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Abstract
Imaging studies of FTD typically present group-level statistics between large cohorts of genetically, molecularly or clinically 
stratified patients. Group-level statistics are indispensable to appraise unifying radiological traits and describe genotype-
associated signatures in academic studies. However, in a clinical setting, the primary objective is the meaningful interpreta-
tion of imaging data from individual patients to assist diagnostic classification, inform prognosis, and enable the assessment 
of progressive changes compared to baseline scans. In an attempt to address the pragmatic demands of clinical imaging, a 
prospective computational neuroimaging study was undertaken in a cohort of patients across the spectrum of FTD pheno-
types. Cortical changes were evaluated in a dual pipeline, using standard cortical thickness analyses and an individualised, 
z-score based approach to characterise subject-level disease burden. Phenotype-specific patterns of cortical atrophy were 
readily detected with both methodological approaches. Consistent with their clinical profiles, patients with bvFTD exhibited 
orbitofrontal, cingulate and dorsolateral prefrontal atrophy. Patients with ALS-FTD displayed precentral gyrus involvement, 
nfvPPA patients showed widespread cortical degeneration including insular and opercular regions and patients with svPPA 
exhibited relatively focal anterior temporal lobe atrophy. Cortical atrophy patterns were reliably detected in single individu-
als, and these maps were consistent with the clinical categorisation. Our preliminary data indicate that standard T1-weighted 
structural data from single patients may be utilised to generate maps of cortical atrophy. While the computational interpreta-
tion of single scans is challenging, it offers unrivalled insights compared to visual inspection. The quantitative evaluation of 
individual MRI data may aid diagnostic classification, clinical decision making, and assessing longitudinal changes.
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Introduction

The majority of imaging studies in FTD stratifies patients 
based on clinical, molecular or genetic categories and 
describes group-specific radiological traits (Omer et al., 
2017; Rohrer et al 2011; Whitwell et al., 2005, 2011, 2012). 
These data however are difficult to apply to individual 
patients in everyday clinical practice. The current role of 
MR imaging in the diagnostic pathway of FTD is limited to 
‘ruling-out’ structural mimics and alternative diagnoses. MR 
images acquired in a clinical setting are typically only sub-
jectively and qualitatively interpreted with regards to atro-
phy (Adachi et al., 2004; Aizpurua et al., 2019; Baez et al., 
2014; Campanella et al., 2014; De Maindreville et al., 2015; 
Di Fede et al., 2019; Harper et al., 2014; Kito et al., 2009; 
Kotagal et al., 2012; McKeon et al., 2007; Mueller et al., 
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2018; Muqit et al., 2001; Nishio et al., 2003; Way et al., 
2019; Younes et al., 2018). This is a missed opportunity, as 
raw MRI datasets contain rich, spatially coded information 
with regards to cortical thickness, subcortical volumes and 
white matter integrity that cannot be meaningfully appraised 
on visual inspection. In contrast, computational imaging 
offers objective, observer-independent, reference-based 
quantitative image interpretation (Christidi et al., 2018). The 
potential translation of quantitative MR analysis frameworks 
to routine clinical practice may offer a number of practical 
benefits, including the generation of individualised atrophy 
maps, the objective assessment of longitudinal changes, and 
the classification of single scans into likely phenotypic cat-
egories. Ultimately, quantitative imaging may enable ‘rul-
ing-in’ patients into specific groups, as opposed to merely 
‘ruling-out’ differential diagnoses (Bede et al., 2018a, b; 
Grollemund et al., 2019). From a practical point of view, 
MR platforms are widely available, MR imaging is non-
invasive, relatively cheap, and a multitude of open-source 
software are available for computational data analyses (Du 
et al., 2007). Access to 18F-FDG PET imaging on the other 
hand may be limited and the costs of routine PET imaging 
may be prohibitive in some health care systems (McMahon 
et al., 2003; Shivamurthy et al., 2014).

The current diagnostic approach to FTD subtypes—
bvFTD, ALS-FTD, nfvPPA, svPPA—requires meeting spe-
cific clinical criteria and a definitive diagnosis may only be 
confirmed in vivo by identifying a pathogenic genetic muta-
tion or typical histopathological findings (Brettschneider 
et al., 2013; Geser et al., 2009; Gorno-Tempini et al., 2011; 
Hodges et al., 2010; Perry et al., 2017; Rajagopalan & Pioro, 
2015; Rascovsky et al., 2011; Snowden et al., 2007; Strong 
et al., 2017). The recent development, optimisation and vali-
dation of serum and CSF biomarkers panels will not only aid 
diagnostic classification but help the exclusion of alternative 
neurodegenerative diagnoses such as Alzheimer’s pathology 
(Ahmed et al., 2014; Blasco et al., 2018; Devos et al., 2019; 
Meeter et al., 2019; Paterson et al., 2018; Rascovsky et al., 
2011; Steinacker et al., 2017; Swift et al., 2021). As with 
all diagnostic criteria, there are practical shortcomings with 
regards to sensitivity and specificity: some symptomatic 
patients do not meet proposed thresholds for diagnosis, 
despite subsequent pathological confirmation. In a subset 
of FTD cases, the diagnosis may never be reached in vivo, or 
a considerable diagnostic delay is experienced (Harris et al., 
2013; Piguet et al., 2009). Diagnostic uncertainty often cre-
ates undue stress for the patient and their family. The insidi-
ous onset of apathy, lack of interest and social withdrawal 
may be mistaken for depression, amongst other misdiagno-
ses (Besser & Galvin, 2020; Rasmussen et al., 2019). Early 
behavioural symptoms may be difficult to articulate, which 
is further complicated by the disparity in those perceived 
by the patients and their caregivers. Early cognitive deficits 

may also be difficult to identify, particularly due to the mask-
ing effect of cognitive reserve and the lack of sensitivity 
of generic screening instruments (Elamin et al., 2017; Ras-
mussen et al., 2019). Primary care physicians may reassure 
patients and caregivers based on neuropsychological screen-
ing tests and  ‘grossly’ normal MR imaging whilst awaiting 
lengthy specialist referrals (Rasmussen et al., 2019). Diag-
nostic delay in neurodegenerative conditions has a num-
ber of adverse implications. From a patients’ perspective, 
timely diagnosis is important to inform realistic expectations 
over coming years (Spreadbury & Kipps, 2017). It helps to 
guide targeted genetic testing that may be of significance 
to other family members. Accurate and early diagnostic 
classification enables prompt multidisciplinary team refer-
rals and appropriate lifestyle adjustments with regards to 
employment, finances, driving, and childcare (Spreadbury 
& Kipps, 2017). In those with language impairment, there is 
a critical time-window to explore alternative communication 
options e.g. ‘voice-banking’ to create a digital library for 
assisted communication devices (Fried-Oken et al., 2015). 
A timely diagnosis is also important for resource allocation 
and advanced care planning to ensure that the patients’ end-
of-life preferences are recognised (Harrison Dening et al., 
2019). Early diagnostic categorisation is also indispensable 
for the timely inclusion of patients in clinical trials, which 
in turn enables longer follow-up (Finegan et al., 2019a, b). 
Based on these considerations, we have undertaken a quanti-
tative imaging study across the spectrum of FTD phenotypes 
to test a framework to interpret cortical atrophy patterns at 
both individual- and group-level.

Methods

Recruitment

A total of 227 participants were included in this study; 
12 patients with non-fluent variant primary progressive 
aphasia (‘nfvPPA’ 6 females, mean age 61.50 ± 2.97), 3 
patients with semantic variant primary progressive aphasia 
(‘svPPA’ 1 female, mean age 61.67 ± 6.43), 7 patients with 
behavioural variant FTD (‘bvFTD’ 3 females, mean age 
60.71 ± 3.30 years, 20 ALS-FTD patients with C9orf72 hex-
anucleotide expansions (‘C9 + ALSFTD’ 8 females, mean 
age 58.65 ± 11.22), 20 ALS-FTD patients without C9orf72 
hexanucleotide expansions (‘C9–ALSFTD’ 7 females, mean 
age 59.95 ± 7.67), 40 ALS patients with no cognitive impair-
ment (‘ALSnci’ 21 females, mean age 58.70 ± 11.33) as dis-
ease controls and 125 healthy controls (HC). Methods for 
screening for GGG​GCC​ hexanucleotide repeat expansions in 
C9orf72 have been previously described (Byrne et al., 2012; 
Chipika et al., 2020a, b). All participants provided written 
informed consent in accordance with the ethics approval of 
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the Ethics Medical Research Committee of Beaumont Hos-
pital, Dublin, Ireland. 651 additional HCs were also included 
from the Cambridge Center for Ageing and Neuroscience 
(Cam-CAN) data base resulting in a total of 776 healthy 
controls (HC: 393 females, mean age 55.08 ± 17.63 years) 
(Shafto et al., 2014).

Imaging pulse sequences

All local participants were scanned with uniform scanning 
parameters on a 3 Tesla Philips Achieva scanner using an 
8-channel receiver head coil. As described previously (Bede 
et al., 2019), a 3D Inversion Recovery Prepared Spoiled Gra-
dient Recalled Echo (IP-SPGR) pulse sequence was utilised 
to acquire T1-weihted images. Acquisition details: repeti-
tion time (TR)/echo time (TE) = 8.5/3.9 ms, inversion time 
(TI) = 1060 ms, field-of-view (FOV): 256 × 256 × 160 mm, 
spatial resolution: 1 mm3. To assess vascular white matter 
lesion load FLAIR images were also acquired from each 
participant. The Cam-CAN control subjects were scanned 
with a T1-weighted MPRAGE sequence on a 3 T Siemens 
Magnetom TrioTrim scanner at the University of Cambridge, 
using the following image acquisition parameters: TR/TE 
2.25/2.99 ms, TI 900 ms, FOV = 256 × 240 × 192 mm; spa-
tial resolution 1 mm3 (Shafto et al., 2014).

Pre‑processing

All subjects’ T1-weighted data were first pre-processed with 
FreeSurfer’s recon-all pipeline to reconstruct and parcellate 
the cortical surface and generate a cortical thickness (CT) 
map, which estimates CT at each vertex point of the corti-
cal surface. All CT maps were subsequently transformed to 
the CIFTI file format at a 32 k resolution per hemisphere 
(Connectivity Informatics Technology Initiative, (Marcus 
et al., 2011; Van Essen et al., 2013) using the Ciftify toolbox 
(Dickie et al., 2019). Finally, each subject’s CT map was 
parcellated into 1000 equally-sized patches, or ‘mosaics’, 
using a local–global cortical parcellation scheme proposed 
by (Schaefer et al., 2018), which further refines a previously 
published 7-brain-network cortical parcellation framework 
published by (Yeo et al., 2011).

Statistical analysis: the standard approach

A one-factorial, two-level, between-subjects comparison 
was first conducted between each patient group and controls 
controlling for age and gender. To correct for alpha-level 
inflation, we used a Monte-Carlo permutation procedure to 
obtain family-wise error-corrected (FWER) p-values (5000 
permutations; thresholded at the voxel-level). These analyses 
were ran within the SPM-based toolbox (http://​www.​fil.​ion.​

ucl.​ac.​uk) Multivariate and repeated measures (McFarquhar 
et al., 2016).

Statistical analyses: the ‘mosaic’ approach

To appraise cortical thinning at an individual level, each CT 
map was rated with respect to an age- and sex-matched con-
trol group. Since neurite density varies significantly across 
the cortex (Fukutomi et al., 2018), CT was averaged across 
small ‘mosaics’, defined by a 1000-patch atlas. For each 
mosaic, null distributions were built non-parametrically as 
follows: First, the average CT value of each HC was z-scored 
with respect to all remaining controls to obtain a distribu-
tion at the size of the control group. Likewise, an individual 
patient’s CT was z-scored with respect to all HC. p-values 
reflecting expected probabilities of cortical thinning were 
then calculated by counting how many values in the control 
distribution were smaller than the observed patient’s and 
dividing that count by the number of subjects in the con-
trol group. We considered mosaics with p-values ≤ 0.05 as 
significantly thin or ‘atrophic’. To account for confounding 
effects of age and gender (Trojsi et al., 2020), we customized 
the reference groups: For each patient, we only included age- 
and gender-matched controls from the mixed control cohort 
(in total 776 HC). ‘Age-matched’ was defined as ± 2 years 
from the patients’ age. As demonstrated before (Tahedl 
et al., 2021), this strategy successfully corrects for variance 
introduced by demographic confounders. This strategy gen-
erates a binary atrophic/not-atrophic label to each cortical 
mosaic with reference to demographically matched controls, 
enables the calculation of the number of ‘significantly thin’ 
mosaics throughout the cortex, as well as its fraction with 
respect to all evaluated mosaics. To co-validate the output of 
this method with the ‘gold standard’ approach we juxtaposed 
our findings with standard cortical thickness analyses.

Inferential statistics of ‘mosaic’ maps

The output maps of the mosaic approach can be readily 
visualized for individual patients indicating whether a cor-
tical region (mosaic) is atrophic (‘hit’) or not with respect 
of demographically matched controls. (Fig. 2). However, 
these outputs can also be at group level; we employed a 
Monte–Carlo permutation testing scheme to compare each 
of the clinical groups to HCs. In brief, we first generated 
a matrix with the dimensions of nPatients × nmosaics for each 
clinical group, indicating for each element either the pres-
ence (‘1’) or absence (‘0’) of regional atrophy. We then 
shuffled that matrix 100,000 times across mosaics, whereby 
we saved the count of patients with 1 s at each iteration. 
As a result, we obtained non-parametric distributions, com-
prised of 100,000 values per mosaic, based on which FWER 
p-values can be calculated by counting the number of values 

http://www.fil.ion.ucl.ac.uk
http://www.fil.ion.ucl.ac.uk
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exceeding the observed number of hits in the data and divid-
ing that count by the number of iterations. We considered 
p-values ≤ 0.05 as statistically significant. Mathematical 
analyses were conducted within MATLAB version R2019b 
(The Mathworks, Natick, MA, USA).

Between group contrasts

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

Region‑of‑interest statistics

To further characterise regional disease-burden, we calcu-
lated fractional thin-patch-counts for four large regions of 
interest (ROIs): motor cortex (i.e. pre-/paracentral gyri), 
parietal, temporal and frontal cortices. The 1000-patch 
mosaic-parcellation was overlaid the anatomically-defined 
Desikan-Killiany atlas (Fig. 4a) resulting in 122 mosaics 
in the motor, 185 in the parietal, 150 in the temporal and 
200 in the frontal cortices. For each patient, we calculated 
the fraction of atrophic mosaics, and averaged that fraction 
across subjects in each clinical subgroup. To highlight the 
preferential involvement of main brain regions in each phe-
notype, we generated radar plots (Fig. 4b), in which whole-
brain fractional thin-patch-counts were also incorporated. 
Regional radar plots were also generated to characterise 
regional involvement in individual patients (Fig. 2).

Results

Standard cortical thickness analyses confirmed subgroup-
specific patterns of cortical atrophy consistent with the clini-
cal diagnosis (Fig. 1). The ‘mosaic-based’ approach has suc-
cessfully generated individual atrophy maps for each patient 
with reference to controls (Fig. 2). Group-level observations 

Fig. 1   ’Standard’ cortical thickness analyses using voxelwise permu-
tation testing, corrected for age and gender; family-wise error cor-
rected p-maps are presented for the six clinical groups with reference 
to healthy controls. NCI: ALS patients with no cognitive impairment, 
C9 + : ALS-FTD patients with C9orf72 hexanucleotide expansions, 

C9-: ALS-FTD patients without C9orf72 hexanucleotide expansions, 
bvFTD: behavioural variant FTD, nfvPPA: non-fluent variant primary 
progressive aphasia, svPPA: semantic variant primary progressive 
aphasia
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could also be inferred from the ‘mosaic-based’ approach 
following permutation testing (Fig. 3). These results were 
anatomically consistent with the outputs of the ‘standard 
approach’ (Fig. 1). Group-level traits deduced from the 
‘mosaic-based’ approach produced more focal and better 
demarcated atrophy maps than those generated by the stand-
ard approach. This is best demonstrated by the C9 + ALS-
FTD group where atrophy is not just more widespread than 
the C9–ALS-FTD group, but the precentral gyrus is more 
affected. Cortical atrophy patterns derived from the ‘mosaic-
approach’ are also more focal and less noisy in the nfvPPA 
group than the in the maps generated by the standard appr
oach.

Both the ‘mosaic’ and the ‘standard’ approach 
indicated intergroup differences (Fig.  4a, c) (mosaic 
approach: F(5) = 14.86, p = 8.73e−11; standard approach: 
F(5) = 14.89, p = 9.50e−11). Post-hoc testing revealed 
that least affected study group was ALSnci compared 
to all the other diagnostic categories. (Fig. 4b) ALSnci 
vs. C9–(0.202 ± 0.132), padj = 1.76e−04; ALSnci versus 
C9 + (0.214 ± 0.100), padj = 2.54e−05; ALSnci versus 
bvFTD (0.208 ± 0.076), padj = 2.01e−02; ALSnci vs. 
nfvPPA (0.321 ± 0.121), padj < 0.0001. The same pat-
tern was observed for the standard approach (Fig. 4d), 

where the ALSnci group exhibited higher CT in the pair-
wise comparisons than all other groups: ALSnci versus 
C9–(2.24 mm ± 0.11 mm), padj = 1.85e−04; ALSnci versus 
C9 + (2.23 mm ± 0.10 mm), padj = 2.86e−05; ALSnci ver-
sus bvFTD (2.22 mm ± 0.09 mm), padj = 4.30e−03; ALSnci 
versus nfvPPA (2.13 mm ± 0.11 mm), padj < 0.0001; ALS-
nci versus svPPA (2.17 mm ± 0.07 mm), padj = 1.61e−02. 
In contrast, the most affected clinical group was nfvPPA, 
where the mean thin-patch-count fraction was not only 
higher than that of the ALSnci group, but also the 
C9–ALSFTD (padj = 9.45e−03) and the C9 + ALSFTD 
(padj = 2.80e−02). Again, this pattern was mirrored by 
the standard approach, where the ALSnci group not only 
showed higher mean values than the nfvPPA group, but 
just as in the mosaic approach, also the C9–ALSFTD 
(padj = 1.72e−02) and the C9 + ALSFTD (padj = 4.66e−02) 
groups.

Our region-of-interest statistics evaluated thin-patch-
count fraction per ‘ROI’ (Fig. 5a) and confirmed the pref-
erential involvement of ROIs in the study groups (Fig. 5b). 
The most anatomically widespread disease-burden was 
detected in nfvPPA (largest radius), the least pathology in 
ALSnci (smallest radius) and the most focal involvement 
in svPPA (temporal cortex).

Fig. 2   Individual data interpretation in single patients using the 
‘mosaic’ pipeline; representative examples are shown from each 
clinical groups. Blue colour indicates cortical thinning with respect to 
demographically matched controls. Radar charts indicate the fraction 
of affected ‘mosaics’ in frontal, parietal, temporal and motor cortices 
as well as over the entire cortex. NCI: ALS patients with no cognitive 

impairment, C9 + : ALS-FTD patients with C9orf72 hexanucleotide 
expansions, C9-: ALS-FTD patients without C9orf72 hexanucleotide 
expansions, bvFTD: behavioural variant FTD, nfvPPA: non-fluent 
variant primary progressive aphasia, svPPA: semantic variant pri-
mary progressive aphasia
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Discussion

Our findings demonstrate the feasibility of interpreting 
single T1-weighted images from single patients and gen-
erating individual maps of atrophy. We have shown that 
cortical regions can be successfully categorised as atrophic 
or unaffected in single subjects with respect to a databank 
of controls. A z-score based approach not only enables the 
appraisal of cortical disease-burden in individual-subjects, 
but group-level patterns may also be inferred. The output 
maps of the proposed ‘mosaic’ approach are anatomically 
concordant with gold standard cortical thickness analyses. 
The topography of cortical thinning can be reported visu-
ally, numerically and in an ROI-based representation at 
both individual- and group-level. The pipeline is based on 
quantitative cortical thickness measurements, an atlas-based 
parcellation and is fully observer independent. In its current 
form it is computationally demanding, but all the mathemati-
cal steps utilised could be integrated into a single computer 
script and run either as a cloud-based solution or installed 
locally on the MR platform or data server.

In this paper we have demonstrated the utility of this 
approach in FTD phenotypes, but this method could poten-
tially also be utilised in neurodegenerative conditions where 
the ascertainment of cortical atrophy patterns is clinically 
relevant (Abidi et al., 2020a, b; Christidi et al., 2019; Fin-
egan et al., 2019a, b; Nasseroleslami et al., 2019; Seo et al., 

2010). The technique relies on the binary labelling of corti-
cal regions as ‘atrophic’ or ‘normal’. This is fundamentally 
a reductionist approach, but given the very high number 
of cortical regions ('mosaics'), it is a successful strategy as 
demonstrated by the detection of confluent cortical areas. 
The generation of putative atrophy maps provides an instant 
representation of the anatomical expansion, focality and 
lobar predominance of disease burden. These colour coded 
maps are potentially useful to illustrate affected regions 
to patients, caregivers and members of the multidiscipli-
nary team. This starkly contrasts with the current practice 
of pointing at presumed regions of atrophy on black and 
white 2D images which are difficult to decipher by laypeople 
(Harper et al., 2014). The z-score derived, ‘mosaic’ method 
may not only be applied to those with an established diag-
nosis, but also to those with a suspected diagnosis or pre-
symptomatic mutation carriers to characterise disease bur-
den distribution.

In a clinical setting, progressive frontotemporal pathol-
ogy is often monitored by validated neuropsychological tests 
(Burke et al., 2016a, b, 2017; Elamin et al., 2017). Cogni-
tive assessment however may be particularly challenging 
in certain FTD phenotypes, especially in ALS-FTD where 
motor disability and dysarthria may preclude the use of cer-
tain tests (Burke et al., 2016a, b; Verstraete et al., 2015; 
Yunusova et al., 2019). In other FTD phenotypes, perfor-
mance on neuropsychological testing may be confounded by 

Fig. 3   Inferential statistics; group-level atrophy patterns derived from 
the ‘mosaic’ approach. Family-wise error-corrected p-maps are pre-
sented at p < 0.05. For svPPA a threshold of p < 0.06 is shown. NCI: 
ALS patients with no cognitive impairment, C9 + : ALS-FTD patients 

with C9orf72 hexanucleotide expansions, C9-: ALS-FTD patients 
without C9orf72 hexanucleotide expansions, bvFTD: behavioural 
variant FTD, nfvPPA: non-fluent variant primary progressive aphasia, 
svPPA: semantic variant primary progressive aphasia
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mood, apathy, cognitive reserve and practice-effects which 
support the role of neuroimaging in tracking progressive 
changes objectively (Costello et al., 2021; Radakovic et al., 
2016).

Quantitative cortical thickness mapping may also give 
additional reassurance to those who fear a particular diag-
nosis despite scoring high on neuropsychological tests 
(Hardiman et al., 2016). This is often a significant source 
of anxiety for patients, particularly for those who have first-
hand witnessed a family member or close friend carrying a 
certain a diagnosis. Immediate answers would provide early 
reassurance, alleviating the sense of heightened stress and 
anxiety. The implementation of this method may be rela-
tively straightforward as most patients undergo a routine 
MRI brain scan as part of the diagnostic pathway (Harper 
et al., 2014).

Despite the clinical rationale to devise such frameworks, 
our study has a number of limitations. The sample size of the 
various patient groups is relatively small in this study neces-
sitating validation in larger external datasets. All patients in 
our study had an established diagnosis; thus, the sensitivity 
of this method needs to be further evaluated in those with a 
suspected diagnosis, early-stage disease or in asymptomatic 

mutation carriers (Chipika et  al., 2020a, 2020b; Li Hi 
Shing et al., 2021; Querin et al., 2019a, b). Moreover, only 
grey matter analyses were conducted, despite the contribu-
tion of white matter pathology to the clinical manifestations 
of these phenotypes (Bede et al., 2016, 2018a, b; Qin et al., 
2021; Schuster et al., 2016a, b; Zhou et al., 2010). Finally, 
while our approach provides individualised atrophy maps, 
supervised and unsupervised machine learning approaches 
offer direct individual patient categorisation into diagnostic 
and prognostic groups (Bede et al., 2017; Grollemund et al., 
2020a, b; Grollemund et al., 2020a, b; Querin et al., 2018; 
Schuster et al., 2016a, b).

We envisage future applications for this methodological 
approach in both clinical practice and potentially in clinical 
trials. Consecutive MR datasets could be compared to the 
patients’ initial scan; allowing for the objective measure-
ment of disease-burden accumulation and the evaluation of 
progression rates (Bejanin et al., 2020; Chipika et al., 2019; 
Schuster et al., 2015). Alternative imaging metrics such as 
spinal cord measures, network integrity indices, white mat-
ter diffusivity parameters or subcortical grey matter metrics 
could also be readily investigated in a similar z-score based 
framework (Abidi et al., 2020a, b; Dukic et al., 2019; El 

Fig. 4   The comparison of group profiles; distribution of the number 
of thin patches derived from the ‘mosaic approach’ (a) and cortical 
thickness values as calculated by the ‘standard approach’ (c). Group 
differences in the number of thin patches (b) and mean cortical thick-
ness (d). * indicates post hoc intergroup difference at padj ≤ 0.05, (**) 
at padj ≤ 0.001 following Tukey HSD testing. The widths of box plots 
indicate sample size and error bars represent 1.5 times the interquar-

tile range. NCI: ALS patients with no cognitive impairment, C9 + : 
ALS-FTD patients with C9orf72 hexanucleotide expansions, C9-: 
ALS-FTD patients without C9orf72 hexanucleotide expansions, 
bvFTD: behavioural variant FTD, nfvPPA: non-fluent variant primary 
progressive aphasia, svPPA: semantic variant primary progressive 
aphasia
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Mendili et al., 2019; Proudfoot et al., 2018; Querin et al., 
2019a, b). Future applications would require the validation 
of our findings in large multicentre studies, ideally incorpo-
rating diverse patient populations across a variety of neuro-
degenerative disorders.

Conclusions

Our preliminary findings indicate that T1-weighted MRI 
data from individual patients may be meaningfully inter-
preted and maps of cortical atrophy can be readily gener-
ated for single patients. The outputs of our pipeline are 
anatomically analogous with gold standard methods. The 
presented framework offers a viable quantitative approach 
to interpret single subject scans with practical clinical util-
ity and potential for clinical trial applications.

Author contributions  Study design (MCMcK, MT, JL and PB), clini-
cal assessments (MCMcK, RHC, SLHS, OH, SH, PB), genetic analy-
ses (MAD, JCH, AV, RLM), MR data interpretation (MCMcK, MT, 
JL, PB), drafting the manuscript (MCMcK, MT, PB) revision of the 

manuscript for intellectual content (MCMcK, MT, JL, RHC, SLHS, 
MAD, JCH, AV, RLM, OH, SH, PB).

Funding  Open Access funding provided by the IReL Consortium. 
Professor Peter Bede and the Computational Neuroimaging Group are 
supported by the Spastic Paraplegia Foundation (SPF), Health Research 
Board (HRB EIA-2017-019), the EU Joint Programme—Neurodegen-
erative Disease Research (JPND), the Andrew Lydon scholarship, the 
Irish Institute of Clinical Neuroscience (IICN), the Iris O'Brien Foun-
dation. Ms Marlene Tahedl is funded by the Deutsche Multiple Skle-
rose Gesellschaft (DMSG) grant number: 2018_DMSG_08.

Data availability  Raw imaging data cannot be shared due to institu-
tional policies. Additional information on processing pipelines  may 
be requested from the corresponding author.

Declarations 

Conflict of interest  All the authors declared that they have no conflict 
of interest.

Ethical approval  This study was approved by the Ethics Commit-
tee of Beaumont Hospital, Dublin, Ireland.

Informed consent  All subjects provided informed consent to partici-
pate in this study. Consent to Publish Study participants consented to 
the presentation of research findings.

Open Access  This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long 
as you give appropriate credit to the original author(s) and the source, 
provide a link to the Creative Commons licence, and indicate if changes 
were made. The images or other third party material in this article are 
included in the article's Creative Commons licence, unless indicated 
otherwise in a credit line to the material. If material is not included in 
the article's Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will 
need to obtain permission directly from the copyright holder. To view a 
copy of this licence, visit http://​creat​iveco​mmons.​org/​licen​ses/​by/4.​0/.

References

Abidi, M., de Marco, G., Couillandre, A., Feron, M., Mseddi, E., Ter-
moz, N., Querin, G., Pradat, P. F., & Bede, P. (2020). Adaptive 
functional reorganization in amyotrophic lateral sclerosis: Coex-
isting degenerative and compensatory changes. European Journal 
of Neurology, 27(1), 121–128. https://​doi.​org/​10.​1111/​ene.​14042

Abidi, M., de Marco, G., Grami, F., Termoz, N., Couillandre, A., 
Querin, G., Bede, P., & Pradat, P. F. (2020). Neural correlates of 
motor imagery of gait in amyotrophic lateral sclerosis. Journal of 
Magnetic Resonance Imaging. https://​doi.​org/​10.​1002/​jmri.​27335

Adachi, M., Kawanami, T., Ohshima, H., Sugai, Y., & Hosoya, T. 
(2004). Morning glory sign: A particular MR finding in progres-
sive supranuclear palsy. Magnetic Resonance in Medical Sciences, 
3(3), 125–132. https://​doi.​org/​10.​2463/​mrms.3.​125

Ahmed, R. M., Paterson, R. W., Warren, J. D., Zetterberg, H., O’Brien, 
J. T., Fox, N. C., Halliday, G. M., & Schott, J. M. (2014). Bio-
markers in dementia: Clinical utility and new directions. Jour-
nal of Neurology, Neurosurgery Psychiatry, 85(12), 1426–1434. 
https://​doi.​org/​10.​1136/​jnnp-​2014-​307662

Fig. 5   Regional disease burden; cortical thinning was further evalu-
ated in four atlas-defined regions-of-interest (ROIs) in the motor 
(blue), parietal (yellow), temporal (red) and frontal (green) corti-
ces and over the entire cerebral cortex (a). The fraction of atrophic 
‘mosaics’ was calculated in each patient within each ROI with respect 
to the total number of mosaics comprising the given ROI. The distri-
bution of disease burden in the patient groups is presented as radar 
charts (b). NCI: ALS patients with no cognitive impairment, C9 + : 
ALS-FTD patients with C9orf72 hexanucleotide expansions, C9-: 
ALS-FTD patients without C9orf72 hexanucleotide expansions, 
bvFTD: behavioural variant FTD, nfvPPA: non-fluent variant primary 
progressive aphasia, svPPA: semantic variant primary progressive 
aphasia

http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1111/ene.14042
https://doi.org/10.1002/jmri.27335
https://doi.org/10.2463/mrms.3.125
https://doi.org/10.1136/jnnp-2014-307662


1204	 Brain Imaging and Behavior (2022) 16:1196–1207

1 3

Aizpurua, M., Selvackadunco, S., Yull, H., Kipps, C. M., Ironside, 
J. W., & Bodi, I. (2019). Variably protease-sensitive prionopa-
thy mimicking frontotemporal dementia. Neuropathology, 39(2), 
135–140. https://​doi.​org/​10.​1111/​neup.​12538

Baez, S., Couto, B., Torralva, T., Sposato, L. A., Huepe, D., Montañes, 
P., Reyes, P., Matallana, D., Vigliecca, N. S., Slachevsky, A., 
Manes, F. F., & Ibanez, A. (2014). Comparing moral judgments 
of patients with frontotemporal dementia and frontal stroke. JAMA 
Neurology, 71(9), 1172–1176. https://​doi.​org/​10.​1001/​jaman​eurol.​
2014.​347

Bede, P., Chipika, R. H., Finegan, E., Hi, Li., Shing, S., Doherty, M. 
A., Hengeveld, J. C., Vajda, A., Hutchinson, S., Donaghy, C., 
McLaughlin, R. L., & Hardiman, O. (2019). Brainstem pathol-
ogy in amyotrophic lateral sclerosis and primary lateral sclerosis: 
A longitudinal neuroimaging study. Neuroimage Clinical, 24, 
102054. https://​doi.​org/​10.​1016/j.​nicl.​2019.​102054

Bede, P., Iyer, P. M., Finegan, E., Omer, T., & Hardiman, O. (2017). 
Virtual brain biopsies in amyotrophic lateral sclerosis: Diagnostic 
classification based on in vivo pathological patterns. Neuroimage 
Clinical, 15, 653–658. https://​doi.​org/​10.​1016/j.​nicl.​2017.​06.​010

Bede, P., Iyer, P. M., Schuster, C., Elamin, M., McLaughlin, R. L., 
Kenna, K., & Hardiman, O. (2016). The selective anatomical vul-
nerability of ALS: “Disease-defining” and “disease-defying” brain 
regions. Amyotroph Lateral Scler Frontotemporal Degener, 17(7–
8), 561–570. https://​doi.​org/​10.​3109/​21678​421.​2016.​11737​02

Bede, P., Omer, T., Finegan, E., Chipika, R. H., Iyer, P. M., Doherty, 
M. A., Vajda, A., Pender, N., McLaughlin, R. L., Hutchinson, 
S., & Hardiman, O. (2018). Connectivity-based characterisation 
of subcortical grey matter pathology in frontotemporal demen-
tia and ALS: A multimodal neuroimaging study. Brain Imag-
ing and Behavior, 12(6), 1696–1707. https://​doi.​org/​10.​1007/​
s11682-​018-​9837-9

Bede, P., Querin, G., & Pradat, P. F. (2018). The changing landscape 
of motor neuron disease imaging: The transition from descriptive 
studies to precision clinical tools. Current Opinion in Neurology, 
31(4), 431–438. https://​doi.​org/​10.​1097/​wco.​00000​00000​000569

Bejanin, A., Tammewar, G., Marx, G., Cobigo, Y., Iaccarino, L., Kor-
nak, J., Staffaroni, A. M., Dickerson, B. C., Boeve, B. F., Knop-
man, D. S., Gorno-Tempini, M., & Rabinovici, G. D. (2020). 
Longitudinal structural and metabolic changes in frontotemporal 
dementia. Neurology, 95(2), e140–e154. https://​doi.​org/​10.​1212/​
wnl.​00000​00000​009760

Besser, L. M., & Galvin, J. E. (2020). Diagnostic experience reported 
by caregivers of patients with frontotemporal degeneration. Neu-
rology: Clinical Practice, 10(4), 298–306. https://​doi.​org/​10.​
1212/​cpj.​00000​00000​000738

Blasco, H., Patin, F., Descat, A., Garcon, G., Corcia, P., Gele, P., Len-
glet, T., Bede, P., Meininger, V., Devos, D., Gossens, J. F., & 
Pradat, P. F. (2018). A pharmaco-metabolomics approach in a 
clinical trial of ALS: Identification of predictive markers of pro-
gression. PLoS ONE, 13(6), e0198116. https://​doi.​org/​10.​1371/​
journ​al.​pone.​01981​16

Brettschneider, J., Del Tredici, K., Toledo, J. B., Robinson, J. L., Irwin, 
D. J., Grossman, M., Suh, E., Van Deerlin, V. M., Wood, E. M., 
Baek, Y., Kwong, L., & Trojanowski, J. Q. (2013). Stages of 
pTDP-43 pathology in amyotrophic lateral sclerosis. Annals of 
Neurology, 74(1), 20–38. https://​doi.​org/​10.​1002/​ana.​23937

Burke, T., Elamin, M., Bede, P., Pinto-Grau, M., Lonergan, K., Hardi-
man, O., & Pender, N. (2016). Discordant performance on the 
“Reading the Mind in the Eyes” Test, based on disease onset in 
amyotrophic lateral sclerosis. Amyotroph Lateral Scler Frontotem-
poral Degener. https://​doi.​org/​10.​1080/​21678​421.​2016.​11770​88

Burke, T., Lonergan, K., Pinto-Grau, M., Elamin, M., Bede, P., Mad-
den, C., Hardiman, O., & Pender, N. (2017). Visual encoding, 
consolidation, and retrieval in amyotrophic lateral sclerosis: 
Executive function as a mediator, and predictor of performance. 

Amyotrophic Lateral Sclerosis and Frontotemporal Degeneration, 
18(3–4), 193–201. https://​doi.​org/​10.​1080/​21678​421.​2016.​12726​
15

Burke, T., Pinto-Grau, M., Lonergan, K., Elamin, M., Bede, P., Cos-
tello, E., Hardiman, O., & Pender, N. (2016). Measurement of 
social cognition in amyotrophic lateral sclerosis: A population 
based study. PLoS ONE, 11(8), e0160850. https://​doi.​org/​10.​1371/​
journ​al.​pone.​01608​50

Byrne, S., Elamin, M., Bede, P., Shatunov, A., Walsh, C., Corr, B., 
Heverin, M., Jordan, N., Kenna, K., Lynch, C., McLaughlin, R. 
L., & Hardiman, O. (2012). Cognitive and clinical characteristics 
of patients with amyotrophic lateral sclerosis carrying a C9orf72 
repeat expansion: A population-based cohort study. Lancet Neu-
rology, 11(3), 232–240. https://​doi.​org/​10.​1016/​S1474-​4422(12)​
70014-5

Campanella, F., Shallice, T., Ius, T., Fabbro, F., & Skrap, M. (2014). 
Impact of brain tumour location on emotion and personality: A 
voxel-based lesion–symptom mapping study on mentalization 
processes. Brain, 137(9), 2532–2545. https://​doi.​org/​10.​1093/​
brain/​awu183

Chipika, R. H., Christidi, F., Finegan, E., Li Hi Shing, S., McK-
enna, M. C., Chang, K. M., Karavasilis, E., Doherty, M. A., 
Hengeveld, J. C., Vajda, A., Pender, N., & Bede, P. (2020). 
Amygdala pathology in amyotrophic lateral sclerosis and pri-
mary lateral sclerosis. Journal of the Neurological Sciences, 
417, 117039. https://​doi.​org/​10.​1016/j.​jns.​2020.​117039

Chipika, R. H., Finegan, E., Li Hi Shing, S., Hardiman, O., & Bede, 
P. (2019). Tracking a fast-moving disease: Longitudinal mark-
ers, monitoring, and clinical trial endpoints in ALS. Frontiers 
in Neurology, 10, 229. https://​doi.​org/​10.​3389/​fneur.​2019.​00229

Chipika, R. H., Siah, W. F., McKenna, M. C., Li Hi Shing, S., 
Hardiman, O., & Bede, P. (2020). The presymptomatic phase 
of amyotrophic lateral sclerosis: Are we merely scratching 
the surface? Journal of Neurology. https://​doi.​org/​10.​1007/​
s00415-​020-​10289-5

Christidi, F., Karavasilis, E., Rentzos, M., Kelekis, N., Evdokimidis, 
I., & Bede, P. (2018). Clinical and radiological markers of extra-
motor deficits in amyotrophic lateral sclerosis. Frontiers in Neu-
rology, 9, 1005. https://​doi.​org/​10.​3389/​fneur.​2018.​01005

Christidi, F., Karavasilis, E., Rentzos, M., Velonakis, G., Zouve-
lou, V., Xirou, S., Argyropoulos, G., Papatriantafyllou, I., 
Pantolewn, V., Ferentinos, P., Kelekis, N., & Bede, P. (2019). 
Hippocampal pathology in amyotrophic lateral sclerosis: Selec-
tive vulnerability of subfields and their associated projections. 
Neurobiology of Aging, 84, 178–188. https://​doi.​org/​10.​1016/j.​
neuro​biola​ging.​2019.​07.​019

Costello, E., Rooney, J., Pinto-Grau, M., Burke, T., Elamin, M., 
Bede, P., McMackin, R., Dukic, S., Vajda, A., Heverin, M., 
Hardiman, O., & Pender, N. (2021). Cognitive reserve in amyo-
trophic lateral sclerosis (ALS): A population-based longitudi-
nal study. Journal of Neurology, Neurosurgery and Psychiatry. 
https://​doi.​org/​10.​1136/​jnnp-​2020-​324992

De Maindreville, A., Bedos, L., & Bakchine, S. (2015). Systemic 
sarcoidosis mimicking a behavioural variant of frontotempo-
ral dementia. Case Reports in Neurological Medicine, 2015, 
409126. https://​doi.​org/​10.​1155/​2015/​409126

Devos, D., Moreau, C., Kyheng, M., Garcon, G., Rolland, A. S., 
Blasco, H., Pradat, P. F., et  al. (2019). A ferroptosis-based 
panel of prognostic biomarkers for amyotrophic lateral sclero-
sis. Science and Reports, 9(1), 2918. https://​doi.​org/​10.​1038/​
s41598-​019-​39739-5

Di Fede, G., Catania, M., Atzori, C., Moda, F., Pasquali, C., Indaco, 
A., et al. (2019). Clinical and neuropathological phenotype asso-
ciated with the novel V189I mutation in the prion protein gene. 
Acta Neuropathologica Communications, 7(1), 1. https://​doi.​org/​
10.​1186/​s40478-​018-​0656-4.

https://doi.org/10.1111/neup.12538
https://doi.org/10.1001/jamaneurol.2014.347
https://doi.org/10.1001/jamaneurol.2014.347
https://doi.org/10.1016/j.nicl.2019.102054
https://doi.org/10.1016/j.nicl.2017.06.010
https://doi.org/10.3109/21678421.2016.1173702
https://doi.org/10.1007/s11682-018-9837-9
https://doi.org/10.1007/s11682-018-9837-9
https://doi.org/10.1097/wco.0000000000000569
https://doi.org/10.1212/wnl.0000000000009760
https://doi.org/10.1212/wnl.0000000000009760
https://doi.org/10.1212/cpj.0000000000000738
https://doi.org/10.1212/cpj.0000000000000738
https://doi.org/10.1371/journal.pone.0198116
https://doi.org/10.1371/journal.pone.0198116
https://doi.org/10.1002/ana.23937
https://doi.org/10.1080/21678421.2016.1177088
https://doi.org/10.1080/21678421.2016.1272615
https://doi.org/10.1080/21678421.2016.1272615
https://doi.org/10.1371/journal.pone.0160850
https://doi.org/10.1371/journal.pone.0160850
https://doi.org/10.1016/S1474-4422(12)70014-5
https://doi.org/10.1016/S1474-4422(12)70014-5
https://doi.org/10.1093/brain/awu183
https://doi.org/10.1093/brain/awu183
https://doi.org/10.1016/j.jns.2020.117039
https://doi.org/10.3389/fneur.2019.00229
https://doi.org/10.1007/s00415-020-10289-5
https://doi.org/10.1007/s00415-020-10289-5
https://doi.org/10.3389/fneur.2018.01005
https://doi.org/10.1016/j.neurobiolaging.2019.07.019
https://doi.org/10.1016/j.neurobiolaging.2019.07.019
https://doi.org/10.1136/jnnp-2020-324992
https://doi.org/10.1155/2015/409126
https://doi.org/10.1038/s41598-019-39739-5
https://doi.org/10.1038/s41598-019-39739-5
https://doi.org/10.1186/s40478-018-0656-4
https://doi.org/10.1186/s40478-018-0656-4


1205Brain Imaging and Behavior (2022) 16:1196–1207	

1 3

Dickie, E. W., Anticevic, A., Smith, D. E., Coalson, T. S., Manogaran, 
M., Calarco, N., et al. (2019). Ciftify: A framework for surface-
based analysis of legacy MR acquisitions. Neuroimage., 15(197), 
818–826. https://​doi.​org/​10.​1016/j.​neuro​image.​2019.​04.​078.

Du, A.-T., Schuff, N., Kramer, J. H., Rosen, H. J., Gorno-Tempini, M. 
L., Rankin, K., Miller, B. L., & Weiner, M. W. (2007). Different 
regional patterns of cortical thinning in Alzheimer’s disease and 
frontotemporal dementia. Brain, 130(4), 1159–1166. https://​doi.​
org/​10.​1093/​brain/​awm016

Dukic, S., McMackin, R., Buxo, T., Fasano, A., Chipika, R., Pinto-
Grau, M., Costello, E., Schuster, C., Hammond, M., Heverin, M., 
Coffey, A., & Nasseroleslami, B. (2019). Patterned functional net-
work disruption in amyotrophic lateral sclerosis. Human Brain 
Mapping, 40(16), 4827–4842. https://​doi.​org/​10.​1002/​hbm.​24740

El Mendili, M. M., Querin, G., Bede, P., & Pradat, P. F. (2019). 
Spinal cord imaging in amyotrophic lateral sclerosis: Histori-
cal concepts-novel techniques. Frontiers in Neurology, 10, 350. 
https://​doi.​org/​10.​3389/​fneur.​2019.​00350

Elamin, M., Pinto-Grau, M., Burke, T., Bede, P., Rooney, J., O’Sullivan, 
M., Lonergan, K., Kirby, E., Quinlan, E., Breen, N., Vajda, A., & 
Hardiman, O. (2017). Identifying behavioural changes in ALS: 
Validation of the Beaumont Behavioural Inventory (BBI). Amyo-
trophic Lateral Sclerosis and Frontotemporal Degeneration, 
18(1–2), 68–73. https://​doi.​org/​10.​1080/​21678​421.​2016.​12489​76

Finegan, E., Chipika, R. H., Li-Hi-Shing, S., Doherty, M. A., Hen-
geveld, J. C., Vajda, A., Donaghy, C., McLaughlin, R. L., Pender, 
N., Hardiman, O., & Bede, P. (2019). The clinical and radio-
logical profile of primary lateral sclerosis: A population-based 
study. J Neurol, 266(11), 2718–2733. https://​doi.​org/​10.​1007/​
s00415-​019-​09473-z

Finegan, E., Chipika, R. H., Shing, S. L. H., Hardiman, O., & Bede, P. 
(2019). Primary lateral sclerosis: A distinct entity or part of the 
ALS spectrum? Amyotrophic Lateral Sclerosis and Frontotem-
poral Degeneration, 20(3–4), 133–145. https://​doi.​org/​10.​1080/​
21678​421.​2018.​15505​18

Fried-Oken, M., Mooney, A., & Peters, B. (2015). Supporting com-
munication for patients with neurodegenerative disease. NeuroRe-
habilitation, 37(1), 69–87. https://​doi.​org/​10.​3233/​NRE-​151241

Fukutomi, H., Glasser, M. F., Zhang, H., Autio, J. A., Coalson, T. S., 
Okada, T., et al. (2018). Neurite imaging reveals microstructural 
variations in human cerebral cortical gray matter. Neuroimage., 
15(182), 488–499. https://​doi.​org/​10.​1016/j.​neuro​image.​2018.​02.​
017.

Geser, F., Martinez-Lage, M., Robinson, J., Uryu, K., Neumann, M., 
Brandmeir, N. J., Xie, S. X., Kwong, L. K., Elman, L., McClus-
key, L., Clark, C. M., & Trojanowski, J. Q. (2009). Clinical and 
pathological continuum of multisystem TDP-43 proteinopathies. 
Archives of Neurology, 66(2), 180–189. https://​doi.​org/​10.​1001/​
archn​eurol.​2008.​558

Gorno-Tempini, M. L., Hillis, A. E., Weintraub, S., Kertesz, A., Men-
dez, M., Cappa, S. F., Ogar, J. M., Rohrer, J. D., Black, S., Boeve, 
B. F., Manes, F., & Grossman, M. (2011). Classification of pri-
mary progressive aphasia and its variants. Neurology, 76(11), 
1006–1014.

Grollemund, V., Chat, G. L., Secchi-Buhour, M. S., Delbot, F., Pradat-
Peyre, J. F., Bede, P., & Pradat, P. F. (2020). Development and 
validation of a 1-year survival prognosis estimation model for 
Amyotrophic Lateral Sclerosis using manifold learning algorithm 
UMAP. Science and Reports, 10(1), 13378. https://​doi.​org/​10.​
1038/​s41598-​020-​70125-8

Grollemund, V., Le Chat, G., Secchi-Buhour, M. S., Delbot, F., Pradat-
Peyre, J. F., Bede, P., & Pradat, P. F. (2020). Manifold learning for 
amyotrophic lateral sclerosis functional loss assessment : Devel-
opment and validation of a prognosis model. Journal of Neurol-
ogy. https://​doi.​org/​10.​1007/​s00415-​020-​10181-2

Grollemund, V., Pradat, P. F., Querin, G., Delbot, F., Le Chat, G., 
Pradat-Peyre, J. F., & Bede, P. (2019). Machine learning in amyo-
trophic lateral sclerosis: Achievements, pitfalls, and future direc-
tions. Frontiers in Neuroscience, 13, 135. https://​doi.​org/​10.​3389/​
fnins.​2019.​00135

Hardiman, O., Doherty, C. P., Elamin, M., & Bede, P. (2016). In: O. 
Hardiman, C. P. Doherty, M. Elamin, & P. Bede (eds.) Neuro-
degenerative disorders: A clinical guide. New York: Springer 
International Publishing.

Harper, L., Barkhof, F., Scheltens, P., Schott, J. M., & Fox, N. C. 
(2014). An algorithmic approach to structural imaging in demen-
tia. Journal of Neurology, Neurosurgery & Psychiatry, 85(6), 
692–698. https://​doi.​org/​10.​1136/​jnnp-​2013-​306285

Harris, J. M., Gall, C., Thompson, J. C., Richardson, A. M. T., Neary, 
D., du Plessis, D., Pal, P., Mann, D. M., Snowden, J. S., & Jones, 
M. (2013). Sensitivity and specificity of FTDC criteria for behav-
ioral variant frontotemporal dementia. Neurology, 80(20), 1881. 
https://​doi.​org/​10.​1212/​WNL.​0b013​e3182​92a342

Harrison Dening, K., Sampson, E. L., & De Vries, K. (2019). Advance 
care planning in dementia: Recommendations for health-
care professionals. Palliative Care, 12, 1178224219826579–
1178224219826579. https://​doi.​org/​10.​1177/​11782​24219​826579

Hodges, J. R., Mitchell, J., Dawson, K., Spillantini, M. G., Xuereb, J. 
H., McMonagle, P., & Patterson, K. (2010). Semantic dementia: 
Demography, familial factors and survival in a consecutive series 
of 100 cases. Brain, 133(Pt 1), 300–306. https://​doi.​org/​10.​1093/​
brain/​awp248

Kito, Y., Kazui, H., Kubo, Y., Yoshida, T., Takaya, M., Wada, T., 
Nomura, K., Hashimoto, M., Ohkawa, S., Miyake, H., Ishikawa, 
M., & Takeda, M. (2009). Neuropsychiatric symptoms in patients 
with idiopathic normal pressure hydrocephalus. Behavioural Neu-
rology, 21, 165–174. https://​doi.​org/​10.​3233/​BEN-​2009-​0233

Kotagal, V., Lorincz, M. T., & Bohnen, N. I. (2012). A frontotem-
poral dementia-like syndrome mimicking postpartum depression 
detected by 18F fluorodeoxyglucose positron emission tomogra-
phy. Clinical Nuclear Medicine, 37(9), e223–e224.

Li Hi Shing, S., McKenna, M. C., Siah, W. F., Chipika, R. H., Hardi-
man, O., & Bede, P. (2021). The imaging signature of C9orf72 
hexanucleotide repeat expansions: Implications for clinical trials 
and therapy development. Brain Imaging and Behavior. https://​
doi.​org/​10.​1007/​s11682-​020-​00429-w

Marcus, D. S., Harwell, J., Olsen, T., Hodge, M., Glasser, M. F., Prior, 
F., et al. (2011). Informatics and data mining tools and strategies 
for the human connectome project. Front Neuroinform., 27(5), 4. 
https://​doi.​org/​10.​3389/​fninf.​2011.​00004.

McFarquhar, M., McKie, S., Emsley, R., Suckling, J., Elliott, R., & 
Williams, S. (2016). Multivariate and repeated measures (MRM): 
A new toolbox for dependent and multimodal group-level neuro-
imaging data. Neuroimage., 15(132), 373–389. https://​doi.​org/​10.​
1016/j.​neuro​image.​2016.​02.​053.

McKeon, A., Marnane, M., O’Connell, M., Stack, J. P., Kelly, P. J., 
& Lynch, T. (2007). Potassium channel antibody–associated 
encephalopathy presenting with a frontotemporal dementia–like 
syndrome. Archives of Neurology, 64(10), 1528–1530. https://​doi.​
org/​10.​1001/​archn​eur.​64.​10.​1528

McMahon, P., Araki, S., Sandberg, E., Neumann, P., & Gazelle, G. 
(2003). Cost-effectiveness of PET in the diagnosis of Alzheimer 
disease1. Radiology, 228, 515–522. https://​doi.​org/​10.​1148/​radiol.​
22820​20915

Meeter, L. H. H., Steketee, R. M. E., Salkovic, D., Vos, M. E., Gross-
man, M., McMillan, C. T., Irwin, D. J., Boxer, A. L., Rojas, J. C., 
Olney, N. T., Karydas, A., & Van Swieten, J. C. (2019). Clinical 
value of cerebrospinal fluid neurofilament light chain in seman-
tic dementia. Journal of Neurology, Neurosurgery & Psychiatry, 
90(9), 997–1004. https://​doi.​org/​10.​1136/​jnnp-​2018-​319784

https://doi.org/10.1016/j.neuroimage.2019.04.078
https://doi.org/10.1093/brain/awm016
https://doi.org/10.1093/brain/awm016
https://doi.org/10.1002/hbm.24740
https://doi.org/10.3389/fneur.2019.00350
https://doi.org/10.1080/21678421.2016.1248976
https://doi.org/10.1007/s00415-019-09473-z
https://doi.org/10.1007/s00415-019-09473-z
https://doi.org/10.1080/21678421.2018.1550518
https://doi.org/10.1080/21678421.2018.1550518
https://doi.org/10.3233/NRE-151241
https://doi.org/10.1016/j.neuroimage.2018.02.017
https://doi.org/10.1016/j.neuroimage.2018.02.017
https://doi.org/10.1001/archneurol.2008.558
https://doi.org/10.1001/archneurol.2008.558
https://doi.org/10.1038/s41598-020-70125-8
https://doi.org/10.1038/s41598-020-70125-8
https://doi.org/10.1007/s00415-020-10181-2
https://doi.org/10.3389/fnins.2019.00135
https://doi.org/10.3389/fnins.2019.00135
https://doi.org/10.1136/jnnp-2013-306285
https://doi.org/10.1212/WNL.0b013e318292a342
https://doi.org/10.1177/1178224219826579
https://doi.org/10.1093/brain/awp248
https://doi.org/10.1093/brain/awp248
https://doi.org/10.3233/BEN-2009-0233
https://doi.org/10.1007/s11682-020-00429-w
https://doi.org/10.1007/s11682-020-00429-w
https://doi.org/10.3389/fninf.2011.00004
https://doi.org/10.1016/j.neuroimage.2016.02.053
https://doi.org/10.1016/j.neuroimage.2016.02.053
https://doi.org/10.1001/archneur.64.10.1528
https://doi.org/10.1001/archneur.64.10.1528
https://doi.org/10.1148/radiol.2282020915
https://doi.org/10.1148/radiol.2282020915
https://doi.org/10.1136/jnnp-2018-319784


1206	 Brain Imaging and Behavior (2022) 16:1196–1207

1 3

Mueller, C., Hussl, A., Krismer, F., Heim, B., Mahlknecht, P., Nocker, 
M., Scherfler, C., Mair, K., Esterhammer, R., Schocke, M., & 
Wenning, G. K. (2018). The diagnostic accuracy of the humming-
bird and morning glory sign in patients with neurodegenerative 
parkinsonism. Parkinsonism & Related Disorders, 54, 90–94. 
https://​doi.​org/​10.​1016/j.​parkr​eldis.​2018.​04.​005

Muqit, M. M. K., Mort, D., Miszkiel, K. A., & Shakir, R. A. (2001). 
“Hot cross bun” sign in a patient with parkinsonism secondary to 
presumed vasculitis. Journal of Neurology, Neurosurgery Psy-
chiatry, 71(4), 565–566. https://​doi.​org/​10.​1136/​jnnp.​71.4.​565

Nasseroleslami, B., Dukic, S., Broderick, M., Mohr, K., Schuster, C., 
Gavin, B., McLaughlin, R., Heverin, M., Vajda, A., Iyer, P. M., & 
Hardiman, O. (2019). Characteristic increases in EEG connectiv-
ity correlate with changes of structural MRI in amyotrophic lateral 
sclerosis. Cerebral Cortex, 29(1), 27–41. https://​doi.​org/​10.​1093/​
cercor/​bhx301

Nishio, Y., Nakano, Y., Matsumoto, K., Hashimoto, M., Kazui, H., 
Hirono, N., Ishii, K., & Mori, E. (2003). Striatal infarcts mimick-
ing frontotemporal dementia: A case report. European Journal of 
Neurology, 10(4), 457–460. https://​doi.​org/​10.​1046/j.​1468-​1331.​
2003.​00628.x

Omer, T., Finegan, E., Hutchinson, S., Doherty, M., Vajda, A., 
McLaughlin, R. L., Pender, N., Hardiman, O., & Bede, P. (2017). 
Neuroimaging patterns along the ALS-FTD spectrum: A mul-
tiparametric imaging study. Amyotrophic Lateral Sclerosis and 
Frontotemporal Degeneration, 18(7–8), 611–623. https://​doi.​org/​
10.​1080/​21678​421.​2017.​13320​77

Paterson, R. W., Slattery, C. F., Poole, T., Nicholas, J. M., Magdalinou, 
N. K., Toombs, J., Chapman, M. D., Lunn, M. P., Heslegrave, A. 
J., Foiani, M. S., & Schott, J. M. (2018). Cerebrospinal fluid in 
the differential diagnosis of Alzheimer’s disease: Clinical utility 
of an extended panel of biomarkers in a specialist cognitive clinic. 
Alzheimer’s Research & Therapy, 10(1), 32. https://​doi.​org/​10.​
1186/​s13195-​018-​0361-3

Perry, D. C., Brown, J. A., Possin, K. L., Datta, S., Trujillo, A., Radke, 
A., Karydas, A., Kornak, J., Sias, A. C., Rabinovici, G. D., & 
Gorno-Tempini, M. L. (2017). Clinicopathological correlations 
in behavioural variant frontotemporal dementia. Brain, 140(12), 
3329–3345. https://​doi.​org/​10.​1093/​brain/​awx254

Piguet, O., Hornberger, M., Shelley, B. P., Kipps, C. M., & Hodges, 
J. R. (2009). Sensitivity of current criteria for the diagnosis of 
behavioral variant frontotemporal dementia. Neurology, 72(8), 
732–737. https://​doi.​org/​10.​1212/​01.​wnl.​00003​43004.​98599.​45

Proudfoot, M., Bede, P., & Turner, M. R. (2018). Imaging cerebral 
activity in amyotrophic lateral sclerosis. Frontiers in Neurology, 
9, 1148. https://​doi.​org/​10.​3389/​fneur.​2018.​01148

Qin, Q., Tang, Y., Dou, X., Qu, Y., Xing, Y., Yang, J., Chu, T., Liu, Y., 
& Jia, J. (2021). Default mode network integrity changes contrib-
ute to cognitive deficits in subcortical vascular cognitive impair-
ment, no dementia. Brain Imaging and Behavior, 15(1), 255–265. 
https://​doi.​org/​10.​1007/​s11682-​019-​00252-y

G, Bede P, El Mendili MM, Li M, Pélégrini-Issac M, Rinaldi D, Catala 
M, Saracino D, Salachas F, Camuzat A, Marchand-Pauvert V, 
Cohen-Adad J, Colliot O, Le Ber I, Pradat PF; Predict to Pre-
vent Frontotemporal Lobar Degeneration and Amyotrophic Lat-
eral Sclerosis Study Group. (2019). Presymptomatic spinal cord 
pathology in c9orf72 mutation carriers: A longitudinal neuroim-
aging study. Annals of Neurology, 86(2), 158–167. https://​doi.​org/​
10.​1002/​ana.​25520.

Querin, G., El Mendili, M. M., Bede, P., Delphine, S., Lenglet, T., 
Marchand-Pauvert, V., & Pradat, P. F. (2018). Multimodal spinal 
cord MRI offers accurate diagnostic classification in ALS. Journal 
of Neurology, Neurosurgery and Psychiatry, 89(11), 1220–1221. 
https://​doi.​org/​10.​1136/​jnnp-​2017-​317214

Querin, G., El Mendili, M. M., Lenglet, T., Behin, A., Stojkovic, T., 
Salachas, F., Devos, D., Le Forestier, N., del Mar, A. M., Debs, 

R., Lacomblez, L., & Pradat, P. F. (2019). The spinal and cerebral 
profile of adult spinal-muscular atrophy: A multimodal imaging 
study. Neuroimage Clin, 21, 101618. https://​doi.​org/​10.​1016/j.​
nicl.​2018.​101618

Radakovic, R., Stephenson, L., Colville, S., Swingler, R., Chandran, 
S., & Abrahams, S. (2016). Multidimensional apathy in ALS: 
Validation of the Dimensional Apathy Scale. Journal of Neurol-
ogy, Neurosurgery and Psychiatry, 87(6), 663–669. https://​doi.​
org/​10.​1136/​jnnp-​2015-​310772

Rajagopalan, V., & Pioro, E. P. (2015). Comparing brain structural 
MRI and metabolic FDG-PET changes in patients with ALS-FTD: 
‘The chicken or the egg?’ question. Journal of Neurology, Neu-
rosurgery Psychiatry, 86(9), 952–958. https://​doi.​org/​10.​1136/​
jnnp-​2014-​308239

Rascovsky, K., Hodges, J. R., Knopman, D., Mendez, M. F., Kramer, 
J. H., Neuhaus, J., Van Swieten, J. C., Seelaar, H., Dopper, E. 
G., Onyike, C. U., & Hillis, A. E. (2011). Sensitivity of revised 
diagnostic criteria for the behavioural variant of frontotemporal 
dementia. Brain, 134(Pt 9), 2456–2477. https://​doi.​org/​10.​1093/​
brain/​awr179

Rasmussen, H., Hellzen, O., Stordal, E., & Enmarker, I. (2019). Family 
caregivers experiences of the pre-diagnostic stage in frontotempo-
ral dementia. Geriatric Nursing, 40(3), 246–251. https://​doi.​org/​
10.​1016/j.​gerin​urse.​2018.​10.​006

Rohrer, J. D., Lashley, T., Schott, J. M., Warren, J. E., Mead, S., Isaacs, 
A. M., et al. (2011). Clinical and neuroanatomical signatures of 
tissue pathology in frontotemporal lobar degeneration. Brain, 
134(9), 2565–2581. https://​doi.​org/​10.​1093/​brain/​awr198.

Schaefer, A., Kong, R., Gordon, E. M., Laumann, T. O., Zuo, X. N., 
Holmes, A. J., et al. (2018). Local-Global Parcellation of the 
Human Cerebral Cortex from Intrinsic Functional Connectivity 
MRI. Cereb Cortex., 28(9), 3095–3114. https://​doi.​org/​10.​1093/​
cercor/​bhx179.

Schuster, C., Elamin, M., Hardiman, O., & Bede, P. (2015). Presympto-
matic and longitudinal neuroimaging in neurodegeneration–from 
snapshots to motion picture: A systematic review. Journal of Neu-
rology, Neurosurgery and Psychiatry, 86(10), 1089–1096. https://​
doi.​org/​10.​1136/​jnnp-​2014-​309888

Schuster, C., Elamin, M., Hardiman, O., & Bede, P. (2016). The seg-
mental diffusivity profile of amyotrophic lateral sclerosis associ-
ated white matter degeneration. European Journal of Neurology, 
23(8), 1361–1371. https://​doi.​org/​10.​1111/​ene.​13038

Schuster, C., Hardiman, O., & Bede, P. (2016). Development of an 
automated MRI-based diagnostic protocol for amyotrophic lat-
eral sclerosis using disease-specific pathognomonic features: A 
quantitative disease-state classification study. PLoS ONE, 11(12), 
e0167331. https://​doi.​org/​10.​1371/​journ​al.​pone.​01673​31

Seo, S. W., Ahn, J., Yoon, U., Im, K., Lee, J.-M., Tae Kim, S., Ahn, 
H. J., Chin, J., Jeong, Y., & Na, D. L. (2010). Cortical thinning 
in vascular mild cognitive impairment and vascular dementia of 
subcortical type. Journal of Neuroimaging, 20(1), 37–45. https://​
doi.​org/​10.​1111/j.​1552-​6569.​2008.​00293.x

Shafto, M. A., Tyler, L. K., Dixon, M., Taylor, J. R., Rowe, J. B., 
Cusack, R., Calder, A. J., Marslen-Wilson, W. D., Duncan, J., 
Dalgleish, T., Henson, R. N., & Matthews, F. E. (2014). The Cam-
bridge Centre for Ageing and Neuroscience (Cam-CAN) study 
protocol: A cross-sectional, lifespan, multidisciplinary examina-
tion of healthy cognitive ageing. BMC Neurology, 14, 204. https://​
doi.​org/​10.​1186/​s12883-​014-​0204-1

Shivamurthy, V. K. N., Tahari, A. K., Marcus, C., & Subramaniam, 
R. M. (2014). Brain FDG PET and the diagnosis of dementia. 
American Journal of Roentgenology, 204(1), W76–W85. https://​
doi.​org/​10.​2214/​AJR.​13.​12363

Snowden, J., Neary, D., & Mann, D. (2007). Frontotemporal lobar 
degeneration: Clinical and pathological relationships. Acta 

https://doi.org/10.1016/j.parkreldis.2018.04.005
https://doi.org/10.1136/jnnp.71.4.565
https://doi.org/10.1093/cercor/bhx301
https://doi.org/10.1093/cercor/bhx301
https://doi.org/10.1046/j.1468-1331.2003.00628.x
https://doi.org/10.1046/j.1468-1331.2003.00628.x
https://doi.org/10.1080/21678421.2017.1332077
https://doi.org/10.1080/21678421.2017.1332077
https://doi.org/10.1186/s13195-018-0361-3
https://doi.org/10.1186/s13195-018-0361-3
https://doi.org/10.1093/brain/awx254
https://doi.org/10.1212/01.wnl.0000343004.98599.45
https://doi.org/10.3389/fneur.2018.01148
https://doi.org/10.1007/s11682-019-00252-y
https://doi.org/10.1002/ana.25520
https://doi.org/10.1002/ana.25520
https://doi.org/10.1136/jnnp-2017-317214
https://doi.org/10.1016/j.nicl.2018.101618
https://doi.org/10.1016/j.nicl.2018.101618
https://doi.org/10.1136/jnnp-2015-310772
https://doi.org/10.1136/jnnp-2015-310772
https://doi.org/10.1136/jnnp-2014-308239
https://doi.org/10.1136/jnnp-2014-308239
https://doi.org/10.1093/brain/awr179
https://doi.org/10.1093/brain/awr179
https://doi.org/10.1016/j.gerinurse.2018.10.006
https://doi.org/10.1016/j.gerinurse.2018.10.006
https://doi.org/10.1093/brain/awr198
https://doi.org/10.1093/cercor/bhx179
https://doi.org/10.1093/cercor/bhx179
https://doi.org/10.1136/jnnp-2014-309888
https://doi.org/10.1136/jnnp-2014-309888
https://doi.org/10.1111/ene.13038
https://doi.org/10.1371/journal.pone.0167331
https://doi.org/10.1111/j.1552-6569.2008.00293.x
https://doi.org/10.1111/j.1552-6569.2008.00293.x
https://doi.org/10.1186/s12883-014-0204-1
https://doi.org/10.1186/s12883-014-0204-1
https://doi.org/10.2214/AJR.13.12363
https://doi.org/10.2214/AJR.13.12363


1207Brain Imaging and Behavior (2022) 16:1196–1207	

1 3

Neuropathologica, 114(1), 31–38. https://​doi.​org/​10.​1007/​
s00401-​007-​0236-3

Spreadbury, J. H., & Kipps, C. (2017). Measuring younger onset 
dementia: What the qualitative literature reveals about the ‘lived 
experience’ for patients and caregivers. Dementia, 18(2), 579–
598. https://​doi.​org/​10.​1177/​14713​01216​684401

Steinacker, P., Semler, E., Anderl-Straub, S., Diehl-Schmid, J., Schro-
eter, M. L., Uttner, I., Foerstl, H., Landwehrmeyer, B., von Arnim, 
C. A., Kassubek, J., Oeckl, P., & Otto, M. (2017). Neurofilament 
as a blood marker for diagnosis and monitoring of primary pro-
gressive aphasias. Neurology, 88(10), 961–969. https://​doi.​org/​
10.​1212/​wnl.​00000​00000​003688

Strong, M. J., Abrahams, S., Goldstein, L. H., Woolley, S., McLaugh-
lin, P., Snowden, J., Mioshi, E., Roberts-South, A., Benatar, M., 
HortobáGyi, T., Rosenfeld, J., & Turner, M. R. (2017). Amyo-
trophic lateral sclerosis - frontotemporal spectrum disorder (ALS-
FTSD): Revised diagnostic criteria. Amyotrophic Lateral Sclerosis 
& Frontotemporal Degeneration, 18(3–4), 153–174. https://​doi.​
org/​10.​1080/​21678​421.​2016.​12677​68

Swift, I. J., Sogorb-Esteve, A., Heller, C., Synofzik, M., Otto, M., 
Graff, C., Galimberti, D., Todd, E., Heslegrave, A. J., Van Der 
Ende, E. L., Van Swieten, J. C., & Rohrer, J. D. (2021). Fluid 
biomarkers in frontotemporal dementia: Past, present and future. 
Journal of Neurology, Neurosurgery & Psychiatry, 92(2), 204–
215. https://​doi.​org/​10.​1136/​jnnp-​2020-​323520

Tahedl, M., Chipika, R. H., Lope, J., Li H -Shing, S., Hardiman, O., 
& Bede, P. (2021). Cortical progression patterns in individual 
ALS patients across multiple timepoints: A mosaic-based 
approach for clinical use. J Neurol. https://​doi.​org/​10.​1007/​
s00415-​020-​10368-7

Trojsi, F., D’Alvano, G., Bonavita, S., & Tedeschi, G. (2020). Genet-
ics and sex in the pathogenesis of amyotrophic lateral sclerosis 
(ALS): Is there a link? International Journal of Molecular Sci-
ences, 21(10), 3647. https://​doi.​org/​10.​3390/​ijms2​11036​47

Van Essen DC, Smith SM, Barch DM, Behrens TE, Yacoub E, Ugurbil 
K; WU-Minn HCP Consortium. (2013). The WU-Minn Human 
Connectome Project: an overview. Neuroimage., 15(80), 62–79. 
https://​doi.​org/​10.​1016/j.​neuro​image.​2013.​05.​041.

Verstraete, E., Turner, M. R., Grosskreutz, J., Filippi, M., & Benatar, 
M. (2015). Mind the gap: The mismatch between clinical and 
imaging metrics in ALS. Amyotrophic Lateral Sclerosis and Fron-
totemporal Degeneration, 16(7–8), 524–529. https://​doi.​org/​10.​
3109/​21678​421.​2015.​10519​89

Way, C., Pettersson, D., & Hiller, A. (2019). The “hot cross bun” sign 
is not always multiple system atrophy: Etiologies of 11 cases. 

Journal of Movement Disorders, 12(1), 27–30. https://​doi.​org/​10.​
14802/​jmd.​18031

Whitwell, J. L., Jack, C. R., Parisi, J. E., Knopman, D. S., Boeve, B. F., 
Petersen, R. C., Dickson, D. W., & Josephs, K. A. (2011). Imaging 
signatures of molecular pathology in behavioral variant frontotem-
poral dementia. Journal of Molecular Neuroscience, 45(3), 372. 
https://​doi.​org/​10.​1007/​s12031-​011-​9533-3

Whitwell, J. L., Josephs, K. A., Rossor, M. N., Stevens, J. M., Revesz, 
T., Holton, J. L., Al-Sarraj, S., Godbolt, A. K., Fox, N. C., & War-
ren, J. D. (2005). Magnetic resonance imaging signatures of tis-
sue pathology in frontotemporal dementia. Archives of Neurology, 
62(9), 1402–1408. https://​doi.​org/​10.​1001/​archn​eur.​62.9.​1402

Whitwell, J. L., Weigand, S. D., Boeve, B. F., Senjem, M. L., Gunter, J. 
L., DeJesus-Hernandez, M., Rutherford, N. J., Baker, M., Knop-
man, D. S., Wszolek, Z. K., & Parisi, J. E. (2012). Neuroimaging 
signatures of frontotemporal dementia genetics: C9ORF72, tau, 
progranulin and sporadics. Brain, 135(Pt 3), 794–806. https://​doi.​
org/​10.​1093/​brain/​aws001

Yeo, B. T., Krienen, F. M., Sepulcre, J., Sabuncu, M. R., Lashkari, D., 
Hollinshead, M., et al. (2011). The organization of the human 
cerebral cortex estimated by intrinsic functional connectivity. J 
Neurophysiol., 106(3), 1125–65. https://​doi.​org/​10.​1152/​jn.​00338.​
2011.

Younes, K., Lepow, L. A., Estrada, C., & Schulz, P. E. (2018). Auto-
antibodies against P/Q- and N-type voltage-dependent calcium 
channels mimicking frontotemporal dementia. SAGE Open Medi-
cal Case Reports, 6, 2050313x1775092. https://​doi.​org/​10.​1177/​
20503​13X17​750928

Yunusova, Y., Plowman, E. K., Green, J. R., Barnett, C., & Bede, P. 
(2019). Clinical measures of bulbar dysfunction in ALS. Frontiers 
in Neurology, 10, 106. https://​doi.​org/​10.​3389/​fneur.​2019.​00106

Zhou, J., Greicius, M. D., Gennatas, E. D., Growdon, M. E., Jang, J. 
Y., Rabinovici, G. D., Kramer, J. H., Weiner, M., Miller, B. L., 
& Seeley, W. W. (2010). Divergent network connectivity changes 
in behavioural variant frontotemporal dementia and Alzheimer’s 
disease. Brain, 133(Pt 5), 1352–1367. https://​doi.​org/​10.​1093/​
brain/​awq075

Publisher's Note  Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.

https://doi.org/10.1007/s00401-007-0236-3
https://doi.org/10.1007/s00401-007-0236-3
https://doi.org/10.1177/1471301216684401
https://doi.org/10.1212/wnl.0000000000003688
https://doi.org/10.1212/wnl.0000000000003688
https://doi.org/10.1080/21678421.2016.1267768
https://doi.org/10.1080/21678421.2016.1267768
https://doi.org/10.1136/jnnp-2020-323520
https://doi.org/10.1007/s00415-020-10368-7
https://doi.org/10.1007/s00415-020-10368-7
https://doi.org/10.3390/ijms21103647
https://doi.org/10.1016/j.neuroimage.2013.05.041
https://doi.org/10.3109/21678421.2015.1051989
https://doi.org/10.3109/21678421.2015.1051989
https://doi.org/10.14802/jmd.18031
https://doi.org/10.14802/jmd.18031
https://doi.org/10.1007/s12031-011-9533-3
https://doi.org/10.1001/archneur.62.9.1402
https://doi.org/10.1093/brain/aws001
https://doi.org/10.1093/brain/aws001
https://doi.org/10.1152/jn.00338.2011
https://doi.org/10.1152/jn.00338.2011
https://doi.org/10.1177/2050313X17750928
https://doi.org/10.1177/2050313X17750928
https://doi.org/10.3389/fneur.2019.00106
https://doi.org/10.1093/brain/awq075
https://doi.org/10.1093/brain/awq075

	Mapping cortical disease-burden at individual-level in frontotemporal dementia: implications for clinical care and pharmacological trials
	Abstract
	Introduction
	Methods
	Recruitment
	Imaging pulse sequences
	Pre-processing
	Statistical analysis: the standard approach
	Statistical analyses: the ‘mosaic’ approach
	Inferential statistics of ‘mosaic’ maps
	Between group contrasts
	Region-of-interest statistics

	Results
	Discussion
	Conclusions
	References


