.2). At the time of MRI 
scan, converters did not differ from non-converters in terms of age (p = 0.85), sex distribution (p = 
0.40), and MMSE scores (p = 0.50). However, converters had higher levels of education than non-
converters (p = 0.015). More information on the converter group is shown in Table 4.3.

Table 4.2  Participant demographics
  Converters (n = 7)a Non-converters (n = 35) p-value

Age, mean (SD) years 51.7 (8.8) 51.0 (8.4) 0.85

Sex, n (%) ♀ 4 (57%) 26 (74%) 0.40

Education, mean (SD) yearsb 15.2 (0.8) 13.7 (2.9) 0.015

MMSE, median (range) points 29 (27–30) 30 (24–30) 0.50

MMSE, Mini-Mental State Examination.
a 4 microtubule-associated protein tau mutation carriers, 3 progranulin mutation carriers.
b Education values were missing for one converter.

Table 4.3  Converter demographics

  Gene Mutation Age at 
MRI Sex Months to 

conversion
FTD 
variant

Prediction 
scorea

Converter 1 GRN S82VfsX174 65 Female 23 bvFTD 0.12

Converter 2 MAPT P301L 54 Female 28 bvFTD 0.31

Converter 3 MAPT P301L 57 Male 18 bvFTD 0.79

Converter 4 GRN S82VfsX174 56 Female 11 nfvPPA 0.10

Converter 5 GRN S82VfsX174 49 Female 22 nfvPPA 0.03

Converter 6 MAPT G272V 41 Male 41b bvFTD 0.56

Converter 7 MAPT G272V 42 Male 11 bvFTD 0.72

bvFTD, behavioural variant FTD; FTD, frontotemporal dementia; GRN, progranulin; MAPT, 
microtubule-associated protein tau; MRI, magnetic resonance imaging; nfvPPA, non-fluent variant primary 
progressive aphasia.
a Prediction scores based on the FA prediction model range from 0 to 1, with 0 representing non-converters 
and 1 representing converters.
b MRI data nearer to symptom onset was excluded due to artefacts for this subject.

Prediction performance 
Prediction with MRI features yielded mixed results (Table 4.4). The model based solely on FA 
features (FA model) significantly outperformed chance level with an AUC of 0.81 (p = 0.025 vs. 
chance level). For the FA model, subjects’ prediction scores are shown in Figure 4.1. Converters 
with a MAPT mutation seemed to have higher conversion prediction scores than those with a GRN 
mutation. Similarly, male mutation carriers seemed to have higher prediction scores than female 
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mutation carriers. There seemed to be no clear correlation (Pearson’s r = 0.02) between conversion 
prediction scores and time from MRI to conversion. However, the above three observations should 
be noted with care, since the small sample size did not permit for meaningful statistical testing. 

The FA model’s beta weights for the 50 cross-validation repeats are shown in Figure 4.2. The 
highest beta weights were found in the forceps minor. Other white matter tracts with above average 
beta weights included the forceps major, right corticospinal tract, right inferior longitudinal 
fasciculus, right anterior thalamic radiation, and right uncinate fasciculus. For the two WM tracts 
with the largest beta weights (i.e., forceps minor and major), we plotted subjects' mean FA value 
across the tract in Figure 4.3. Corresponding with the beta weights, the differences between 
converters and non-converters were larger for the forceps minor than for the forceps major.

The other DTI features (i.e., MD, AxD, RD) did not outperform chance level, nor did grey and 
white matter density features, and functional connectivity features (i.e., FCor, PCor). Concatenating 
all features together in a multimodal MRI model did not improve performance compared to the FA 
model (AUC = 0.63, p = 0.55 vs. chance level). 

Prediction with cognitive features resulted in poor performances (Table 4.5). The best 
performing cognitive model was based on the executive domain (AUC = 0.35). Adding multiple 
domains together in a multidomain cognitive model did not improve performance (AUC = 0.34).

Table 4.4  MRI features’ performance

MRI modality AUC  Min – max Sensitivity Specificity Accuracy FWERC p-value 
(AUC > chance)

GMD 0.668 0.563 – 0.731 0.746 0.599 0.623 0.375

WMD 0.438 0.306 – 0.567 0.571 0.517 0.526 0.976

FA 0.812 0.608 – 0.906 0.769 0.761 0.762 0.025

MD 0.677 0.616 – 0.743 0.711 0.693 0.696 0.322

AxD 0.435 0.327 – 0.563 0.626 0.491 0.514 0.977

RD 0.625 0.465 – 0.722 0.689 0.630 0.640 0.590

FCor 0.336 0.204 – 0.449 0.446 0.513 0.501 1.000

PCor 0.403 0.233 – 0.502 0.514 0.527 0.525 0.996

Multimodal 0.626 0.547 – 0.710 0.557 0.781 0.744 0.552

Converters (seven presymptomatic FTD-RisC mutation carriers that developed symptoms within 4 years 
after assessment) vs. non-converters (35 presymptomatic FTD-RisC mutation carriers that remained 
cognitively healthy after 4 years). Multimodal represents a combination of all MRI features. Min – max 
AUC values represent the variance across the 50 repeats. Italic: mean AUC significantly higher than chance 
level after family-wise error rate correction.
AUC, area under the receiver operating characteristic curve; FA, fractional anisotropy; FCor, full correlations 
between 20 ICA components; FTD-RisC, frontotemporal dementia Risk Cohort; FWERC, family-
wise error rate corrected; GMD, grey matter density; ICA, independent component analysis; MD, mean 
diffusivity; PCor, L1-regularised partial correlations between 20 ICA components; RD, radial diffusivity; 
WMD, white matter density.



4

67

 Genetic FTD symptom onset prediction

Figure 4.2  FA model beta weights
Box plots show the FA model’s standardised beta weights for the 50 cross-validation repeats. Demographics (age and sex, in 
blue) were included in the model without penalty, while the FA features (red) were regularised. 
ATR, anterior thalamic radiation; CST, corticospinal tract; CGC, cingulum in the cingulate gyrus area; CGH, cingulum in 
the hippocampal area; FA, fractional anisotropy; FMA, forceps major; FMI, forceps minor; IFOF, inferior fronto-occipital 
fasciculus; ILF, inferior longitudinal fasciculus; L, left; R, right; SLF, superior longitudinal fasciculus; TSLF, temporal 
projection of the SLF; UF, uncinate fasciculus.

Figure 4.1  Converters’ and non-converters’ conversion prediction scores
Box and scatter plot of each subject’s conversion prediction score on a scale from 0 (representing non-converter) to 1 
(representing converter) after applying the FA model. Different gene mutations were represented with different shapes. The 
converter with the longest time between MRI and conversion (i.e., 41 months) was annotated with increased size. These 
conversion prediction scores result in a performance of 0.81 AUC for the FA model (p = 0.025 vs. chance level). 
C9orf72, chromosome 9 open reading frame 72; FA, fractional anisotropy; GRN, progranulin; MAPT, microtubule-
associated protein tau.  
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Table 4.5  Cognitive features’ performance

Cognitive domain AUC  Min – max Sensitivity Specificity Accuracy FWERC p-value 
(AUC > chance)

Language 0.282 0.180 – 0.371 0.394 0.515 0.495 0.999

Attention 0.343 0.208 – 0.441 0.517 0.451 0.462 0.992

Executive 0.349 0.184 – 0.482 0.534 0.439 0.455 0.987

Social 0.344 0.208 – 0.449 0.474 0.488 0.486 0.992

Memory 0.272 0.143 – 0.359 0.491 0.414 0.427 0.999

Visuoconstruction 0.288 0.186 – 0.424 0.429 0.477 0.469 0.999

Multidomain 0.340 0.208 – 0.449 0.477 0.481 0.480 0.994

Converters (seven presymptomatic FTD-RisC mutation carriers that developed symptoms within 4 years 
after assessment) vs. non-converters (35 presymptomatic FTD-RisC mutation carriers that remained 
cognitively healthy after 4 years). Multidomain represents a combination of all cognitive features. Min – max 
AUC values represent the variance across the 50 repeats. 
AUC, area under the receiver operating characteristic curve; FTD-RisC, frontotemporal dementia Risk 
Cohort; FWERC, family-wise error rate corrected.

A

B

Figure 4.3  Mean FA values in two white matter tracts
Box and scatter plot of each subject's mean FA value in the forceps minor (A), and forceps major (B). Different FTD gene 
mutations were represented with different shapes. The converter with the longest time between MRI and conversion (i.e., 41 
months) was annotated with increased size. 
C9orf72, chromosome 9 open reading frame 72; FA, fractional anisotropy; GRN, progranulin; MAPT, microtubule-
associated protein tau.
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Discussion

This study describes conversion prediction within 4 years in FTD mutation carriers using MRI-
based and cognitive measures. We found that it was possible to distinguish converters from non-
converters beyond chance level with an AUC of 0.81 using FA. Other MRI-based and cognitive 
measures did not outperform chance level. 

The FA model’s performance reaffirms the potential of diffusion scans for early FTD diagnosis. 
Group differences in FA and other DTI metrics exist in presymptomatic FTD mutation carriers 
compared to controls (Borroni et al., 2008; Dopper et al., 2014; Pievani et al., 2014; Lee et al., 2017; 
Papma et al., 2017; Bertrand et al., 2018; Jiskoot et al., 2018a, 2019). More specifically with regard 
to conversion, two recent FTD-RisC studies observed how mass univariate MRI measures and 
MRI-based classification scores develop as subjects approach conversion, as compared to subjects 
who did not convert during follow-up. Jiskoot et al. found that grey matter atrophy and white 
matter DTI changes become noticeable around two years before symptom onset, and longitudinal 
FA decline was primarily located in the genu of the corpus callosum ( Jiskoot et al., 2019), the area 
with the higest beta values in our current study. Feis et al. combined multimodal MRI to calculate a 
single classification score at each time point using a classification model that was trained on bvFTD 
patients and controls. They found that the classification scores of presymptomatic mutation carriers 
and non-carriers did not differ over time, but that the classification scores of converters rose faster 
than those of non-converting mutation carriers (Feis et al., 2019b). Together, these studies suggest 
that FTD-related deterioration on MRI accelerates when subjects are near conversion. However, 
they fail to address the most important question: is it possible, using presymptomatic cross-sectional 
data, to predict future conversion in individual FTD mutation carriers? We expand on this by 
showing that individual differences in FA have predictive value for FTD onset within 4 years in 
FTD mutation carriers. 

Within the FA model, the forceps minor feature had the highest beta weights across 50 repeats, 
suggesting that this area was important for prediction. Accordingly, the difference in mean FA 
between converters and non-converters was larger in the forceps minor than in other tracts, e.g., the 
forceps major. The genu of the corpus callosum (i.e., part of the forceps minor) was recently found 
to be the most consistent white matter region in terms of DTI changes across FTD subtypes (Elahi 
et al., 2017). As our converter group included both bvFTD and nfvPPA converters, this might 
explain why the forceps minor had high beta weights, and could provide biological support for 
our model. Forceps minor changes may therefore be a promising marker for early FTD detection, 
although it might not discriminate between the different FTD subtypes. Other white matter tracts 
are affected more specifically in the different clinical syndromes. BvFTD is generally characterised 
by DTI changes in the anterior thalamic radiation, cingulum, and uncinate fasciculus (Zhang 
et al., 2011; Mahoney et al., 2014; Möller et al., 2015; Daianu et al., 2016), while the superior 
longitudinal fasciculus and corticospinal tract are typically affected in nfvPPA (Whitwell et al., 
2010; Galantucci et al., 2011; Omer et al., 2017), and the inferior longitudinal and uncinate fasciculi 
show DTI changes in svPPA (Whitwell et al., 2010; Galantucci et al., 2011; Tu et al., 2015). Future 
studies should investigate whether this combination of shared and different white matter DTI 
changes between the FTD subtypes facilitate hierarchical classification. Although it is interesting 
to examine which features were important for prediction, care must be taken not to overinterpret 
the beta weights. Contrary to explanatory regression models, the beta weights of our regularised 
prediction model do not designate direct relationships between the features and prediction score, 
nor do they reflect mean differences between the groups (Shmueli, 2010). Each feature’s effect is 
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conditional on the effects of all other features in the model, and multicollinearity between features 
may result in suppression of the effect of some features. For example, we cannot be sure whether 
the higher beta weights in the FA model for right hemispheric white matter tracts point towards 
asymmetric effects—such as are reported in GRN mutation carriers ( Jiskoot et al., 2018a)—or 
whether the corresponding regions in the left hemisphere added redundant information, and were 
therefore suppressed in the model.

Apart from the FA model, no other MRI- or cognition-based prediction model significantly 
outperformed chance. However, it would be inappropriate to draw conclusions based on the non-
significant results. Due to our small sample size, it is unclear whether these features were uninformative, 
or whether the study was underpowered to find significant results. Grey matter atrophy occurs at a 
later stage than white matter changes in MAPT and GRN mutation carriers (Borroni et al., 2008; 
Agosta et al., 2012; Rohrer & Rosen, 2013; Feis et al., 2019a; Jiskoot et al., 2019), but the question 
whether or not that precludes the use of grey matter features for early diagnosis requires further 
investigation. Similarly, we cannot comment on why the remaining diffusion features MD, AxD, 
and RD, which often yield comparable results to FA, did not outperform chance level. None of 
the cognitive features predicted conversion within 4 years. However, it should be noted that our 
selection of neuropsychological tests was arbitrary, and higher performance might be possible with 
different tests. Also, longitudinal cognitive assessments may be more specific and predictive of 
conversion than cross-sectional differences ( Jiskoot et al., 2018b). 

Important strengths of this study include the unique population and follow-up, which enabled 
the prediction of conversion in genetic FTD. Our clinical follow-up demonstrated that non-
converters remained asymptomatic even after 4 (and in 25 cases after 6) years, ensuring that the 
labels ‘converter’ and ‘non-converter’ were truly separate. Furthermore, our methods have been 
validated in previous studies concerning classification in AD and FTD (Schouten et al., 2016; 
Bouts et al., 2018). The most important limitation to this study was sample size. Our index group 
consisted of seven converters, which is a small number in neuroimaging studies, and even more so in 
machine learning. This resulted in performance estimates with a large degree of uncertainty, which 
means that relatively high performances were necessary to significantly outperform chance level. 
For example, the AUC needed to significantly outperform chance level after family-wise error rate 
correction was 0.78 for the MRI analyses, and 0.74 for cognitive analyses. Another limitation to 
this study was the sample’s heterogeneity. We included subjects from MAPT, GRN, and C9orf72 
families in order to boost our sample size, even though there is evidence that each mutation has its 
own pattern of neurodegeneration over time due to different underlying pathology (Seelaar et al., 
2011; Whitwell et al., 2012; Mann & Snowden, 2017; Jiskoot et al., 2018a). Indeed, converters with 
a MAPT mutation seemed to have higher conversion prediction scores than did converters with a 
GRN mutation, though this may also be due to sex differences. Stratification was not feasible due 
to our small sample size, but is necessary in future studies to show whether conversion prediction is 
possible in all FTD gene mutations or solely in MAPT. Just as different FTD mutations have different 
neurodegenerative profiles, so do the different clinical syndromes that constitute FTD (Seelaar et 
al., 2011; Whitwell et al., 2012; Rohrer & Rosen, 2013). Five subjects developed bvFTD, while two 
developed nfvPPA, increasing heterogeneity in our analyses. Despite these sources of heterogeneity, 
the FA-based model predicted conversion in 4 years beyond chance level, which is an important 
proof of concept that conversion prediction is possible in genetic FTD. Larger sample sizes might 
in the future facilitate hierarchical (Kim et al., 2019) or multilabel (Raamana et al., 2014; Klöppel 
et al., 2015; Koikkalainen et al., 2016; Bron et al., 2017; Canu et al., 2017) prediction to deal with 
these sources of heterogeneity. While the acquisition of a larger, similar cohort is costly and time-
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consuming, our current results indicate that the acquisition of such data is meaningful and may 
lead to more accurate conversion prediction for genetic FTD. Lastly, the timing of conversion, and, 
therefore, the time between MRI and conversion, was based on heteroanamnestic information from 
knowledgeable informants, and as such may not be fully accurate. However, it should be noted 
that an exact time of conversion is near impossible to estimate in neurodegenerative diseases due 
to the gradual increase in symptomatology, and this inaccuracy is unlikely to have influenced our 
conclusions.

Conclusion
To conclude, we showed that FA predicted conversion within 4 years in presymptomatic FTD 
mutation carriers. This proof-of-concept study underlines the potential of MRI-based prediction in 
genetic FTD to contribute to a reliable early-stage FTD diagnosis, and should be replicated when 
larger sample sizes become available to corroborate our results.
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Abstract

Resting-state functional magnetic resonance imaging (rs-fMRI) has shown considerable promise 
in providing potential biomarkers for diagnosis, prognosis, and drug response across a range 
of diseases. Incorporating rs-fMRI into multicentre studies is becoming increasingly popular, 
imposing technical challenges on data acquisition and analysis, as fMRI data is particularly sensitive 
to structured noise resulting from hardware, software, and environmental differences. 

Here, we investigated whether a novel clean-up tool for structured noise was capable of reducing 
centre-related rs-fMRI differences between healthy subjects. We analysed 3 T rs-fMRI data 
from 72 subjects, half of whom were scanned with eyes closed in a Philips Achieva system in The 
Netherlands, and half of whom were scanned with eyes open in a Siemens Trio system in the UK. 
After prestatistical processing and individual independent component analysis (ICA), FMRIB’s 
ICA-based X-noiseifier (FIX) was used to remove noise components from the data. Group-level 
ICA and dual regression were run, and non-parametric statistics were used to compare spatial maps 
between groups before and after applying FIX. 

Large significant differences were found in all resting-state networks between study sites before 
using FIX, most of which were reduced to non-significant after applying FIX. The between-centre 
difference in the medial/primary visual network, presumably reflecting a between-centre difference 
in protocol, remained statistically significant. 

FIX helps facilitate multicentre rs-fMRI research by diminishing structured noise from rs-fMRI 
data. In doing so, it improves combination of existing data from different centres in new settings 
and comparison of rare diseases and risk genes for which adequate sample size remains a challenge.

Keywords: resting-state functional MRI, multicentre analysis, independent component 
analysis, dual regression, structured noise reduction
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Introduction

Resting-state functional magnetic resonance imaging (rs-fMRI) has become an important tool 
in neuroimaging research to examine resting-state networks (RSNs) in normal brains, during the 
ageing process, and in various neurological disorders (Greicius et al., 2003; Fox et al., 2005; De 
Luca et al., 2006; Fox & Raichle, 2007; Littow, 2010). One of the techniques used for this purpose 
is independent component analysis (ICA)—a data-driven technique that facilitates comparison of 
functional networks in the brain without requiring a priori selected seed regions (Beckmann & 
Smith, 2004).

(Rs-)fMRI research has certain challenges, such as problems regarding sample size in clinical and 
at-risk populations. Multicentre analysis may help to solve these limitations, but has been shown to 
be difficult to perform for (rs-)fMRI. Specifically, differences between groups may not always be 
attributable to the feature of interest, such as disease or gene mutation carrier status, but may also be 
secondary to scanner hardware differences (manufacturer, head coil), software differences (filters, 
k-space acquisition method, scan parameters) and environmental differences (radio-frequency 
noise; Casey et al., 1998; Zivadinov & Cox, 2008). Confounding centre effects also manifest as 
noise in multicentre analysis, reducing power.

Whilst several studies have investigated and provided guidelines and recommendations for these 
difficulties for fMRI (Zou et al., 2005; Costafreda et al., 2007; L. Friedman et al., 2008; Wegner 
et al., 2008; Zivadinov & Cox, 2008; Glover et al., 2012), multicentre research using rs-fMRI 
is still an underdeveloped field. Long et al. (2008) were able to cross-validate the default mode 
network in a multicentre study even though scanner parameters were not controlled. Biswal et al. 
(2010) demonstrated that functional connectivity has a universal architecture in an extensive study 
with 1,414 subjects. However, they also found many differences due to centre-related variability. 
As data sharing becomes more important in imaging research, e.g., the Genetic Frontotemporal 
dementia Initiative (GENFI; Rohrer et al., 2013); 1,000 Functional Connectome Project (Biswal 
et al., 2010); ADHD 200 Consortium data set (The ADHD-200 Consortium, 2012); and Autism 
Brain Imaging Data Exchange (ABIDE; Di Martino et al., 2014), methods for reducing scan site 
differences must be developed.

In the current study, a novel tool for the clean-up of structured noise-components from ICA 
was used to study whether rs-fMRI data from different scan sites become more comparable in a 
multicentre analysis. The Functional Magnetic Resonance Imaging of the Brain Centre’s (FMRIB’s) 
ICA-based X-noiseifier (FIX) is a plug-in to FMRIB Software Library (FSL) that is able to 
automatically classify and remove structured noise-components (e.g., motion-effects, scanner 
artefacts, [non-neuronal] physiological noise, etc.) from rs-fMRI data, once it has been trained 
through hand-classifications (Griffanti et al., 2014; Salimi-Khorshidi et al., 2014). FIX has been 
used before to clean up structured noise in order to heighten the quality of rs-fMRI data (Salimi-
Khorshidi et al., 2014), but this is the first time FIX is used to diminish scanner differences in a 
multicentre study.
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Methods

Participants
In this study, MRI data was included from subjects scanned at the Leiden University Medical 
Centre (LUMC) and from subjects scanned at the Oxford Centre for Clinical Magnetic Resonance 
Research (OCMR). The LUMC data (referred to here as the ‘Dutch sample’) consisted of 36 
subjects from the control group of an earlier rs-fMRI study investigating the effect of microtubule-
associated protein tau (MAPT) and progranulin (GRN), risk genes for Frontotemporal Dementia 
(FTD), on the brain (Dopper et al., 2014). The OCMR data (referred to here as the ‘English 
sample’) consisted of 36 subjects from control groups of earlier rs-fMRI studies investigating the 
effect of apolipoprotein E ε4 (APOE4), a risk gene for Alzheimer’s Disease (AD), on the brain 
(Filippini et al., 2009, 2011; Heise et al., 2011; Trachtenberg et al., 2012a, 2012b).

The English subjects were selected from a larger cohort in order to match the Dutch subjects in 
age, sex and sample size. 

For a detailed description of the recruitment protocols, see Dopper et al. (2014) for the Dutch 
data, and Filippini et al. (2009, 2011) and Trachtenberg et al. (2012a) for the English data. In short, 
36 MAPT and GRN non-carriers were selected from a pool of 160 healthy first-degree relatives of 
FTD patients with either an MAPT or GRN mutation. It is assumed that non-carriers from these 
families have the same risk for dementia as the general population. Thirty-six APOE4 non-carriers, 
scanned at the OCMR, were selected from the general population and the data from most (30/36) 
were reported in previous studies (Filippini et al., 2009, 2011; Trachtenberg et al., 2012a). 

Pre-scan exclusion criteria included MRI contraindications, history of drug abuse, and current 
or past neurologic or psychiatric disorders for the Dutch sample, and head injury, substance abuse 
(including alcohol), corticosteroid therapy, youth diabetes therapy, memory complaints, and 
current or past neurologic or psychiatric disorders for the English sample.

All participants provided written informed consent, and ethical approval for data acquisition was 
obtained from National Research Ethics Service Committee South Central—Oxford C (Oxford 
data), and the Medical Ethical Committees in Rotterdam and Leiden (Leiden data).

Image acquisition
LUMC scans were acquired using a Philips 3 T Achieva MRI scanner with an 8-channel SENSE 
head coil. OCMR scans were acquired using a Siemens 3 T Trio scanner with a 12-channel head 
coil. Participants were instructed to keep their eyes closed (LUMC) or open (OCMR), to think 
of nothing in particular (OCMR), and to remain awake. The scan parameters used for the high-
resolution 3-dimensional anatomical T1-weighted and for the rs-fMRI T2*-weighted images are 
shown in Table 5.1. 

Image analysis
FSL (http://www.fmrib.ox.ac.uk/fsl) tools were used for all data analyses (Smith et al., 2004; 
Woolrich et al., 2009; Jenkinson et al., 2012).

Prestatistical processing 
Individual preprocessing included motion correction ( Jenkinson et al., 2002), brain extraction 
(Smith, 2002), spatial smoothing using a Gaussian kernel of 6 mm full width at half maximum, 
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4D grand-mean scaling, and high-pass temporal filtering corresponding to a period of 150 s (~ 
0.007 Hz). FMRI volumes were registered to MNI152 standard space (Montreal Neurologic 
Institute average T1-weighted image created from 152 normal subjects’ T1 scans). Boundary-based 
registration ( Jenkinson & Smith, 2001; Jenkinson et al., 2002; Greve & Fischl, 2009) was used to 
register each individual’s echo-planar imaging volumes onto their respective high-resolution T1-
weighted structural images. T1-weighted structural scans were aligned to MNI152 standard space 
using nonlinear image registration (Anderson et al., 2007; Jenkinson et al., 2012). The resulting 
registration matrices were then used to register the echo-planar imaging volumes onto MNI152 
standard space. Individual ICA was carried out and voxel-by-voxel intensity normalisation was 
performed manually, dividing each voxel by its mean value across time and multiplying by 10,000.

Table 5.1  Structural and functional scan parameters per scan site

Parameters Structural Resting-state

LUMC OCMRa LUMC OCMR

Slices, n 140 192 38 34

TR, ms 9.8 2,040 2,200 2,000

TE, ms 4.6 4.7 30 28

Flip angle, ° 8 8 80 89

Volumes, n – – 200 180

Voxel size, mm 0.88 × 0.88 × 1.20 1.0 × 1.0 × 1.0 2.75 × 2.75 × 2.99b 3.0 × 3.0 × 3.5

Duration, min 5 6 8 6

FOV, field of view; LUMC, Leiden University Medical Centre; OCMR, Oxford Centre for Clinical 
Magnetic Resonance Research; TE, echo time; TR, repetition time. 
a Structural scanning at OCMR was done using a magnetisation-prepared rapid gradient echo sequence 
(MPRAGE).
b Including 10% interslice gap.

FIX
Network components obtained from the individual ICA were visually judged and were labeled 
as signal, noise, or unknown for 12 subjects from each group. Manual classification was done by 
looking, firstly, at their spatial maps (typically thresholded abs(Z) > 2.3), then at the temporal 
power spectrum, and lastly at their time series. Unthresholded spatial maps were examined when 
necessary (Salimi-Khorshidi et al., 2014). 

Using these classifications, the FIX classifier was trained and a training file was created. As 
described by Salimi-Khorshidi et al. (2014), FIX uses over 180 features, capturing components’ 
spatial and temporal characteristics, which are fed into a multilevel classifier (built around several 
different classifiers). Temporal features include autoregressive properties, distributional properties, 
jump amplitudes, the Fourier transform, and the time series’ correlation with grey matter-, white 
matter-, cerebrospinal fluid- and head motion-derived time series. Spatial features include clusters’ 
sizes and spatial distribution, voxel intensity information indicating whether voxels are grey matter 
or, e.g., blood vessels, percent on brain boundary, hand-created mask-based features for components 
that have signal-like spatiotemporal characteristics (such as sagittal sinus, cerebrospinal fluid, and 
white matter), and other spatial features such as spatial smoothness.
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Next, a leave-one-out test was run in order to control the quality of the classifier algorithm by 
estimating the level of agreement of the hand-labeled classifications and the classifier’s classifications. 
The accordance was measured as a true-positive rate (TPR), a true-negative rate (TNR), and a 
composite measure, i.e., (3 × TPR + TNR) ÷ 4, for a range of thresholds (used to determine the 
binary classification of components since FIX’s output is probabilistic). After checking the TPR, 
TNR, and the composite measure, the optimal threshold (i.e., 20) was chosen and the classifier was 
applied to all subjects’ data using this threshold in order to classify and remove the structured noise 
components from the data (Griffanti et al., 2014; Salimi-Khorshidi et al., 2014).

Group-level ICA
After prestatistical processing and FIX, three group-level ICA (GICA) analyses were run using 
MELODIC. In order to qualitatively compare FIX’s effect on GICA components, GICA was 
run on combined English and Dutch data before application of FIX (GICA-1), and on combined 
English and Dutch data after application of FIX (GICA-2). For statistical analysis of FIX’s 
effect on the multicentre differences, GICA was carried out on all data combined (GICA-3). 
Consequently, the data used for this analysis (GICA-3) contained four subgroups: Dutch subjects 
with and without use of FIX, and English subjects with and without use of FIX. Rs-fMRI data were 
temporally concatenated across individuals to create a single 4D data set. The data were whitened 
and principle component analysis was used to project the data into a 25-dimensional subspace, 
matching many previous rs-fMRI studies (Filippini et al., 2009; Smith et al., 2009; Cocozza et 
al., 2015; Gaudio et al., 2015). By optimising for non-Gaussian source estimates through a fixed-
point iteration technique, we obtained component maps (Hyvärinen, 1999). After transforming 
the component maps to Z-maps, Gaussian/Gamma Mixture Models were fitted to them in order to 
obtain 25 independent spatial maps defining functional connectivity patterns across the participants 
(Beckmann & Smith, 2004). The GICA-derived spatial maps were then judged by eye and divided 
into RSN and noise components.

Dual regression
Analysis of group differences was performed using FSL’s dual regression, a regression technique that 
allows for voxel-wise comparisons of rs-fMRI (Filippini et al., 2009; Veer et al., 2010). All spatial 
maps derived from GICA-3 (using English and Dutch FIX and non-FIX data) were regressed 
against each individual’s preprocessed rs-fMRI data, resulting in a time course for each component 
and subject. The produced time courses were regressed against the same individual’s preprocessed 
rs-fMRI data, resulting in subject-specific spatial maps for parameter estimates (PEs) and Z-stats. 
GICA noise component maps were disregarded, and RSN component maps were collected 
across subjects into 4D files (one per ICA component, with the fourth dimension being subject 
identification) and were tested voxel-wise for statistically significant differences between groups. 
We used a general linear model equivalent to an independent t-tests to test the PE- and Z-stat-
driven spatial maps for differences between Dutch and English groups before use of FIX, differences 
between Dutch and English groups after use of FIX, and the interaction between the use of FIX and 
group differences (by comparing the differences before and after use of FIX to each other). Age and 
years of education were added to the analysis as confound regressors. Non-parametric permutation-
based testing was done by running 5,000 random permutations using the randomise algorithm, 
a tool based on the Freedman-Lane methods within FSL (Winkler et al., 2014). Afterwards, 
threshold-free cluster enhancement (TFCE), a method for finding clusters in data without defining 
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clusters in a binary way, was applied (Smith & Nichols, 2009), and a family-wise error corrected 
cluster significance threshold of p < 0.05 was used. In a more qualitative approach, non-family-wise 
error corrected results and raw t-stat maps were also investigated.

Result masking
In order to fully appreciate the impact that FIX has on the data, results of the differences between 
groups for all components were thresholded, binarised, and merged. The resulting imaging volumes 
display the total number significant voxels for all different components together, with colour 
variation showing the number of components with significant change in each voxel.

Statistical analysis
Statistics of non-imaging variables were performed using SPSS version 20 (SPSS, Chicago, IL). 
Demographic variables were tested using independent t-tests for continuous variables and chi-
square tests for categorical variables.
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Results

Sample demographics
Demographic information for the Dutch and English subjects is shown in Table 5.2. Age and sex 
were matched across groups.

Table 5.2  Participant demographics
  OCMR (n = 36) LUMC (n = 36) p-value

Age, mean (SD) years 49.9 (11.5) 49.8 (11.3) 0.94

Sex, n (%) ♀ 19 (52.8) 18 (50.0) 1.0

Education, mean (SD) yearsa 16.6 (3.2) 12.6 (2.9) <0.001

LUMC, Leiden University Medical Centre; OCMR, Oxford Centre for Clinical Magnetic Resonance 
Research. 
a Scores of education level in years were missing for two individuals (both LUMC subjects).

Individual ICA and FIX
Table 5.3 shows the number of extracted independent components by individual ICA for each 
group (OCMR and LUMC), as well as the number of components classified as noise and RSN by 
FIX. Significantly more independent components were extracted from Dutch data, compared to 
English data. Also, significantly more components from Dutch data were classified as noise by FIX. 
The number of components classified as RSN by FIX was not found to be different between groups.

Table 5.3  FIX classifications
  OCMR (n = 36) LUMC (n = 36) p-value

ICs, mean (SD) 36.1 (4.8) 44.3 (7.9) <0.001

Noise ICs, mean (SD) 23.6 (3.9) 31.8 (8.2) <0.001

RSN ICs, mean (SD) 12.6 (3.0) 12.7 (3.0) 0.88

FIX, FMRIB’s ICA-based X-noiseifier; FMRIB, Functional Magnetic Resonance Imaging of the Brain 
Centre; IC(A), independent component (analysis); LUMC, Leiden University Medical Centre; OCMR, 
Oxford Centre for Clinical Magnetic Resonance Research; RSN, resting-state network. 

Group-level ICA
Figure 5.1 shows spatial maps derived from GICA for data before (GICA-1, Figure 5.1A) and 
after (GICA-2, Figure 5.1B) application of FIX (numbers in text correspond to numbers in figure). 
RSN components are shown with a green frame, whereas noise components are shown with a red 
frame. FIX’s effect on GICA seems to be two-fold: some noise components are eliminated (i.e., 
motion artefacts [5.1A: numbers 6, 22, 23], brain stem/vascular artefacts [5.1A: numbers 14, 18, 
25], and sagittal sinus artefacts [5.1A: numbers 8, 19]) and others are ‘pushed back’ (i.e., have a 
higher index number after the use of FIX: white matter [5.1A: number 4, 5.1B: number 23] and 
frontal sinus susceptibility noise [5.1A: number 9, 5.1B: number 21]). Both observations rely on 
the same mechanism: FIX removes variance explained by noise components from the data. As 
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Figure 5.1  GICA spatial maps before and after FIX
Maps illustrate the 25 GICA networks’ most informative orthogonal slices before (A, GICA-1) and after (B, GICA-2) 
applying FIX. Green frames indicate RSNs; red frames indicate noise networks. Colour bar represents Z-scores. 
FIX, FMRIB’s ICA-based X-noiseifier; FMRIB, Functional Magnetic Resonance Imaging of the Brain Centre; GICA, 
group-level ICA; ICA, independent component analysis.
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MELODIC shows components in order of decreasing explained variance, the removal of variance 
explained by noise components results in higher component numbers or even exclusion.

Spatial maps that were used as spatial regressors for dual regression (GICA-3) are shown in 
Figure 5.2. Identified RSNs were the default mode network (1), primary/medial (2) and lateral 
(7, 13) visual networks, lateralised higher order cognitive networks involved with working memory 
(3, 5), a network showing the dorsal attention network combined with the salience network (4), 
the auditory network (6), a network combining features of the default mode network and the 
ventral stream (8), the executive control network (9), networks that describe different parts of the 
sensorimotor network (10, 11), cerebellar network (14), a network describing the basal ganglia 
(17), and a network showing frontal default mode network features as well as features from the 
executive control network (21).

Dual regression 
All RSNs’ combined results based on PE-driven spatial maps are shown for family-wise error 
corrected group differences before the use of FIX (Figure 5.3A), group differences after the use FIX 
(Figure 5.3B), and for the interaction between applying FIX and group differences (Figure 5.3C). 
Dual regression results for each RSN are shown separately in Supplemental Figure S5.1 (numbers 
in Supplemental Figure S5.1 correspond with numbers in Figure 5.2).

Before the use of FIX, large areas of statistically significant differences were shown in all (15) 
RSNs. After applying FIX, the size and number of areas with significant differences between groups 
was strongly reduced: only 7/15 RSNs showed statistically significant differences and the number 
of significantly different voxels was reduced by 98%. The RSN with the largest area of significant 
differences after using FIX was the primary/medial visual network (PVN), containing 85% of all 
significantly different voxels after applying FIX. This network is associated with a difference in scan 
protocol (eyes open vs. closed) and showed greater activation in English than in Dutch subjects.

The interaction between the use of FIX and site differences was significant in 13/15 RSNs.
Dual regression results based on Z-stat-driven spatial maps were similar on visual inspection.
Additionally, for a more qualitative view of the results, Supplemental Figure S5.2 shows dual 

regression results without family-wise error correction for each component. Another point of view 
on FIX’s effect is offered in Supplemental Figure S5.3, demonstrating a reduction in raw t-stats for 
group differences in each component after applying FIX. 
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Figure 5.2  GICA spatial maps for statistical 
analysis
Maps illustrate the 25 GICA networks’ most 
informative orthogonal slices of data before and 
after applying FIX combined (GICA-3). Green 
frames indicate RSNs; red frames indicate noise 
networks. Colour bar represents Z-scores. 
FIX, FMRIB’s ICA-based X-noiseifier; FMRIB, 
Functional Magnetic Resonance Imaging of the 
Brain Centre; GICA, group-level ICA; ICA, 
independent component analysis.

Figure 5.3  Combined group differences
Maps show statistically significant (p < 0.05) 
differences between groups: without the use of FIX 
(A), after the use of FIX (B), and the interaction 
between FIX and group differences (C) in all 
(15) RSNs combined. Colour bar represents the 
number of significantly differing networks. 
FIX, FMRIB’s ICA-based X-noiseifier; FMRIB, 
Functional Magnetic Resonance Imaging of the 
Brain Centre; ICA, independent component 
analysis; RSN, resting-state network.
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Discussion

In this study, FIX was found to be helpful in the comparison of multicentre rs-fMRI data. FIX 
significantly reduced structured noise resulting from hardware, software, and environmental 
differences in a multicentre group comparison, as demonstrated by Figure 5.3 and Supplemental 
Figures S5.1, S5.2. Additionally, Supplemental Figure S5.3 shows an intra- and inter-component 
reduction in raw t-stat variability after applying FIX. The significant interaction between the 
application of FIX and group differences (Figure 5.3 and Supplemental Figure S5.1) shows that 
site differences are not just pushed below significance threshold, but are significantly changed 
by applying FIX. Importantly, the remaining differences between sites after FIX (Figure 5.3 
and Supplemental Figure S5.1) are primarily confined to the primary/medial visual cortex, 
which reflects differences in experimental design (Dutch participants had eyes closed, whereas 
English participants had eyes open). This implies that FIX removes structured noise, but retains 
physiologically driven differences.

Dual regression is usually run using PE-driven spatial maps; alternatively, Z-stat-driven spatial 
maps can be used. Our results using PE- and Z-stat-driven spatial maps were similar on visual 
inspection, suggesting that the use of FIX is of value for both types of analysis. However, in order to 
assess whether FIX works better for either one, a more specific analysis is required.

Structured noise in fMRI has various origins: hardware differences (e.g., scanner manufacturer, 
type of head coil), software differences (filters, k-space acquisition methods, and scan parameters), 
and radio-frequency noise (Casey et al., 1998; Zivadinov & Cox, 2008). As demonstrated in Figure 
5.3 and Supplemental Figures S5.1–3, FIX helps to deal with noise from these origins, inasmuch 
as they present themselves as separate noise components in individual subjects’ ICA. Still, it cannot 
account for all potential between-site differences. For example, it cannot deal with differences 
that present themselves within RSN components such as differences in sensitivity to RSNs based 
on hardware configurations or RSN spatial variability relating to head coils. However, due to the 
nature of ICA, the most striking differences caused by structured noise are presented as separate 
noise components. Therefore, intra-component variability is much smaller than inter-component 
variability, implying that the scope of this drawback is altogether limited. Also, FIX cannot account 
for differences in the magnitude of the blood-oxygen-level-dependent effect. Voxel-wise intensity 
normalisation may help to reduce this problem, but site-wise confound regressors should be used 
when they do not correlate with the regressors of interest.

Although eyes-open and eyes-closed differences cannot be mathematically disentangled from 
site/scanner differences, we suggest that the remaining differences in the PVN after using FIX are a 
manifestation of this protocol discrepancy since the differences in all other networks are substantially 
reduced. Recently, a number of studies have investigated the effect of eyes-open vs. eyes-closed 
conditions on functional connectivity without yet reaching a clear consensus. For example, reduced 
activation (Feige et al., 2005), amplitude of low frequency fluctuations (ALFF; Yang et al., 2007; 
Yan et al., 2009; Liu et al., 2013; Liang et al., 2014; Yuan et al., 2014), and regional homogeneity 
(Liu et al., 2013) have all been reported in eyes-closed relative to eyes-open conditions. Conversely, 
other studies showed higher blood-oxygen-level-dependent response (McAvoy et al., 2008) and 
higher mean ALFF ( Jao et al., 2013) for the eyes-closed condition, or no difference in seed-based 
correlations (Patriat et al., 2013). Aside from these local changes in functional connectivity between 
conditions, Jao et al. (2013) discovered that the mean ALFF of the whole brain was greater in 
eyes-closed vs. eyes-open conditions. Some of these studies also reported functional connectivity 
differences in other networks than the PVN, including the sensorimotor, default mode, and 
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auditory networks. The family-wise error corrected changes found in this study in non-PVN 
networks were small, scattered and generally did not follow the independent component’s anatomy 
closely. Therefore, it is difficult to infer if these changes are due to the experimental design or if they 
reflect a small quantity of remaining noise. The changes we found in independent component 2 are 
extensive and follow the PVN anatomy well. As it is unlikely that false positive results or leftover 
noise would take this form and since similar PVN differences between eyes-open and eyes-closed 
conditions have been described in rs-fMRI multiple times before, it seems reasonable to assume that 
this effect is due to reported differences in experimental design.

Whilst groups were matched for age and sex, there was a significant difference in level of education. 
This may be attributable to the recruitment protocols. The English recruitment protocol selected 
subjects from the general population near Oxford, a relatively highly educated region (Filippini et 
al., 2009, 2011; Trachtenberg et al., 2012a), whereas the Dutch sample was recruited from known 
FTD families (Dopper et al., 2014). In order to account for this, demeaned education values were 
added to the general linear model as a regressor of no interest.

Previous studies on multicentre fMRI primarily focused on data collected using standardised 
protocols. Glover et al. (2012) argue that hardware, software and procedural aspects should 
be carefully matched and managed in order to successfully perform multicentre fMRI research. 
Zivadinov & Cox (2008) suggest the use of quality assurance methods and careful subject selection 
and matching across centres, such as used by Wegner et al. (2008), in order to control for scan 
site by adding centre as covariate in the analysis. Whereas these recommendations are naturally 
important for the correct set-up of a new multicentre study, our results suggest reanalysis of existing 
non-standardised rs-fMRI data may also be possible across sites. Additionally, although it would 
be interesting to see how these different sources of structured noise are dealt with individually by 
FIX (whilst controlling for the others), this study importantly shows that even with more of these 
problems present simultaneously, FIX adequately diminishes structured noise.
	
Conclusion
Previous studies using FIX have considered the theoretical and practical use of spatial ICA, classifier 
training and noise detection (Salimi-Khorshidi et al., 2014), and denoising (Griffanti et al., 2014). 
They showed that FIX is a useful tool for noise clean-up and therefore helps in making data more 
sensitive to changes related to neuronal activity. This study is the first to show FIX’s additional value 
in multicentre rs-fMRI analysis. By improving multicentre fMRI research and efficient reanalysis 
of acquired data, comparisons of rare diseases and at-risk populations will be more efficient and 
convenient, leading to a better insight in neurological disorders. Furthermore, as free data sharing 
is an upcoming way to create large rs-fMRI data sets (Biswal et al., 2010; The ADHD-200 
Consortium, 2012; Di Martino et al., 2014), FIX may be a valuable tool to ensure valid comparison 
of data acquired at different centres.
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Supplemental material

Supplemental Figure S5.1  Separate FWE corrected group differences (opposite page)
Maps show FWE corrected statistically significant (p < 0.05) differences between groups: without the use of FIX (A), after 
the use of FIX (B), and the interaction between FIX and group differences (C) for each of 15 RSNs. Colour bar represents 
significance. 
FIX, FMRIB’s ICA-based X-noiseifier; FMRIB, Functional Magnetic Resonance Imaging of the Brain Centre; FWE, family-
wise error; ICA, independent component analysis; RSN, resting-state network; TFCE, Threshold-free cluster enhancement.
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Supplemental Figure S5.2  Separate uncorrected group differences
Maps show uncorrected statistically significant (p < 0.05) differences between groups: without the use of FIX (A) and after 
the use of FIX (B) for each of 15 RSNs. Colour bar represents significance. 
FIX, FMRIB’s ICA-based X-noiseifier; FMRIB, Functional Magnetic Resonance Imaging of the Brain Centre; ICA, 
independent component analysis; RSN, resting-state network; TFCE, Threshold-free cluster enhancement.
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Supplemental Figure S5.3  Raw t-stats variability
Graphs show raw t-stats between groups (positive t-stats signify Dutch > English, negative t-stats signify English > Dutch) 
before and after FIX for each of 15 RSNs on a logarithmic scale. 
FIX, FMRIB’s ICA-based X-noiseifier; FMRIB, Functional Magnetic Resonance Imaging of the Brain Centre; ICA, 
independent component analysis; RSN, resting-state network.
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Abstract

Frontotemporal dementia (FTD) and Alzheimer’s disease (AD) are associated with divergent 
differences in grey matter volume, white matter diffusion, and functional connectivity. However, it 
is unknown at what disease stage these differences emerge. Here, we investigate whether divergent 
differences in grey matter volume, white matter diffusion, and functional connectivity are already 
apparent between cognitively healthy carriers of pathogenic FTD mutations, and cognitively 
healthy carriers at increased AD risk.

We acquired multimodal magnetic resonance imaging (MRI) brain scans in cognitively healthy 
subjects with (n = 39) and without (n = 36) microtubule-associated protein tau (MAPT) or 
progranulin (GRN) mutations, and with (n = 37) and without (n = 38) apolipoprotein E ε4 
(APOE4) allele. We evaluated grey matter volume using voxel-based morphometry, white matter 
diffusion using tract-based spatial statistics (TBSS), and region-to-network functional connectivity 
using dual regression in the default mode network and salience network. We tested for differences 
between the respective mutation carriers and controls, as well as for divergence of those differences. 
For the divergence contrast, we additionally performed region-of-interest TBSS analyses in known 
areas of white matter diffusion differences between FTD and AD (i.e., uncinate fasciculus, forceps 
minor, and anterior thalamic radiation).

MAPT/GRN mutation carriers did not differ from controls in any modality. APOE4 carriers had 
lower fractional anisotropy than controls in the callosal splenium and right inferior fronto-occipital 
fasciculus, but did not show grey matter volume or functional connectivity differences. We found 
no divergent differences between both carrier-control contrasts in any modality, even in region-of-
interest analyses. 
	 Concluding, we could not find differences suggestive of divergent pathways of underlying 
FTD and AD pathology in asymptomatic risk mutation carriers. Future studies should focus on 
asymptomatic mutation carriers that are closer to symptom onset to capture the first specific signs 
that may differentiate between FTD and AD. 

Keywords: microtubule-associated protein tau; progranulin; apolipoprotein E4; voxel-
based morphometry; diffusion tensor imaging (DTI); tract-based spatial statistics (TBSS); 
functional connectivity; dual regression; frontotemporal dementia; Alzheimer’s disease
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Introduction

Frontotemporal dementia (FTD) and Alzheimer’s disease (AD) are two of the most common causes 
of dementia (Lobo et al., 2000; Plassman et al., 2007; Seelaar et al., 2008; Vieira et al., 2013). In 
addition to distinct clinical features (Gorno-Tempini et al., 2011; McKhann et al., 2011; Rascovsky 
et al., 2011; Seelaar et al., 2011; Galimberti & Scarpini, 2012), FTD and AD demonstrate different 
patterns of functional and structural neurodegeneration on magnetic resonance imaging (MRI; 
Seeley et al., 2007; Zhang et al., 2009, 2011; Zhou et al., 2010; Mahoney et al., 2014; Möller et 
al., 2015b; Daianu et al., 2016; Tuovinen et al., 2017). Atrophy is more pronounced in FTD than 
in AD in frontotemporal areas such as the anterior cingulate cortex, fronto-insula, and inferior 
frontal cortex (Seeley et al., 2007; Zhang et al., 2011; Möller et al., 2015b). Conversely, AD patients 
have more atrophy in the occipital gyrus and precuneus than FTD patients (Zhang et al., 2011). 
In terms of white matter diffusion tensor imaging (DTI) alterations, FTD patients have reduced 
fractional anisotropy (FA) and increased radial diffusivity (RD) compared to AD patients in the 
uncinate fasciculi, forceps minor, and anterior thalamic radiation, whereas AD patients do not show 
FA decreases or RD increases compared to FTD patients (Zhang et al., 2009, 2011; Mahoney et al., 
2014; Möller et al., 2015b; Daianu et al., 2016). Furthermore, functional connectivity is inversely 
affected in FTD and AD. In FTD patients, functional connectivity with the salience network is 
disrupted, while functional connectivity with the default mode network is increased. Vice versa, 
functional connectivity with the default mode network is disrupted in AD patients, while functional 
connectivity with the salience network is increased (Zhou et al., 2010; Tuovinen et al., 2017). 

Despite these different patterns of neurodegeneration, the differentiation between FTD and AD 
is often demanding when patients first present in the memory clinic. For example, FTD patients 
may present with memory deficits (Graham et al., 2005; Le Ber et al., 2008), and as such may be 
misdiagnosed as AD patients ( Johnson et al., 1999). Conversely, AD patients may be misdiagnosed 
as FTD patients due to the presentation of behavioural symptoms. Indeed, 13% of initial FTD 
diagnoses were corrected to AD after two years follow-up (Mendez et al., 2007), while 10–30% 
of clinical FTD patients were found to have AD pathology upon autopsy (Forman et al., 2006; 
Knibb et al., 2006; Alladi et al., 2007). The current criteria for behavioural variant FTD (bvFTD; 
Rascovsky et al., 2011), and language FTD variants (Gorno-Tempini et al., 2011) lack specificity 
to distinguish early-stage FTD patients from early-stage AD patients (McKhann et al., 2011). This 
diagnostic problem delays effective disease management (Mohs et al., 2001; Mendez et al., 2007; 
Mendez, 2009; Pressman & Miller, 2014), and frustrates the development of new treatments. 
Considering that the potential of disease modifying drugs is highest in the stage before atrophy 
occurs, the identification of early-stage dementia patients is crucial for patient selection in clinical 
trials (Rabinovici & Miller, 2010).

To assess whether FTD- and AD-related pathological changes are present even before symptom 
onset, carriers of FTD and AD risk mutations have been studied using structural, diffusion-
weighted, and functional MRI (fMRI). For example, mutations in microtubule-associated protein 
tau (MAPT), progranulin (GRN), and repeat expansions in chromosome 9 open reading frame 
72 (C9orf72) are known causes of genetic FTD. Presymptomatic carriers of these mutations have 
therefore been regularly studied to investigate early-stage FTD-related pathology (Whitwell et al., 
2011a, b; Borroni et al., 2012; Dopper et al., 2014; Pievani et al., 2014). Similarly, mutations in 
presenilin 1, presenilin 2, and amyloid precursor protein are known causes of genetic AD. However, 
due to its higher prevalence, apolipoprotein E ε4 (APOE4), the strongest risk factor for sporadic 
AD, has been more extensively used to study early-stage AD-related pathology (Nierenberg et al., 
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2005; Cherbuin et al., 2008; Agosta et al., 2009; Filippini et al., 2009, 2011; Honea et al., 2009; 
Heise et al., 2011; Machulda et al., 2011; Trachtenberg et al., 2012; Matura et al., 2014). 

Contrary to findings in clinical FTD and AD (Zhang et al., 2009, 2011; Mahoney et al., 
2014; Möller et al., 2015b; Daianu et al., 2016), differences in diffusion metrics associated with 
asymptomatic APOE4 (Persson et al., 2006; Gold et al., 2010; Smith et al., 2010; Heise et al., 
2011; Adluru et al., 2014; Lyall et al., 2014; Laukka et al., 2015; Cavedo et al., 2017; Operto et al., 
2018) are more widespread than diffusion differences associated with asymptomatic MAPT/GRN 
mutation carriers (Dopper et al., 2014; Pievani et al., 2014). Functional connectivity differences 
have also been shown in these asymptomatic groups (Machulda et al., 2011; Dopper et al., 2014). 
However, a comparison between these presymptomatic patterns of change in risk mutation carriers 
for FTD and AD is lacking, even though early-stage differences between these dementias may aid 
early differential diagnosis. 

To this end, we investigated multimodal MRI in asymptomatic subjects at risk for FTD and 
AD. First, we aimed to replicate early carrier-control differences found between MAPT/GRN 
mutation carriers and controls, and between APOE4 carriers and controls, respectively, by assessing 
whole-brain grey matter volume, white matter DTI measures, and functional connectivity in the 
default mode network and salience network. Secondly, we investigated whether MAPT/GRN 
carrier-control differences diverged from APOE4 carrier-control differences, similar to FTD-AD 
differences. For the latter analysis, we additionally evaluated a priori selected white matter tracts 
known to be affected more strongly in FTD than AD (i.e., uncinate fasciculus, forceps minor, and 
anterior thalamic radiation). We hypothesised that the differences in grey matter volumes, DTI 
measures, and functional connectivity seen in FTD and AD patients (Seeley et al., 2007; Zhang 
et al., 2009, 2011; Zhou et al., 2010; Mahoney et al., 2014; Möller et al., 2015b; Daianu et al., 
2016; Tuovinen et al., 2017) may also be present to a smaller extent before symptom onset in risk 
mutation carriers. 
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Methods

Participants
Subjects were included retrospectively from studies carried out at the Leiden University Medical 
Centre (LUMC), The Netherlands, and at the Functional Magnetic Resonance Imaging of the 
Brain Centre (FMRIB), Oxford, UK. 

The Dutch sample included 39 MAPT/GRN mutation carriers (11 MAPT, 28 GRN) and 36 
controls, recruited from a pool of 160 healthy first-degree relatives of FTD patients with either 
MAPT or GRN mutation (Dopper et al., 2014). Participants were considered asymptomatic in 
the absence of (1) behavioural, cognitive, or neuropsychiatric change reported by the participant 
or knowledgeable informant, (2) cognitive disorders on neuropsychiatric tests, (3) motor neuron 
disease signs on neurologic examination, and (4) other FTD (Gorno-Tempini et al., 2011; Rascovsky 
et al., 2011) or amyotrophic lateral sclerosis (Ludolph et al., 2015) criteria. Asymptomatic non-
carriers from these families and the general population were assumed to have equal risk of developing 
dementia. MAPT/GRN mutation carriers and controls were not tested for APOE4 alleles.

Data from 37 APOE4 carriers (30 apolipoprotein E ε3/ε4 heterozygotes, 7 apolipoprotein E 
ε4/ε4 homozygotes) and 38 controls (all apolipoprotein E ε3/ε3 homozygotes) were collected in 
Oxford from the general population in Oxfordshire and were selected to match the Dutch sample 
in terms of age and sex. Due to the limited sample size, it was not possible to match the groups’ 
education level. Middle-aged and elderly APOE4 carriers and controls underwent a pre-screening 
cognitive test (Addenbrooke’s Cognitive Examination-revised version; Filippini et al., 2011; Heise 
et al., 2011) to assure asymptomatic status. APOE4 carriers and controls were not tested for MAPT/
GRN mutations.

In both cohorts, participants were between 21 and 70 years old. A priori exclusion criteria 
included MRI contraindications, head injury, current or past neurologic or psychiatric disorders, 
(history of ) substance abuse including alcohol, corticosteroid therapy, type I diabetes therapy, and 
memory complaints. 

The study was conducted in accordance with regional regulations and the Declaration of 
Helsinki. Written informed consent was received from all participants, and ethical approval for 
data acquisition was provided by the Medical Ethical Committees in Rotterdam and Leiden for 
MAPT/GRN data, and the National Research Ethics Service Committee South Central—Oxford 
C for APOE4 data. For further details regarding the recruitment protocols, see Dopper et al. (2014) 
for the Dutch sample and Filippini et al. (2011) for the English sample.

Image acquisition
MRI data were acquired with a Philips 3 T Achieva MRI scanner using an 8-channel SENSE 
head coil (MAPT/GRN mutation carriers and controls) or on a Siemens 3 T Trio scanner with a 
12-channel head coil (APOE4 carriers and controls). T1-weighted data were acquired with TR = 
9.8 ms, TE = 4.6 ms, flip angle = 8°, 140 axial slices, and voxel size = 0.88 × 0.88 × 1.20 mm for 
MAPT/GRN mutation carriers and controls, and using a magnetisation-prepared rapid gradient 
echo sequence (MPRAGE; TR = 2,040 ms, TE = 4.7 ms, flip angle = 8°, 192 axial slices, voxel size 
= 1 × 1 × 1 mm) in APOE4 carriers and controls. Diffusion-weighted images were acquired in 62 
directions with TR = 8,250–9,300 ms, TE = 80–94 ms, b-value = 1,000 s/mm2, flip angle = 90°, 
65–70 axial slices, and voxel size = 2 × 2 × 2 mm. For the resting-state functional MRI (rs-fMRI) 
scan, subjects were instructed to remain awake and keep their eyes closed (MAPT/GRN mutation 
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carriers and controls) or open (APOE4 carriers and controls), and to think of nothing in particular. 
We acquired 180–200 volumes with TR = 2,000–2,200 ms, TE = 28–30 ms, flip angle = 80–89°, 
and voxel size = 2.75 × 2.75 × 2.75 mm + 10% interslice gap or 3 × 3 × 3.5 mm.

Image analysis
FMRIB Software Library (FSL, http://www.fmrib.ox.ac.uk/fsl) tools were used for all data analyses 
( Jenkinson et al., 2012).

Grey matter volume analyses
Whole-brain voxel-wise structural analysis was carried out with FSL-VBM (Douaud et al., 2007), 
an optimised voxel-based morphometry protocol (Good et al., 2001) using FSL tools (Smith et al., 
2004). First, we performed brain extraction and grey matter segmentation, and registered images to 
the MNI152 standard space using linear (FLIRT) and nonlinear registration (FNIRT; Anderson et 
al., 2007). The resulting images were averaged and flipped along the x-axis to create a study-specific 
grey matter template. Native grey matter images were then re-registered to this template, modulated 
using the field-warp Jacobian, and smoothed using an isotropic Gaussian kernel with a sigma of 2.5 
mm (~ 6 mm full width at half maximum).

Diffusion tensor imaging
Diffusion-weighted imaging scans were processed using FMRIB’s Diffusion Toolbox (FDT, http://
www.fmrib.ox.ac.uk/fsl/fdt). First, we aligned raw diffusion weighted images to the b0-volume using 
‘eddy correct’ to correct for movement and eddy currents. Next, we fitted the diffusion tensor model 
to the images at each voxel to create modality-specific images for fractional anisotropy (FA), mean 
diffusivity (MD), axial diffusivity (AxD), and radial diffusivity (RD). For voxel-wise analysis of 
these images, we used tract-based spatial statistics (TBSS; Smith et al., 2006). After brain extraction, 
subjects’ individual FA images were transformed to standard space using FNIRT. A mean FA image 
was then created and thinned to generate a whole-brain mean FA skeleton, representing the centres 
of all white matter tracts common to all subjects. Individual aligned FA images were projected onto 
this skeleton for group analysis. Similar analyses were performed on MD, AxD, and RD maps using 
the spatial transformation parameters that were estimated in the FA analysis. For our region-of-
interest analyses, we masked the whole-brain skeleton with the combined masks of the uncinate 
fasciculi, forceps minor, and the bilateral anterior thalamic radiations, which have been shown to 
differ between FTD and AD patients in terms of DTI metrics (Zhang et al., 2009, 2011; Mahoney 
et al., 2014; Möller et al., 2015b; Daianu et al., 2016). 

Resting-state functional MRI
Prestatistical processing of resting-state data consisted of motion correction ( Jenkinson et al., 
2002), brain extraction, spatial smoothing using a Gaussian kernel of 6 mm full width at half 
maximum, 4D grand-mean scaling and high-pass temporal filtering corresponding to a period 
of 150s (~ 0.007 Hz). Registration to MNI152 standard space was carried out in two steps. We 
registered echo-planar images onto their respective T1-weighted structural images using FLIRT 
and boundary-based registration ( Jenkinson & Smith, 2001; Jenkinson et al., 2002; Greve & 
Fischl, 2009). Next, we used FNIRT to align T1-weighted structural images to MNI152 standard 
space, and concatenated the resulting registration matrices to register echo-planar images directly 
to standard space. Next, we performed individual independent component analysis (ICA) and 
voxel-wise intensity normalisation (i.e., by dividing all voxels by their time series’ mean values and 
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multiplying by 10,000). 
We used FMRIB’s ICA-based X-noiseifier (FIX; Griffanti et al., 2014; Salimi-Khorshidi et al., 

2014; Feis et al., 2015) to clean up noise components and reduce rs-fMRI scan site bias. For a 
detailed description and validation of FIX as a multicentre bias reduction method, see Feis et al. 
(2015). In short, we classified the individual ICA components of a subset of the subjects as signal, 
noise, or unknown, trained the FIX classifier, and used a leave-one-out test to control the algorithm’s 
quality. All subjects’ data were then classified using the optimal threshold (i.e., 20—true-positive 
rate 95.1%, true-negative rate 91.4%), and structured noise components were removed. 

After processing and application of FIX, rs-fMRI data were temporally concatenated and 
decomposed into 25 components using FSL’s group-level ICA tool (Hyvärinen, 1999; Beckmann 
& Smith, 2004; Beckmann et al., 2005) in order to identify large-scale patterns of functional 
connectivity. The resulting group-level ICA spatial maps were compared to previously described 
resting-state networks (Beckmann et al., 2005; Damoiseaux et al., 2006; Rytty et al., 2013; Tian 
et al., 2013; Bey et al., 2015), and we selected default mode network components and salience 
network components for dual regression analyses. The default mode network is disrupted in AD 
and enhanced in FTD, while the salience network is disrupted in FTD and enhanced in AD (Zhou 
et al., 2010; Tuovinen et al., 2017). Components that included the precuneus, posterior cingulate 
cortex, angular gyrus, medial prefrontal cortex, and hippocampus were regarded as parts of the 
default mode network. Components featuring the anterior cingulate cortex, supplementary motor 
area, and insula were considered linked to the salience network. We found three networks resembling 
the default mode network (e.g., the anterior, inferior, and posterior default mode network, Figure 
6.1A–C) and two networks resembling the salience network (e.g., the anterior and posterior salience 
network, Figure 6.1D–E). For these five resulting resting-state networks of interest, we performed 
dual regression to identify subject-specific spatial maps corresponding to the resting-state networks 
of interest (Beckmann et al., 2009; Filippini et al., 2009). First, the spatial maps derived from group-
level ICA were used as a spatial regressor in each subjects’ rs-fMRI data to obtain subject-specific 
time series describing the temporal dynamics for each component (Supplemental Figure S6.1, step 
1). Next, the time series found by spatial regression were used as a temporal regressor to find voxels 
associated with those time series for each subject (Supplemental Figure S6.1, step 2). As such, we 
used the group-level ICA networks of interest to obtain subject-specific spatial maps that allow 
for voxel-wise comparison. Statistical analysis of region-to-network functional connectivity group 
differences was then carried out by testing for the functional connectivity between the five resting-
state networks of interest and all other grey matter voxels. 

Statistical analysis
Statistical analysis of grey matter volume, DTI features, and rs-fMRI data was performed using 
general linear models, including age and education as confound regressors. Additionally, we added 
a voxel-wise covariate for grey matter volume to the functional connectivity analyses. We tested 
for differences between MAPT/GRN mutation carriers and controls, and for differences between 
APOE4 carriers and controls, respectively. Additionally, we tested for the differences between 
these respective carrier-control contrasts to evaluate whether these gene mutations have divergent 
effects on the brain in cognitively healthy carriers that might reflect early substrates of FTD or AD 
pathology. Since possible centre effects are equivalent for carriers and controls at each site, these 
effects cancel out when we compared the carrier-control effect at one site to the carrier-control 
effect at the other site. Consequently, unknown confounding factors such as scanner and population 
differences should have minimal influence on our results. 
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Pooling MAPT and GRN mutation carriers, and APOE4 heterozygotes and homozygotes in our 
carrier samples may have increased heterogeneity in our groups. To account for this possibility, we 
performed additional analyses with covariates encoding the difference between MAPT and GRN 
mutations, and between APOE4 hetero- and homozygosity.

Voxel-wise application of these general linear models to the data was performed using FSL 
randomise, a permutation-based non-parametric test (5,000 permutations). We set the family-wise 
error rate at 5% across space by using threshold-free cluster enhancement (Winkler et al., 2014) 
in all analyses. The alpha level required for statistical significance was set at 0.025 for all imaging 
analyses, which corresponds to an alpha level of 0.05 in a two-sided t-test, since randomise performs 
the permutation equivalent of a one-sided t-test. Minimal cluster size for significant results was set 
at 10 voxels.

SPSS version 24 (SPSS, Chicago, IL) was used for statistics performed on non-imaging 
(demographic) variables. Analysis of variance (ANOVA) tests were performed on normally 
distributed continuous variables (age and education) and included Bonferroni post-hoc tests. A chi-
square test was performed for sex. The alpha level required for statistical significance was set at 0.05.
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Figure 6.1  Resting-state networks
Maps illustrate the most informative slices of resting-state networks of interest that featured known default mode network 
and salience network regions and that were used for statistical testing after dual regression. 
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Results

Demographics
Demographic data for all groups are shown in Table 6.1. Age and sex did not differ between 
groups. Bonferroni post-hoc tests revealed significantly lower education level in years for MAPT/
GRN mutation carriers than APOE4 controls (p = 0.001), for MAPT/GRN controls than APOE4 
controls (p < 0.001), and for MAPT/GRN controls than APOE4 carriers (p = 0.001). 

Table 6.1  Participant demographics
  MAPT/GRN APOE4

Carriers 
n = 39a

Controls 
n = 36

Carriers 
n = 37b

Controls 
n = 38

p-value

Age, mean (SD) years 50.5 (10.0) 49.8 (11.3) 48.6 (10.3) 50.05 (10.5) 0.86

Sex, n (%) ♀ 23 (59%) 18 (50%) 20 (54%) 20 (53%) 0.89

Education, mean (SD) yearsc 14.0 (2.5) 12.6 (2.9) 15.5 (3.7) 16.8 (3.2) <0.001

APOE4, apolipoprotein E ε4; GRN, progranulin; MAPT, microtubule-associated protein tau.
a 11 MAPT, 28 GRN.
b 30 heterozygotes, 7 homozygotes.
c Scores of education level in years were missing for three MAPT/GRN mutation carriers and two MAPT/
GRN controls. 

Grey matter volume
We found no grey matter volume differences in MAPT/GRN mutation carriers compared to 
controls, in APOE4 carriers and compared to controls, nor were there differences between both 
contrasts. 

White matter diffusion
Tract-based spatial statistics revealed no FA, MD, AxD, or RD differences between MAPT/GRN 
mutation carriers and controls. However, we found four clusters of FA reductions in APOE4 
carriers compared to controls (Table 6.2, Figure 6.2). Three clusters were located in the forceps 
major, more specifically in right side of the callosal splenium, and one cluster was located in the right 
inferior fronto-occipital fasciculus. We found no significant differences between the MAPT/GRN 
and APOE4 carrier-control contrasts in our whole-brain analysis, nor in our region-of-interest 
analyses.

Functional connectivity
We found no differences in region-to-network functional connectivity in MAPT/GRN mutation 
carriers compared to controls, in APOE4 carriers compared to controls, nor between the two 
carrier-control contrasts in any of the five resting-state networks. 
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Table 6.2  Cluster information

Cluster Size Max t-statistic
MNI coordinates

L/R Area (peak voxel)
x y z

1 64 4.14 54 101 72 R IFOF

2 44 3.19 71 79 95 R Splenium

3 32 3.58 63 73 87 R Splenium

4 22 4.19 74 87 98 R Splenium

Cluster information for significant clusters of reduced FA in APOE4 carriers compared to controls. 
Minimum cluster size was 10. 
APOE4, apolipoprotein E ε4; FA, fractional anisotropy; IFOF, inferior fronto-occipital fasciculus.

Figure 6.2  White matter FA analysis
Differences in FA (or lack thereof ) are shown for each contrast (e.g., MAPT/GRN mutation carriers greater or smaller than 
controls; APOE4 carriers greater or smaller than controls; MAPT/GRN carrier-control differences greater or smaller than 
APOE4 carrier-control differences). Mean skeleton maps are shown in green; skeletonised significant results were thickened 
for better visualisation. Four clusters of FA reductions were found in APOE4 carriers compared to controls (middle left 
panel). Colour bar represents significance. 
APOE4, apolipoprotein E ε4; FA, fractional anisotropy; MAPT/GRN, microtubule-associated protein tau / progranulin.
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Heterogeneity analyses
Analyses including covariates for the difference between MAPT and GRN mutations, and between 
APOE4 hetero- and homozygosity yielded results similar to our main analyses. There were no grey 
matter volume differences between MAPT/GRN mutation carriers and controls, APOE4 carriers 
and controls, nor between the two carrier-control contrasts. APOE4 carriers had reduced FA in 
compared to controls (Supplemental Figure S6.2), though only one of the four clusters remained 
significant. We found no DTI differences between MAPT/GRN mutation carriers and controls, nor 
between the two carrier-control contrasts. We found no differences in region-to-network functional 
connectivity in MAPT/GRN mutation carriers compared to controls, APOE4 carriers compared to 
controls, nor between the carrier-control contrasts in any of the five resting-state networks.  

Data availability
All non-thresholded statistical images for grey matter volume, white matter diffusion, and functional 
connectivity results of our default analysis can be found on NeuroVault (Gorgolewski et al., 2015): 
https://neurovault.org/collections/NXLXKVCZ/.
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Discussion

Differences in atrophy, white matter diffusion, and functional connectivity patterns have been 
repeatedly shown between FTD and AD patients (Zhang et al., 2009, 2011; Zhou et al., 2010; 
Mahoney et al., 2014; Möller et al., 2015b; Daianu et al., 2016), and between asymptomatic 
mutation carriers at risk for these diseases and controls, e.g., MAPT and GRN mutation carriers 
(Whitwell et al., 2011a, b; Borroni et al., 2012; Dopper et al., 2014; Pievani et al., 2014); APOE4 
carriers  (Nierenberg et al., 2005; Cherbuin et al., 2008; Agosta et al., 2009; Filippini et al., 2009, 
2011; Honea et al., 2009; Heise et al., 2011; Machulda et al., 2011; Trachtenberg et al., 2012; 
Matura et al., 2014). However, comparisons between groups at risk for FTD and groups at risk 
for AD have been lacking, even though early-stage differences between these dementias are key to 
improve on diagnostic standards. In this study, we aimed to replicate previously found differences 
in asymptomatic mutation carriers at risk for FTD and AD compared to their respective control 
groups. More importantly, we investigated whether carrier-control differences diverged, similar to 
the divergences that exist between FTD and AD. While we could replicate some of the previously 
reported fractional anisotropy reductions in asymptomatic APOE4 carriers, we found no evidence 
of divergence between MAPT/GRN carrier-control differences and APOE4 carrier-control 
differences, even when restricting our DTI analysis to regions which are known to differ between 
FTD and AD patients. This may suggest that the neuroimaging biomarkers measured in this study 
are not sufficiently specific to differentiate between FTD-related pathology and pathology possibly 
related to AD at this early stage.

Our lack of differences between groups in grey matter volume were unsurprising. In asymptomatic 
risk mutation carriers, one would not expect dementia-related atrophy unless the mutation carrier 
would be close to symptom onset. Indeed, grey matter volume differences have not been reported in 
asymptomatic MAPT/GRN mutation carriers (Borroni et al., 2012; Dopper et al., 2014), though 
reports in asymptomatic APOE4 carriers have been conflicting. While some groups report no grey 
matter volume differences in asymptomatic APOE4 carriers (Cherbuin et al., 2008; Filippini et 
al., 2011; Heise et al., 2011; Matura et al., 2014), others found reduced grey matter volume in 
the hippocampus (Honea et al., 2009; Cacciaglia et al., 2018), lingual gyrus (Honea et al., 2009), 
precuneus (Honea et al., 2009; ten Kate et al., 2016), insula (ten Kate et al., 2016), caudate nucleus, 
precentral gyrus, and cerebellar crus (Cacciaglia et al., 2018). These conflicting findings may in part 
result from methodological differences, sample sizes, and the different age ranges between studies. 
Since disease modifying treatments aim to prevent atrophy, one would ideally aim to diagnose 
dementia patients before atrophy occurs to maximise potential treatment effect. Accordingly, 
biomarker research should focus on detecting substrates of neurodegeneration that precede atrophy 
and that may be reversible by future disease modifying treatments. 

White matter diffusion analyses yielded areas of reduced FA in APOE4 carriers compared to 
controls in the splenium of the corpus callosum, and in the right inferior fronto-occipital fasciculus. 
These results concur with previous reports in APOE4 carriers. FA reductions were most often 
reported in the corpus callosum, cingulum, and inferior fronto-occipital fasciculi (Persson et 
al., 2006; Gold et al., 2010; Smith et al., 2010; Heise et al., 2011; Adluru et al., 2014; Lyall et 
al., 2014; Laukka et al., 2015; Cavedo et al., 2017; Operto et al., 2018), while FA differences in 
the corticospinal tract (Heise et al., 2011; Laukka et al., 2015; Cavedo et al., 2017; Operto et al., 
2018) and superior longitudinal fasciculi (Heise et al., 2011; Cavedo et al., 2017; Operto et al., 
2018) were less frequently reported. We found no diffusion differences in MAPT/GRN mutation 
carriers compared to controls, in contrast to earlier work (Dopper et al., 2014; Pievani et al., 2014). 
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However, this might be explained by differences in methodology. One study found significant 
FA reductions only within certain pre-specified tracts, and, similar to our current study, found 
no whole-brain differences (Dopper et al., 2014). The other study found differences at p < 0.005 
uncorrected for multiple comparisons across space. Our analyses were performed with a more 
restrictive significance level, as we corrected for multiple comparisons across space using threshold-
free cluster enhancement, and used the statistical threshold appropriate for a two-sided test, which 
is not a standard procedure in neuroimaging (Chen et al., 2019). Interestingly, DTI alterations are 
larger in FTD patients than in AD patients (Zhang et al., 2009, 2011; Mahoney et al., 2014; Möller 
et al., 2015b; Daianu et al., 2016), while preclinical alterations in APOE4 carriers (Persson et al., 
2006; Gold et al., 2010; Smith et al., 2010; Heise et al., 2011; Adluru et al., 2014; Lyall et al., 
2014; Laukka et al., 2015; Cavedo et al., 2017; Operto et al., 2018) are more widespread than in 
MAPT/GRN mutation carriers (Dopper et al., 2014; Pievani et al., 2014). Recently, it has been 
postulated that white matter DTI differences in genetic FTD develop rather explosively in the years 
just prior to symptom onset (Feis et al., 2019b; Jiskoot et al., 2019). This might explain why in 
our sample, we found DTI differences in APOE4 carriers, but no DTI differences in MAPT/GRN 
mutation carriers. Although there were FA reductions in APOE4 carriers compared to controls, the 
difference was not strong enough to result in a difference between the MAPT/GRN carrier-control 
contrast and the APOE4 carrier-control contrast. We also performed region-of-interest analyses in 
the uncinate fasciculi, forceps minor, and bilateral anterior thalamic radiations, which were found 
to have FA reductions and RD increases in FTD patients compared to AD patients (Zhang et al., 
2009, 2011; Mahoney et al., 2014; Möller et al., 2015b; Daianu et al., 2016). However, even in these 
regions of interest, we could not find DTI differences between the MAPT/GRN carrier-control 
contrast and the APOE4 carrier-control contrast. As such, we could not conclude that MAPT/
GRN mutation carriership had a different effect on white matter diffusion metrics than APOE4 
carriership. 

It has been previously argued that the default mode network and the salience network are 
inversely correlated and both play a role in AD and FTD. Specifically, functional connectivity 
in the default mode network was reported to be reduced in AD patients and increased in FTD 
patients, whereas functional connectivity in the salience network was reported to be inversely 
affected: reduced in FTD patients and increased in AD patients (Zhou et al., 2010; Tuovinen et 
al., 2017). In asymptomatic APOE4 carriers, this inverse correlation was also shown. Functional 
connectivity with the default mode network was decreased and functional connectivity with the 
salience network was enhanced in APOE4 carriers compared to controls (Machulda et al., 2011). 
In asymptomatic MAPT and GRN mutation carriers, functional connectivity was reduced in the 
salience network, but no differences in the default mode network were found (Dopper et al., 2014). 
Based on these results, we hypothesised that functional connectivity in the default mode network 
and salience network would be ideal candidates to screen for early changes in asymptomatic risk 
mutation carriers. However, we found no evidence of functional connectivity differences, either 
between the respective carrier and control groups or divergent differences between the carrier-
control contrasts. This might in part be a power issue but could also be explained by population and 
methodological differences. For example, our sample was on average younger and had a broader age 
range than the APOE4 sample investigated by Machulda et al. (2011). Furthermore, we performed 
data-driven dual regression analyses, whereas both Machulda et al. (2011) and Dopper et al. (2014) 
performed seed-based analyses. While small seed areas are arbitrarily placed and may be subject to 
registration mismatch, dual regression networks are less sensitive to these issues due to their data-
driven origin. Indeed, dual regression is amongst the best functional MRI analysis techniques in 
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terms of test-retest reliability (Zuo et al., 2010; Zuo & Xing, 2014). Therefore, the most likely 
explanation of our functional connectivity results is that our groups were on average too far from 
symptom onset for functional connectivity alterations in the default mode network and salience 
network to robustly appear.

Strengths of this study include its unique design to pick up differences between FTD- and AD-
related pathology in asymptomatic populations, and the inclusion of control groups from both sites 
to deal with potential scan site bias. We performed specific region-of-interest analyses to increase 
power to find differences in DTI metrics. Furthermore, we used FIX (Griffanti et al., 2014; Salimi-
Khorshidi et al., 2014) to clean up structured noise (e.g., motion, artefacts) from rs-fMRI data 
to reduce scanner-based functional connectivity differences (Feis et al., 2015) and increase the 
signal-to-noise ratio. To account for possible heterogeneity resulting from pooling MAPT and 
GRN mutation carriers, and APOE4 hetero- and homozygotes, we performed additional analyses 
including covariates for the different mutation types. The results of these analyses were very similar 
to our main results, suggesting that the effect of genetic heterogeneity in our main analyses was 
altogether limited. Limitations must also be considered. Firstly, differences in penetrance and age 
of onset exist between MAPT/GRN and APOE4. MAPT and GRN mutations have an autosomal 
dominant inheritance pattern, and are highly penetrant (van Swieten et al., 2000; van Swieten & 
Heutink, 2008). On the other hand, APOE4 has a dose-dependent effect on lifetime AD risk. 
Heterozygous APOE4 carriers have an estimated lifetime risk for AD of approximately 25%, while 
APOE4 homozygosity is associated with an estimated lifetime risk of around 55% (Genin et al., 
2011). Therefore, it is unlikely that all APOE4 carriers from our sample will develop AD, which 
reduced our power to detect AD-related differences. For the same reason, it cannot be entirely ruled 
out that some of the differences associated with the APOE4 carriers do not reflect presymptomatic 
AD-related pathology. Information on MAPT/GRN mutation carriership was not available for 
APOE4 carriers and controls, and information on APOE4 carriership was not available for MAPT/
GRN mutation carriers and controls. Due to the infrequency of MAPT and GRN mutations, it is 
unlikely that APOE4 carriers or controls had an MAPT or GRN mutation. However, the frequency 
of the APOE4 allele in Caucasian populations is around 14% (Eisenberg et al., 2010), and it is likely 
that some of the MAPT and GRN mutation carriers and controls had an APOE4 allele. As MAPT/
GRN mutation carriers and controls were from the same families, the frequency of the APOE4 
alleles within these groups was most likely similar. Therefore, the effect of APOE4 on our MAPT/
GRN analyses is presumably small. The broad age range in our groups presents another limitation. 
FTD- or AD-related pathology may be absent or present in a lesser degree in young mutation 
carriers than in older mutation carriers, who are closer to symptom onset. However, even though 
a broad age range was present in our sample, physiological brain ageing effects are unlikely to have 
influenced our results. The four groups were matched for age, and age was added as confound 
covariate to the model. Therefore, physiological brain ageing effects should be equally distributed 
across groups and were accounted for in the model. In order to increase power, future neuroimaging 
research comparing FTD- and AD-related pathology in asymptomatic risk groups should contain 
clinical follow-up and conversion information, which will enable the inclusion of a time to onset 
variable to the model. 

Conclusion
Dementias are relentlessly progressive diseases for which no adequate treatments currently exist, and 
differentiation between various forms of dementia is clinically challenging. Recently, MRI has shown 
different patterns of grey matter atrophy, DTI alterations, and functional connectivity differences in 
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AD and FTD patients (Zhang et al., 2009, 2011; Zhou et al., 2010; Mahoney et al., 2014; Möller et 
al., 2015b; Daianu et al., 2016; Tuovinen et al., 2017). However, early differential identification of 
at-risk groups is key to study pathophysiological processes, develop disease modulating drugs and, 
eventually, identify patient groups that may benefit from these treatments. In the current study, we 
could not find differences suggestive of divergent pathways of underlying FTD and AD pathology 
in asymptomatic risk mutation carriers. 
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Supplemental material

Supplemental Figure S6.1  Dual regression
Subject-specific spatial maps for statistical testing are acquired from GICA spatial maps in two steps. First, GICA spatial maps 
are used as spatial regressor on each subject’s rs-fMRI data to obtain time series associated with those GICA components 
(step 1). Next, these time series are used as temporal regressor to obtain subject-specific spatial maps for each component 
(step 2). These maps are then used for voxel-wise statistical testing. 
GICA, group-level independent component analysis; rs-fMRI, resting-state functional magnetic resonance imaging. 
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Supplemental Figure S6.2  White matter FA analysis with mutation covariates
In this analysis, covariates for the differences between MAPT and GRN mutations, and between APOE4 hetero- and 
homozygosity were added to account for genetic heterogeneity. Differences in FA (or lack thereof ) are shown for each 
contrast (e.g., MAPT/GRN mutation carriers greater or smaller than controls; APOE4 carriers greater or smaller than 
controls; MAPT/GRN carrier-control differences greater or smaller than APOE4 carrier-control differences). Mean skeleton 
maps are shown in green; skeletonised significant results were thickened for better visualisation. One cluster of FA reductions 
was found in APOE4 carriers compared to controls (middle left panel). Colour bar represents significance. 
APOE4, apolipoprotein E ε4; FA, fractional anisotropy; MAPT/GRN, microtubule-associated protein tau / progranulin.
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Main findings

In this dissertation, we aimed to advance the development of potential magnetic resonance imaging 
(MRI-)based biomarkers for the early detection of frontotemporal dementia (FTD). We focused 
on machine learning with multimodal MRI features to study potential early FTD biomarkers in the 
single-subject setting that corresponds with the clinical diagnostic process. Furthermore, we aimed 
to facilitate the combination of existing resting-state functional MRI (rs-fMRI) data from different 
centres through structured noise reduction. Lastly, we tested whether presymptomatic MRI 
changes were different between cognitively healthy subjects at genetic risk for respectively FTD and 
Alzheimer’s disease (AD). In this chapter, the main findings of the studies in this dissertation are 
summarised and discussed. Critical considerations and future directions for neuroimaging research 
in FTD are also examined. 

Clinical translation of MRI-based biomarkers for early FTD diagnosis
The translation of promising biomarkers to clinical practice requires validation in a single-subject 
setting. Accordingly, classification studies with FTD patients and controls are becoming increasingly 
important in the FTD neuroimaging field. Classifiers based on grey matter volume (Raamana et al., 
2014; Klöppel et al., 2015; Koikkalainen et al., 2016; Bron et al., 2017; Canu et al., 2017; Meyer 
et al., 2017; Bouts et al., 2018), white matter diffusion (Bron et al., 2017; Canu et al., 2017; Bouts 
et al., 2018), and functional connectivity (Canu et al., 2017; Bouts et al., 2018) distinguish FTD 
patients from controls with high accuracy. However, previous classification studies relied on the 
current diagnostic criteria for patient inclusion, and may therefore not generalise to early FTD 
disease stages. On the other hand, multimodal MRI differences between groups of presymptomatic 
FTD mutation carriers and controls have been investigated (Borroni et al., 2008, 2012; Whitwell et 
al., 2011a; Rohrer et al., 2013, 2015; Dopper et al., 2014; Premi et al., 2014; Lee et al., 2017; Papma 
et al., 2017; Bertrand et al., 2018; Cash et al., 2018; Jiskoot et al., 2018a; Panman et al., 2019), 
though single-subject classification and prediction studies were lacking in the preclinical stage. 

In chapter 2, we studied classification in presymptomatic FTD mutation carriers (microtubule-
associated protein tau [MAPT] and progranulin [GRN] mutation carriers, and chromosome 9 
open reading frame 72 [C9orf72] repeat expansion carriers) and familial non-carriers using MRI-
based classification models. We found that several carrier-control models, which were based on 
white matter features, separated mutation carriers from controls beyond chance level. Importantly, 
this shows that single-subject classification is possible in the presymptomatic stage of genetic FTD. 
However, a classification model trained on symptomatic bvFTD patients and controls (Bouts et al., 
2018) did not outperform chance level when applied to the presymptomatic sample. This model 
included grey matter density (GMD), white matter diffusion, and functional connectivity features, 
highlighting that features that are important for the classification of symptomatic FTD patients are 
not necessarily useful in earlier stages. 

In chapter 3, we investigated how MRI-based classification scores develop over time as FTD 
mutation carriers approach symptom onset. We calculated MRI-based classification scores at each 
time point, and used linear mixed effects models to compare presymptomatic mutation carriers 
with non-carriers. We found that the progression of classification scores over time was similar for 
presymptomatic FTD mutation carriers and non-carriers. Within the mutation carrier group, 
we compared mutation carriers that developed symptoms during the study’s follow up (termed 
‘converters’) with mutation carriers that remained presymptomatic (‘non-converters’). We found 
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that classification scores in the converter group increased significantly more than in the non-
converter group. The results in chapter 3 show that MRI-based classification is sensitive to FTD-
related changes over time. Also, our results suggest that presymptomatic FTD mutation carriers 
remain relatively stable over time, until they are within a few years of symptom onset, when brain 
changes begin to rapidly develop. 

Since the converters had a large increase in classification scores over time compared to non-
converters, we hypothesised that it might be possible to use MRI features to predict future symptom 
onset in FTD mutation carriers. In chapter 4, we included MRI data of 42 presymptomatic FTD 
mutation carriers, and trained classifiers to separate those that developed symptoms within four 
years post-MRI from those that remained presymptomatic after four years. Although only seven 
subjects converted within the four years follow-up, it was still possible to separate these converters 
from non-converters beyond chance level using the fractional anisotropy (FA) feature. This proof 
of concept implies that accurate symptom onset prediction may be possible in genetic FTD once 
larger cohorts become available.

Our results in chapter 2–4 are consistent with the hypothesis that white matter changes predate 
and exceed grey matter atrophy in FTD. In presymptomatic FTD mutation carriers, differences in 
white matter diffusion tensor imaging (DTI) metrics are found in absence of grey matter atrophy 
(Borroni et al., 2008; Dopper et al., 2014), or exceed grey matter atrophy in magnitude (Pievani et 
al., 2014; Cash et al., 2018; Jiskoot et al., 2018a; Panman et al., 2019). In the years around symptom 
onset, grey matter atrophy starts increasing ( Jiskoot et al., 2019), though white matter DTI changes 
remain more extensive than grey matter atrophy in clinical FTD (Agosta et al., 2012; Zhang et al., 
2013; Mahoney et al., 2014). Although we did not statistically compare the different classification 
models to each other, it is striking that white matter features were the only ones to outperform 
chance level in our presymptomatic studies (chapter 2, 4). The best unimodal classification model 
to separate FTD mutation carriers from controls was based on the radial diffusivity (RD) feature 
(chapter 2), while multimodal models that outperformed chance included RD, white matter density 
(WMD), mean diffusivity (MD), and/or axial diffusivity (AxD). FA was the only feature that could 
predict which FTD mutation carriers would develop symptoms in four years’ time (chapter 4). 
A model trained on bvFTD patients and controls that also included the GMD feature could not 
discriminate between presymptomatic mutation carriers and controls, neither cross-sectionally 
(chapter 2), nor longitudinally (chapter 3). However, it did show a different classification score 
progression between mutation carriers that developed symptoms during follow-up and mutation 
carriers that remained presymptomatic (chapter 3). This result might be explained by the notion 
that grey matter atrophy only becomes detectable around the time of symptom onset. Together, our 
results and previous studies indicate that white matter DTI changes are likely the most promising 
MRI biomarker for early diagnosis in genetic FTD. 

Resting-state functional MRI data harmonisation across centres
In chapter 5, we applied ‘FIX’ (FMRIB’s ICA-based X-noiseifier), a novel clean-up tool for 
structured noise, on two MRI data sets of healthy controls from different centres to investigate 
whether it can improve rs-fMRI data harmonisation between centres. We showed that FIX removes 
structured noise, while retaining physiologically driven functional connectivity differences. FIX 
reduced nearly all functional connectivity differences to non-significant levels, with the exception 
of functional connectivity differences in the visual network. These visual network differences were 
likely physiological differences secondary to the experimental design, as one sample was scanned 
with eyes open, while the other was scanned with eyes closed.
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Recently, several other data harmonisation tools have been proposed, such as ICA-AROMA 
(Pruim et al., 2015) and ComBat ( Johnson et al., 2007; Yu et al., 2018). FIX and ICA-AROMA are 
both specifically designed for the denoising of rs-fMRI data using independent component analysis 
(ICA), while ComBat has been validated for DTI (Fortin et al., 2017), cortical thickness (Fortin et 
al., 2018), and functional connectivity (Yu et al., 2018) analyses. Further research should establish 
whether the combination of FIX and ComBat further enhances the quality and reproducibility of 
rs-fMRI, or whether combining these steps would prove redundant.

In new multicentre studies, the standardisation of protocols across centres is important to reduce 
noise as much as possible (Wegner et al., 2008; Zivadinov & Cox, 2008; Glover et al., 2012). 
However, our results in chapter 5 and other data harmonisation studies (Pruim et al., 2015; Fortin 
et al., 2017, 2018; Yu et al., 2018) suggest that reanalysis of existing non-standardised rs-fMRI data 
may also be possible across sites. This possibility will especially be important to facilitate the valid 
comparisons of rare diseases and at-risk populations. 

Neuroimaging biomarkers for differential diagnosis of FTD and AD
On MRI, FTD and AD are characterised by divergent patterns of structural and functional 
neurodegeneration in terms of grey matter atrophy (Zhang et al., 2011; Möller et al., 2015b), 
white matter degeneration (Zhang et al., 2011; Möller et al., 2015b; Daianu et al., 2016), and 
functional connectivity (Zhou et al., 2010). Grey matter atrophy is greater in FTD patients in the 
orbitofrontal, inferior and medial frontal gyrus, the anterior cingulate gyrus, caudate nucleus, and 
the nucleus accumbens (Zhang et al., 2011; Möller et al., 2015b), while AD patients have more 
grey matter atrophy in the bilateral occipital gyri and the left precuneus (Zhang et al., 2011). White 
matter changes are more abundant in FTD patients than AD patients. FTD patients have stronger 
diffusion abnormalities than AD patients in the uncinate fasciculi, forceps minor, and anterior 
thalamic radiation, while there are no areas that clearly show the opposite pattern (Zhang et al., 
2011; Möller et al., 2015b; Daianu et al., 2016). Furthermore, functional connectivity in the default 
mode network and salience network are inversely affected in AD and FTD. In AD, functional 
connectivity in the default mode network is disrupted, while functional connectivity in the salience 
network is increased. Conversely, functional connectivity in the salience network is disrupted in 
FTD, while functional connectivity in the default mode network is increased (Zhou et al., 2010). 

If present in early FTD and AD stages, these diverging patterns might serve as biomarkers to 
differentiate between FTD and AD. In chapter 6, we investigated grey matter atrophy, white 
matter diffusion, and functional connectivity in cognitively healthy subjects at risk for FTD 
(i.e., MAPT and GRN mutation carriers) and AD (i.e., apolipoprotein E ε4 [APOE4] carriers). 
However, we found no evidence for diverging patterns between the at-risk groups for FTD and 
AD in our cross-sectional sample. To gain more insight into the early differences between FTD and 
AD neuropathological processes, longitudinal studies in genetic at-risk groups may be required. 
Alternatively, memory clinic cohorts, especially patients without dementia diagnosis at first 
presentation, may provide the means to longitudinally study early stages of sporadic FTD and AD 
(Handels et al., 2012). 

Explosive onset of neuropathology in genetic FTD
In genetic FTD, widespread presymptomatic changes were found in large samples of mutation 
carriers (Rohrer et al., 2015; Cash et al., 2018; Jiskoot et al., 2018a). However, in smaller samples, 
similar presymptomatic changes were generally not found (Borroni et al., 2008; Whitwell et al., 
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2011a; Dopper et al., 2014; Panman et al., 2019), unless subjects were near symptom onset ( Jiskoot 
et al., 2019). These results have led to the hypothesis that detectable neurodegenerative processes 
may start relatively shortly before symptom onset in genetic FTD. Our results further corroborate 
this hypothesis. We did not find convincing presymptomatic differences on multimodal MRI 
between presymptomatic FTD mutation carriers and non-carriers (chapter 6), and classification 
performance was modest though above chance level (chapter 2). Moreover, classification scores 
progressed similarly for presymptomatic mutation carriers and controls, unless the mutation carriers 
were near symptom onset, in which case the scores rose steeply (chapter 3). Finally, it was possible 
to predict symptom onset in presymptomatic mutation carriers within a timespan of four years 
beyond chance level, even in a small sample (chapter 4). These results might seem slightly at odds 
with large group studies in the Genetic Frontotemporal dementia Initiative (GENFI; Rohrer et al., 
2013), which reported grey matter volume loss from up to 10 years before estimated symptom onset 
(Cash et al., 2018), and white matter DTI changes from up to 30 years before estimated symptom 
onset ( Jiskoot et al., 2018a). Indeed, the acquisition of large data sets enables the detection of very 
small differences in group studies. However, these early and small differences are not necessarily 
useful for classification in the single-subject setting due to small effect sizes and large individual 
variance. 

So far, few FTD mutation carriers have developed symptomatic FTD in longitudinal studies 
(chapter 3, 4). Given the explosive rate in which neurodegeneration develops in the years prior 
to symptom onset, continuation of these studies is crucial to develop more accurate and robust 
classification and prediction models.
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Sample size
For machine learning purposes (chapters 2, 3, and particularly chapter 4), we had relatively few 
data. Cross-validation crucially minimises overfitting in classification analyses, but leads to model 
uncertainty, especially in small sample sizes (Varoquaux, 2018). This resulted in low power to find 
classification models that statistically outperformed chance level, which may have resulted in false 
negative findings in chapters 2, 4. On the other hand, MAPT and GRN mutations, and C9orf72 
repeat expansion are each associated with its distinct neurodegenerative pattern (Seelaar et al., 2011; 
Whitwell et al., 2012; Jiskoot et al., 2018a), and one might argue that pooling them may have biased 
our outcomes towards the largest group, in our case the GRN mutation carriers, and introduced 
additional heterogeneity. As such, our small sample size led to methodological imperfections from 
both clinical and statistical perspectives. We balanced these two interests to present a unique proof 
of concept that presymptomatic changes in FTD mutation carriers can be detected on the single-
subject level. 

Longitudinal MRI data acquisition is expensive and presents a psychological burden for these rare 
mutation carriers. Therefore, our results are important as a proof of concept that longitudinal MRI 
acquisition may aid the development of early diagnostic FTD biomarkers. When more data become 
available, stratification of classification analyses across mutations, underlying frontotemporal lobar 
degeneration (FTLD) pathologies, and clinical FTD syndromes may lead to more accurate and 
robust models through increased homogeneity. Moreover, the combination of overlapping (Elahi et 
al., 2017) and diverging (Whitwell et al., 2010; Galantucci et al., 2011; Zhang et al., 2011; Mahoney 
et al., 2014; Tu et al., 2015; Daianu et al., 2016; Omer et al., 2017) neuroimaging changes associated 
with the different FTD syndromes may facilitate hierarchical classification in presymptomatic FTD 
mutation carriers, as has already been done in symptomatic AD and FTD variants (Kim et al., 2019). 
The low prevalence of FTD mutation carriers and heterogeneity within and between mutations 
are considerable challenges for the validation of potential biomarkers. However, advances in data 
harmonisation techniques will make it easier to combine neuroimaging data (chapter 5; Fortin et 
al., 2017, 2018; Yu et al., 2018) within and perhaps between large consortia, such as GENFI (Rohrer 
et al., 2013; Europe and Canada), and the Advancing Research and Treatment for Frontotemporal 
Lobar Degeneration / Longitudinal Evaluation of Familial Frontotemporal Dementia Subjects 
(ARTFL/LEFFTDS; Staffaroni et al., 2019; USA and Canada) cohorts. 

Diffusion imaging
In this dissertation, especially chapters 2, 4, we speculate that white matter diffusion metrics are 
the most promising biomarkers for early diagnosis in genetic FTD. We investigated white matter 
diffusion characteristics using the DTI model (Basser et al., 1994) in conjunction with tract-based 
spatial statistics (TBSS; Smith et al., 2006). However, both methods have their limitations. For 
example, when using a study-specific TBSS skeleton (e.g., in chapter 6), white matter pathology in 
the tract centres of patients or mutation carriers may influence the skeletonisation step, thus biasing 
results (Bach et al., 2014). In chapters 2–4, we used a predefined white matter skeleton to circumvent 
this problem. More general problems with DTI include the inability of DTI metrics such as FA to 
differentiate between intrinsic white matter properties and fibre coherence (Dell’Acqua & Tournier, 
2019). Recent advances in diffusion MR acquisition, such as multiband excitation (Feinberg et al., 
2010; Sotiropoulos et al., 2013), and modelling, such as spherical deconvolution (Tournier et al., 
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2007; Dell’Acqua et al., 2010; Zhang et al., 2012; Raffelt et al., 2015; Dell’Acqua & Tournier, 2019), 
provide solutions to these problems, but have not been extensively used yet in clinical populations 
(Mito et al., 2018). We believe it is crucial to adopt these new diffusion MRI techniques in future 
studies involving FTD patients and presymptomatic mutation carriers to validate our results using 
novel white matter metrics that better capture microstructural white matter changes.

Classification analyses
For our classification analyses in chapters 2–4, we used elastic net (Zou & Hastie, 2005; Friedman 
et al., 2010), a type of regularised logistic regression, on multimodal MRI features in a repeated 
nested cross-validation scheme. Here, we review some strengths and limitations to this approach, 
and discuss the features we used. 

Elastic net combines L1 (lasso; Tibshirani, 1996) and L2 (ridge; Hoerl & Kennard, 1970) 
penalties to regularise feature inclusion and the weight of each feature. The resulting models only 
include a subset of all features, which is essential when the number of features exceeds the number 
of subjects. However, though regularisation aids model performance and generalisation, it hinders 
the interpretability of the classification model (Shmueli, 2010). When redundant information is 
encoded in multiple correlated features, regularised regression models will minimise the sum of 
prediction error and penalty by including only one of these features in the classification model. 
Therefore, the features’ beta weights in the classification model do not reliably indicate how 
meaningful the included features are. In neuroimaging classification studies, high beta weights in 
certain features, such as hippocampal atrophy, are sometimes claimed to verify the model’s biological 
validity. In our work, we have tried to refrain from bold claims based on the classification models’ 
beta weights. 

We performed all classification analyses in a nested cross-validation scheme to ensure we did 
not overfit our classification models (Kriegeskorte et al., 2009). We used the inner loop of the 
cross-validation to tune the hyperparameters, and the outer loop to fit and test the classification 
model. As such, the outer loop test set is used for neither hyperparameter tuning, nor training. 
The drawback of cross-validation is that data partitioning increases variance, resulting in increased 
model uncertainty, especially in smaller samples (Varoquaux, 2018). We repeated the entire cross-
validation procedure 50 times to reduce the variability arising from the random partitioning in 
training and test folds. 

In addition to applying a nested cross-validation approach, we took further care to avoid overfitting 
by using feature selection procedures that reduced the data’s dimensionality without relying on class 
differences in our sample. To define grey and white matter features, we used anatomical atlases, 
while we used an unsupervised data-driven ICA (Beckmann & Smith, 2004) approach to define 
functional connectivity features. Our grey matter classification features consisted of GMD in 96 
regions defined by the Harvard-Oxford cortical atlas, and grey matter volume in 14 subcortical 
volumes using FSL FIRST segmentations. White matter features included WMD and diffusion 
metrics (i.e., FA, MD, AxD, and RD) in 20 Johns-Hopkins university white matter atlas tracts. 
Functional connectivity features comprised full and partial (i.e., L1-regularised; J. Friedman et al., 
2008) correlations between 70 (chapter 2, 3) or 20 (chapter 4) ICA components. 

We chose these specific features based on earlier work, in which AD patients were classified from 
controls (Schouten et al., 2016; Bouts et al., 2018), and FTD patients were classified from controls 
and AD patients (Bouts et al., 2018). In the FTD field, no comparisons have been made between 
different features of grey matter structure, white matter diffusion, or functional connectivity. 
Therefore, higher performances than reported in this dissertation might be possible with a different 
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feature selection. However, in comparative AD classification studies for grey matter structure (de 
Vos et al., 2016), white matter diffusion (Schouten et al., 2017), and functional connectivity (de Vos 
et al., 2018) features, the features used here performed generally well.

Diagnostic uncertainty
In chapters 3, 4, we included the data of MAPT and GRN mutation carriers that had converted 
to FTD. Conversion was carefully determined by a multidisciplinary team according to the newest 
criteria for bvFTD (Rascovsky et al., 2011), primary progressive aphasia variants (Gorno-Tempini 
et al., 2011), and amyotrophic lateral sclerosis (Ludolph et al., 2015), which are also used in the 
clinic. The use of these diagnostic criteria may have introduced some circularity to our results, 
as atrophy on neuroimaging is one of the diagnostic criteria on which conversion was defined. 
However, a strength of this approach is that it facilitates the comparison to other studies and 
simplifies replication.
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Conclusions

Neuroimaging group analyses in presymptomatic FTD mutation carriers have taught us much about 
the early pathways of FTLD neuropathology. This dissertation aimed to advance the development 
of presymptomatic MRI-based biomarkers for FTD towards clinical application through the use 
of machine learning. Importantly, eventual clinical implementation of machine learning seems 
straightforward, as machine learning can combine multiple complementary inputs (e.g., different 
MRI-based features) to calculate a single diagnostic score per subject. We showed that multimodal 
MRI-based biomarkers can identify presymptomatic FTD mutation carriers on the individual level, 
and are sensitive to increasing FTLD pathology over time. Moreover, we found that diffusion MRI 
can predict symptom onset within 4 years in genetic FTD. Finally, we showed that the reduction of 
structured noise in rs-fMRI aids the combination of such data in multicentre studies. Though our 
findings require replication in larger cohorts, this dissertation provides the optimistic prospect that 
neuroimaging FTD biomarkers may aid timely FTD diagnosis in individual patients.
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Samenvatting

Frontotemporale dementie (FTD) is een heterogene neurodegeneratieve ziekte die zich kenmerkt 
door degeneratie van de frontale en temporale hersenkwabben, resulterend in gedragsstoornissen 
(gedragsvariant FTD; Engelse afkorting bvFTD) en taalstoornissen (primaire progressieve afasie; 
PPA). Daarnaast ontwikkelen sommige FTD-patiënten symptomen van andere neurologische 
ziekten zoals atypische parkinsonismen of amyotrofe lateraalsclerose. FTD-patiënten ontwikkelen 
hun eerste symptomen vaak voor de leeftijd van 65 jaar, en zijn daarmee in het algemeen jonger 
dan patiënten met andere vormen van dementie zoals de ziekte van Alzheimer. In vroege stadia 
is de diagnose FTD echter lastig te stellen vanwege de grote variatie in symptomen, welke veelal 
overlappen met psychiatrische ziektes en andere dementies. 

Momenteel zijn er geen bewezen effectieve therapieën om FTD te remmen of te genezen. 
Niettemin is de kennis over de ontstaanswijze van FTD in de afgelopen jaren fors toegenomen, en 
wordt steeds meer onderzoek gedaan naar ziektemodificerende therapieën. Dit zijn medicijnen die 
onderliggende pathologische processen van FTD (zoals eiwitstapeling) trachten te remmen, om te 
voorkomen dat hersencellen afsterven. Een probleem bij de ontwikkeling van ziektemodificerende 
therapieën is dat FTD-patiënten ten tijde van diagnose vaak al onomkeerbare hersenschade (ook 
wel hersenatrofie genoemd) hebben, terwijl deze medicijnen juist bedoeld zijn om atrofie te 
voorkomen. Voor de ontwikkeling van ziektemodificerende therapieën is het daarom cruciaal om 
FTD-patiënten in een vroeger stadium te kunnen diagnosticeren. 

Ongeveer 10–30% van alle FTD-patiënten heeft een familiaire vorm, welke meestal wordt 
veroorzaakt door mutaties in de genen microtubule-associated protein tau (MAPT), progranuline 
(GRN), of een repeat-expansie in het gen chromosoom 9 open reading frame 72 (C9orf72). Deze 
genetische vormen van FTD bieden de unieke mogelijkheid om mutatiedragers te onderzoeken 
in een presymptomatisch stadium, waarin wel al pathologische veranderingen optreden, maar 
mutatiedragers nog geen symptomen hebben. Op deze manier kunnen biomarkers ontwikkeld 
worden die het mogelijk maken om FTD in een vroeg stadium op te sporen, ziekteprogressie te 
volgen, of het effect van medicatie te evalueren. Dit proefschrift stelt zich ten doel de ontwikkeling 
van magnetic resonance imaging (MRI-)biomarkers voor de vroege opsporing van FTD te bevorderen. 

Hoofdstuk 1 geeft een algemene introductie over FTD en beschrijft de doelen van de 
verschillende studies binnen dit proefschrift. 

In hoofdstukken 2–4 onderzochten we of MRI-biomarkers voor FTD op individueel 
niveau diagnostische waarde hebben om FTD-gerelateerde verschillen aan te tonen in het 
presymptomatische stadium van de ziekte. Traditionele groepsstudies hebben inzicht verschaft in de 
processen die in vroege stadia van FTD optreden, en hebben op basis daarvan potentiële biomarkers 
aangedragen. De translatie van deze potentiële biomarkers naar de klinische praktijk vergt validatie 
in een individuele setting. Dat wil zeggen dat biomarkers een betrouwbare diagnostische uitspraak 
moeten kunnen doen over een individu. 

In hoofdstuk 2 gebruikten we MRI-maten om te classificeren of een persoon drager is van een 
FTD-mutatie (MAPT mutatie, GRN mutatie of C9orf72 repeat-expansie) of niet-drager is. De 
classificatie overtrof kansniveau, hoewel deze nog niet accuraat genoeg was voor klinisch gebruik. 
De best presterende classificatiemodellen waren gebaseerd op maten van de witte stof. 

Vervolgens hebben we in hoofdstuk 3 hetzelfde cohort een aantal jaren gevolgd om te onderzoeken 
hoe de classificatiescore (i.e. de uitkomst van een classificatiemodel) zich zou ontwikkelen in 
mutatiedragers en controles. De classificatiescores van mutatiedragers die gezond bleven tijdens 
de studie en niet-dragers gedroegen zich niet verschillend mettertijd. Een aantal mutatiedragers 
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converteerden echter gedurende de studie naar FTD: bij hen werd symptomatische FTD vastgesteld. 
Vergeleken met de gezonde mutatiedragers lieten deze converterende mutatiedragers gaandeweg 
een sterke stijging in classificatiescores zien. Dit resultaat onderschreef ons vermoeden dat FTD-
mutatiedragers—voor wat betreft MRI-afwijkingen—lange tijd stabiel blijven tot enkele jaren voor 
conversie, en vervolgens op explosieve wijze afwijkingen ontwikkelen. 

Gezien dit explosieve karakter van MRI-veranderingen vroegen we ons af of het mogelijk zou zijn 
om, met behulp van MRI-maten, toekomstige conversie te voorspellen in FTD-mutatiedragers op een 
moment dat ze nog gezond waren. In hoofdstuk 4 onderzochten we MRI-data van mutatiedragers 
die na vier jaar nog gezond waren, en van mutatiedragers die na vier jaar geconverteerd waren naar 
FTD. Het bleek mogelijk om beter dan kans te voorspellen wie wel en niet binnen vier jaar zou 
converteren met behulp van diffusiegewogen MRI van de witte stof. Hoewel deze studie in grotere 
onderzoekspopulaties herhaald moet worden ter bevestiging, biedt dit resultaat perspectief om 
FTD-mutatiedragers te includeren in geneesmiddelenonderzoek voordat ze hersenatrofie hebben. 

In hoofdstuk 5 beoogden we de vergelijkbaarheid van resting-state functional MRI (rs-fMRI; 
MRI waarmee wordt gemeten hoe verschillende hersengebieden samenwerken als functionele 
netwerken) data tussen MRI-scanners te bevorderen, zodat data van verschillende centra gezamenlijk 
geanalyseerd kunnen worden. Hiertoe pasten we FIX (FMRIB’s ICA-based X-noiseifier) toe op rs-
fMRI data van verschillende scanners. FIX is een methode om gestructureerde ruis, afkomstig van 
hardware- en softwareverschillen tussen scanners, te reduceren. Vrijwel alle verschillen in functionele 
connectiviteit tussen de twee centra waren na toepassing van FIX verminderd tot niet-significante 
niveaus. De overgebleven significante verschillen bevonden zich voornamelijk in het visuele 
netwerk en waren zeer waarschijnlijk een gevolg van een verschil in scanprotocol. De ene groep was 
namelijk met de ogen open gescand, terwijl de andere groep met de ogen dicht was gescand. Onze 
resultaten demonstreren dat FIX gestructureerde ruis reduceert, terwijl fysiologische verschillen in 
functionele connectiviteit behouden blijven. FIX lijkt daarom een geschikte methode om rs-fMRI 
data van verschillende centra te harmoniseren.

Tot slot onderzochten we potentiële biomarkers voor de differentiatie tussen vroege stadia van 
FTD en de ziekte van Alzheimer. FTD-patiënten hebben een ander patroon van MRI-afwijkingen 
in de grijze stof, witte stof en qua functionele connectiviteit dan patiënten met de ziekte van 
Alzheimer. In hoofdstuk 6 onderzochten we of deze verschillende patronen van afwijkingen ook 
aanwezig zijn in gezonde groepen met genetisch risico op deze ziektes. Hoewel we veranderingen 
vonden in de witte stof van dragers van apolipoprotein E ε4 (APOE4; risicoallel voor de ziekte 
van Alzheimer) ten opzichte van hun controlegroep, waren deze veranderingen niet sterk genoeg 
om een uiteenlopend patroon aan te tonen ten opzichte van een groep MAPT- en GRN-dragers 
met genetisch risico op FTD. Gezien het transversale karakter van de studie was geen informatie 
beschikbaar over het klinisch verloop bij deze personen. Het is aannemelijk dat veel dragers nog te 
jong waren om al afwijkingen te vertonen gerelateerd aan FTD of de ziekte van Alzheimer. Om te 
onderzoeken in welk stadium patronen van MRI-afwijkingen onderscheidend worden tussen FTD 
en de ziekte van Alzheimer is daarom longitudinaal onderzoek nodig in genetische risicogroepen.

Hoofdstuk 7 beschrijft de conclusies van dit proefschrift, plaatst kritische noten bij de gebruikte 
methoden en doet aanbevelingen voor toekomstig onderzoek. Concluderend demonstreerden 
we dat MRI-biomarkers presymptomatische FTD-mutatiedragers op individueel niveau kunnen 
identificeren, dat deze biomarkers sensitief zijn voor een toename van FTD-gerelateerde MRI-
veranderingen over de tijd en zelfs kunnen voorspellen welke FTD-mutatiedragers binnen vier 
jaar zullen converteren. Verder onderzoek in grotere steekproeven zal moeten aantonen of deze 
classificatiemodellen nauwkeuriger worden als ze worden toegespitst op één type genmutatie of op 
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één klinische FTD-variant. Daarnaast levert dit proefschrift aanvullend bewijs voor de hypothesen 
dat de ontwikkeling van MRI-veranderingen in het brein kort voor de conversie explosief accelereert, 
en dat diffusie-MRI de meest veelbelovende maat is om vroege veranderingen in genetische FTD 
op te sporen. Tot slot toonden we aan dat de reductie van gestructureerde ruis het mogelijk maakt 
om rs-fMRI data van meerdere centra te combineren. Hoewel onze bevindingen bevestiging nodig 
hebben in grotere steekproeven, biedt dit proefschrift het optimistische vooruitzicht dat MRI-
biomarkers kunnen helpen om FTD in een vroeger stadium te diagnosticeren.
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Chapter 8

Summary

Frontotemporal dementia (FTD) is a heterogeneous neurodegenerative disease characterised by the 
progressive degeneration of the frontal and temporal lobes, which results in behavioural (behavioural 
variant FTD; bvFTD) and language (primary progressive aphasia; PPA) disorders. Additionally, 
FTD patients may develop concurring symptoms of atypical parkinsonism or amyotrophic lateral 
sclerosis. Patients with FTD are generally younger than patients with different types of dementia, as 
the typical age of FTD onset is below 65 years. Still, FTD is difficult to diagnose in early stages, as 
symptoms may vary and overlap with psychiatric disease and/or other dementias.

No effective therapies currently exist to cure FTD or slow disease progression. However, our 
knowledge of FTD pathophysiology has increased substantially over the past decades, and increasing 
efforts are currently made to develop disease modifying treatments. These treatments aim to inhibit 
or reverse underlying pathological FTD processes, e.g., protein accumulation, in order to prevent 
neuronal cell death. A major challenge to developing disease modifying treatments is the presence 
of atrophy (i.e., irreversible brain damage) at the time of FTD diagnosis, which limits the window 
of opportunity for treatment. Therefore, reliably diagnosing FTD at an earlier stage (specifically, 
before atrophy occurs) is crucial for the development of disease modifying treatments.

Approximately 10–30% of all FTD patients have a familial form, which is often caused by 
mutations in the genes microtubule-associated protein tau (MAPT), progranulin (GRN), or 
a repeat expansion in the gene chromosome 9 open reading frame 72 (C9orf72). Genetic FTD 
families offer the unique opportunity to study mutation carriers in a presymptomatic stage, where 
early pathological changes may already occur, but subjects are cognitively healthy. Thus, biomarkers 
may be developed for early detection of FTD, disease progression, and treatment effect evaluation. 
This dissertation aims to advance the development of magnetic resonance imaging (MRI-)based 
biomarkers for the early detection of FTD. 

In chapter 1, a general introduction of FTD is given and the goals of the studies within this 
dissertation are described.

Chapters 2–4 describe studies in which we investigated whether MRI biomarkers for FTD have 
diagnostic value on the single-subject level to detect FTD-related differences in the presymptomatic 
disease stage. Traditional group studies have provided insight in the processes that occur in early 
stages of FTD, and have suggested potential biomarkers for early detection. The translation of these 
potential biomarkers requires validation in the individual setting, i.e., biomarkers need to be able to 
make reliable diagnoses in individuals. 

Chapter 2 describes the use of MRI measures to classify whether or not a subject is carrier of a 
pathogenic FTD gene mutation (MAPT mutation, GRN mutation, or C9orf72 repeat expansion). 
The classification was beyond chance level, though not sufficiently accurate for clinical use. The best 
performing classification models were based on white matter measures. 

Next, we followed the same cohort over time in chapter 3 to study how the classification score, 
i.e., the outcome of the classification model, develops over time in FTD mutation carriers and non-
carriers. The classification scores of mutation carriers who remained cognitively healthy during the 
study and the classification scores of non-carriers did not differ over time. However, some mutation 
carriers converted during the study: they were diagnosed with symptomatic FTD. Compared 
to the healthy mutation carriers, these converting mutation carriers showed a strong increase in 
classification score over time. This result confirmed our suspicion that FTD mutation carriers, in 
terms of MRI changes, remain relatively stable until a couple of years before conversion, after which 
neuropathological changes progressively develop. 
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Given the accelerating nature of MRI changes leading up to symptom onset, we wondered whether 
we could use MRI measures to predict conversion in FTD mutation carriers at a time when they 
were still healthy. In chapter 4, we studied MRI data of FTD mutation carriers who were still 
healthy after four years of follow-up, and of mutation carriers that had converted to FTD after four 
years. We found it was possible to predict beyond chance level who would and would not convert 
to FTD within four years, using diffusion-weighted MRI of the white matter. While this study 
should be replicated in a larger sample for confirmation, this result offers perspective to include 
FTD mutation carriers in clinical trials before brain atrophy occurs. 

In chapter 5, we aimed to advance the combination of resting-state functional MRI (rs-fMRI; 
MRI that measures how brain regions coactivate in functional networks) data between MRI 
scanners, in order for multicentre data to be collectively analysed. To that end, we applied FIX 
(FMRIB’s ICA-based X-noiseifier) on multicentre rs-fMRI data from different scanners. FIX is a 
method to reduce structured noise resulting from hardware and software differences from rs-fMRI 
data. Nearly all differences in functional connectivity between the centres were reduced to non-
significant levels after the application of FIX. The leftover differences were predominantly situated 
in the visual network and were presumably a consequence of a difference in scan protocol, as one 
group was scanned with eyes open, while the other group was scanned with eyes closed. Our results 
demonstrate that FIX reduces structured noise, while physiological differences in functional 
connectivity are preserved. Therefore, FIX seems a suitable method to harmonise rs-fMRI data 
from different centres. 

Lastly, we studied potential biomarkers for the differentiation between early stages of FTD 
and Alzheimer’s disease. FTD patients have a different pattern of MRI changes in grey matter, 
white matter, and functional connectivity than patients with Alzheimer’s disease. In chapter 6, we 
studied whether such patterns of differences were also apparent in cognitively healthy subjects at 
genetic risk for these diseases. Although we found differences in white matter diffusion measures of 
apolipoprotein E ε4 (APOE4; risk allele for Alzheimer’s disease) carriers compared to non-carriers, 
these differences were not strong enough to result in a divergent pattern compared to a group of 
MAPT and GRN carriers (at genetic risk for FTD). Due to the cross-sectional design of the study, 
no clinical follow-up was available for these subjects. It is plausible that some mutation carriers were 
still too young to show MRI changes related to FTD or Alzheimer’s disease. Longitudinal research 
in genetic risk groups is therefore necessary to investigate at which stage patterns of MRI changes 
start to differ between FTD and Alzheimer’s disease.

Chapter 7 describes the conclusions of this dissertation, provides methodological considerations, 
and presents recommendations for future research. To conclude, we demonstrated that MRI 
biomarkers can identify presymptomatic FTD mutation carriers at an individual level. We found 
that these biomarkers are sensitive to an increase in FTD-related MRI changes over time, and can 
furthermore predict which FTD mutation carriers will convert within four years. Further research 
in larger samples will have to show whether classification models become more accurate when 
specifically applied on one type of gene mutation or one clinical FTD variant. This dissertation 
additionally provides evidence for the hypotheses that the development of MRI changes in the 
brain accelerates shortly before conversion, and suggests that diffusion-weighted MRI is the most 
promising measure to detect early changes in genetic FTD. Finally, we showed that the reduction 
of structured noise facilitates the combination of rs-fMRI data across centres. While our findings 
require replication in larger samples, this dissertation offers the optimistic prospect that MRI 
biomarkers may aid early-stage FTD diagnosis. 
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Appendix

Abbreviations

3DT1w			   3-dimensional T1-weighted MRI 
ABIDE			   Autism Brain Imaging Data Exchange
AD 			   Alzheimer’s disease
ALFF			   amplitude of low frequency fluctuations
ALS			   amyotrophic lateral sclerosis
APOE4	  		  apolipoprotein E ε4
ARTFL			   Advancing Research and Treatment for FTLD
ATR			   anterior thalamic radiation
AxD 			   axial diffusivity
AUC			   area under the ROC curve
BNT			   Boston naming test
bvFTD			   behavioural variant FTD
C9orf72			   chromosome 9 open reading frame 72
CBS			   corticobasal syndrome
CGC			   cingulum in the cingulate gyrus area
CGH			   cingulum in the hippocampal area
CHMP2B		  charged multivesicular body protein 2b
CST			   corticospinal tract
DNA			   deoxyribonucleic acid
DTI 			   diffusion tensor imaging
DWI			   diffusion-weighted imaging
FA			   fractional anisotropy
FCor			   full correlations between ICA components’ time courses
FDA			   United States Food and Drug Administration
FIX			   FMRIB’s ICA-based X-noiseifier
FMA 			   forceps major
FMI			   forceps minor
fMRI			   functional MRI
FMRIB			   Functional Magnetic Resonance Imaging of the Brain Centre
FOV			   field of view
FSL			   FMRIB Software Library
FTD			   frontotemporal dementia
FTD-RisC		  FTD Risk Cohort
FTLD			   frontotemporal lobar degeneration
FUS			   fused in sarcoma protein
FUS			   fused in sarcoma gene
FWE(RC)		  family-wise error (rate corrected)
GENFI			   Genetic Frontotemporal Dementia Initiative
GICA			   group-level ICA
GMD			   grey matter density
GRN 			   progranulin
IC(A)			   independent component (analysis)
IFOF			   inferior fronto-occipital fasciculus
ILF			   inferior longitudinal fasciculus
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L			   left
LDST			   letter digit substitution test
LEFFTDS		  Longitudinal Evaluation of Familial Frontotemporal Dementia
			   Subjects
LUMC			   Leiden University Medical Centre
lvPPA			   logopenic variant PPA
MAPT 			   microtubule-associated protein tau
MD 			   mean diffusivity
MMSE			   mini-mental state examination
MRI			   magnetic resonance imaging
nfvPPA			   non-fluent variant PPA
OCMR			   Oxford Centre for Clinical Magnetic Resonance Research
PCor			   L1-regularised partial correlations between ICA components’ time 
			   courses	
PE			   parameter estimate
PET			   positron emission tomography
PPA			   primary progressive aphasia 
PSP			   progressive supranuclear palsy
PVN			   primary/medial visual network
R			   right
RAVLT			   Rey auditory verbal learning test
RD			   radial diffusivity
RNA			   ribonucleic acid
ROC			   receiver operating characteristic
rs-fMRI			   resting-state fMRI
RSN			   resting-state network
SAT			   semantic association test
SLF			   superior longitudinal fasciculus 
svPPA			   semantic variant PPA
TBSS			   tract-based spatial statistics
TDP-43			   transactive response DNA binding protein 43 kDa
TE			   echo time
TFCE			   threshold-free cluster enhancement
TMT			   trail making test
TNR			   true-negative rate
TPR			   true-positive rate
TR			   repetition time
TSLF			   temporal projection of the SLF
UF			   uncinate fasciculus
VAT			   visual association test
VCP			   valosin-containing protein
WAIS			   Wechsler adult intelligence scale
WCST			   Wisconsin card sorting test
WMD			   white matter density
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