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Abstract 

Background: The presymptomatic brain changes of granulin (GRN) disease, preceding by years 

frontotemporal dementia (FTD), has not been fully characterized. New approaches focus on the 

spatial chronnectome can capture both spatial network configurations and their dynamic changes 

over time. 

Objective: To investigate the spatial dynamics in 141 presymptomatic GRN mutation carriers and 

282 non-carriers from the Genetic Frontotemporal dementia research Initiative (GENFI) cohort. 

Methods: We considered time-varying patterns of the default mode network, the language 

network, and the salience network, each summarized into four distinct recurring spatial 

configurations. Dwell time (DT) (the time each individual spends in each spatial state of each 

network), fractional occupacy (FO) (the total percentage of time spent by each individual in a state 

of a specific network) and total transition number (TN) (the total number of transitions performed 

by each individual in a specifict state) were considered. Correlations between DT, FO and TN and 

estimated years from expected symptom onset (EYO) and clinical performances were assessed. 

Results: Presymptomatic GRN mutation carriers spent significantly more time in those spatial states 

characterised by greater activation of the insula and the parietal cortices, as compared to non-

carriers (p<0.05, FDR-corrected). A significant correlation between DT and FO of these spatial states 

and EYO was found, the longer the time spent in the spatial states, the closer the EYO. DT and FO 

significantly correlated with performances at tests tapping processing speed, with worse scores 

associated with increased spatial states’ DT. 

Conclusion: Our results demonstrated that presymptomatic GRN disease presents a complex 

dynamic reorganization of brain connectivity. Change in both the spatial and temporal aspects of 
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brain network connectivity could provide a unique glimpse into brain function and potentially 

allowing a more sophisticated evaluation of the earliest disease changes and the understanding of 

possible mechanisms in GRN disease.  
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Introduction 

Frontotemporal dementia (FTD) is a clinical and neuropathological heterogeneous disorder, 

characterized by language impairment, deficits in executive functions, and behavioural and/or 

personality disturbances (Gorno-Tempini et al., 2011; Rascovsky et al., 2011). 

Pathogenetic mutations within the granulin (GRN) gene, one of the most common causes of 

familial FTD with TAR-DNA binding protein 43 (TDP-43) inclusions (Baker et al., 2006; Cruts et al., 

2006), mostly present with behavioral variant FTD or non-fluent primary progressive aphasia 

(Moore et al., 2020). Clinical symptoms are preceded by a long accrual of subtle changes, which 

provide a unique time-window to study the earliest disease stages. (Chitramuthu et al., 2017; 

Panman et al., 2021). In particular, the study of preclinical brain changes might give novel insights 

into the pathophysiological processes, and into potential compensatory mechanisms occurring 

before the onset of symptoms, thus representing potential targets of intervention. 

Only a few resting-state functional magnetic resonance imaging (MRI) connectivity studies are 

available so far, mainly suggesting the impairment of brain connectivity within the salience network 

(SN) and the default mode network (DMN) (Borroni et al., 2012; Dopper et al., 2013; Feis et al., 

2019; Lee et al., 2019; Enrico Premi et al., 2014; E. Premi et al., 2014; Premi et al., 2016). However, 

these studies hold a common assumption that each brain network is comprised of a fixed set of 

brain regions with a static spatial pattern over time (i.e., static functional network connectivity, 

sFNC) (Iraji et al., 2019a). This is indeed an oversimplification, as the resting brain is highly 

dynamic, with reoccurring variation in spatial patterns of brain functional organization during time 

(Calhoun et al., 2014; A Iraji et al., 2020). 

As such, while previous studies have focused on capturing dynamic brain network connectivity by 

assessing the variations in the temporal coupling between spatially static brain networks (Abrol et 

al., 2017; Allen et al., 2014; Calhoun et al., 2014; Armin Iraji et al., 2020; Miller et al., 2016), 
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recent studies have explored the possibility to capture time-varying spatial patterns of brain 

networks (Iraji et al., 2019a, 2019b). In other words, functional brain networks are only transiently 

isolated, and each brain network may assume different configurations in space (i.e., “dissemination 

in space”) during the scan period (i.e., “dissemination in time”) (A Iraji et al., 2020). This results in a 

number of identifiable spatial states, that may recruit distinct neuroanatomical brain regions, for 

each considered functional brain network (i.e. DMN or the SN). It is worth noting that spatial 

chronnectome focuses on variations in the spatial pattern of a given network (e.g., DMN) and 

leverages the spatial information to capture brain dynamics. This differs from performing dynamic 

functional network connectivity analysis on the subnetworks of a given network (e.g., evaluating 

dynamic functional network connectivity between subnetworks of DMN obtained from high model 

order ICA), which studies time-varying properties of the temporal couplings between subnetworks 

activity patterns (i.e., no spatial information is included in studying brain dynamics) (A Iraji et al., 

2020; Iraji et al., 2019a). 

In this view, a spatial chronnectome analysis may enable a more sophisticated evaluation of the 

spontaneously fluctuating nature of neuronal signals by assessing both spatial network 

configurations and their dynamic changes over time. Moreover, a spatial chronnectome analysis 

might be able to detect patterns of brain reorganization in the earliest phases of FTD pathology. 

Therefore, the goal of the present study is to investigate whether the spatial chronnectome 

approach may reveal the early dynamic changes in presymptomatic FTD. To this, we considered 

presymptomatic subjects with GRN mutations from the Genetic Frontotemporal dementia Initiative 

(GENFI) (www.genfi.org) (Rohrer et al., 2015). 

 

 

  

http://www.genfi.org/
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Methods 

Participants. Data for this study were drawn from the GENFI 2 multicentre cohort study (data freeze 

5), which consists of 26 research centres across Europe and Canada (www.genfi.org.uk). Inclusion and 

exclusion criteria have been previously described (Rohrer et al., 2015). Local ethics committees 

approved the study at each site, and all participants provided written informed consent according to 

the Declaration of Helsinki.  

For the aim of the present work, we considered subjects carrying a pathogenic mutation within the 

GRN gene and, as control group, their first-degree relatives not carrying pathogenetic GRN 

mutations, for whom an MRI scan acquired on a 3T scanner was available. 

Estimated years from expected symptom onset in presymptomatic GRN mutation carriers were 

calculated as the age of the participant at the time of the study assessment minus the mean familial 

age at symptom onset, as previously reported (Rohrer et al., 2015). Each subject underwent a 

standardised neuropsychological assessment, as previously reported (Rohrer et al., 2015). 

 

MRI acquisition. MRI protocol was common to all the GENFI sites and adapted for different 

scanners; no pre-study phantom harmonization was performed at local level. In summary, T2-

weighted echo planar imaging (EPI) sequences sensitized to blood oxygenation level dependent 

(BOLD) contrast for rs-fMRI were considered in the present study (Premi et al., 2019). As the 

volume numbers (ranging from 140 to 200) varied across the GENFI centres, we considered only 

the first 140 volumes of the EPI images for each subject. In particular, we had 369 subjects with 200 

timepoints that were cropped to 140, discharging the last 60 timepoints (mean acquisition time: 

326.22 ± 20.54 sec). From this point of view, Furthermore, differences in repetition times (TRs, 

ranging from 2200 ms to 2500 ms) (see Supplementary Table 1) has been considered in spatial 
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chronnectome preprocessing and analysis. During scanning, subjects were asked to keep their eyes 

closed, not to think of anything in particular, and not to fall asleep.  

 

Neuroimaging pre-processing and analyses. Functional data were pre-processed using the toolbox 

for Data Processing & Analysis for Brain Imaging (DPABI, http://rfmri.org/dpabi) (Yan et al., 2016) 

based on the Statistical Parametric Mapping (SPM12, https://www.fil.ion.ucl.ac.uk/spm/) software. 

For each subject, the first two volumes of the fMRI series were discharged to account for 

magnetization equilibration. The remaining 138 volumes underwent slice-timing correction and 

were realigned to the first volume. Any subject who had a maximum displacement in any direction 

larger than 2.5 mm, or a maximum rotation (x,y,z) larger than 2.5°, was excluded. We considered 

framewise displacement (FD) (Power et al., 2012) as a nuisance variable accounting for head 

motion during MRI scanning. Data were subsequently spatially normalized to the EPI unified 

segmentation template (considering that EPI normalization is able to reduce variability across 

subjects) (Calhoun et al., 2017) in Montreal Neurological Institute coordinates derived from SPM12 

software and resampled to 3x3x3 cubic voxels. Spatial smoothing with an isotropic Gaussian kernel 

with the full width at half-maximum of 6 mm was applied, followed pre-processing pipeline 

previously adopted for spatial chronnectome analysis (Iraji et al., 2019a). 

 

Functional Networks Decomposition. The functional imaging data were processed using the GIFT 

(GIFT toolbox, http://trendscenter.org/software/gift), and a spatially constrained multivariate 

objective optimization ICA with reference (MOO-ICAR) (Du et al., 2015; Du and Fan, 2013) was 

used to obtain spatial maps for selected large-scale networks, namely the default mode network 

(DMN), the language network (LN) and the salience network (SN), from a recently published set of 

brain networks (Iraji et al., 2019a). Spatial maps are used as reference templates to calculate 
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functional networks for each subject by maximizing independence in the context of the spatial 

constraint. These template maps include the brain networks with a not-artefactual neuronal origin 

and assign the remaining data to be noise. We have taken advantage of the recently published set 

of 12 spatial maps for our network selection, considering DMN, LN and SN as network of interest 

(Iraji et al., 2019a). The TR of each subject was entered in GIFT pre-processing, and we accounted 

for TR values differences among centres (143 subjects with TR=2200 ms, 280 subjects with 

TR=2500 ms) interpolating the data to the minimum TR (2200 ms).  

These processed data were also used for sFNC statistical analysis, considering the DMN, LN, and SN 

large-scale networks derived from MOO-ICAR pre-processing analysis (see Supplementary Figure, 

panel A), as well as for spatial chronnectome analysis. 

 

Dynamic coupling maps calculation (dCM), k-means clustering, dwell time (DT), fractional occupacy 

(FO) and total transitions number (TN) calculation. The spatial chronnectome analysis was achieved 

using the dynamic FNC toolbox implemented in GIFT (GIFT toolbox, 

http://trendscenter.org/software/gift). Sliding window length or number of clusters were chosen 

according to previous literature data on dynamic connectivity (Armin Iraji et al., 2020; Iraji et al., 

2019a). The single time courses were detrended (to remove baseline drifts from the scanners 

and/or physiological pulsations), orthogonalized with respect to 12-motion parameters, despiked 

(replacement of outlier time points with 3rd order spline fitting to clean neighbouring points) and 

filtered using a 5th order Butterworth filter (0.01 to 0.15 Hz). For each considered brain network, 

the temporal coupling between a specific brain network and every voxel of the brain was calculated 

using the sliding-window correlation approach resulting in one dCM per window. This procedure 

takes all the potential associations into account and fully captures the relationship between each 

voxel and the brain network (for example, if a given voxel is highly correlated with two networks, 
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correlation analysis allows the detection of both of these associations). We used the tapered 

window obtained by convolving a rectangle (width = 30 TRs) with a Gaussian (σ = 3 TRs) and the 

sliding step size of one TR resulting in 108 windows per subject (Armin Iraji et al., 2020; Iraji et al., 

2019a). 

k-means clustering was applied to summarize the dCMs of each brain network into a set of spatial 

states , which allows us to investigate the dynamic properties of the brain network via temporal 

variations of these distinct spatial states. The number of spatial states was set to 4, in line with Iraji 

et al. (Iraji et al., 2019a). For each brain network, k-means clustering was applied on the 45684 (423 

subjects × 108 windows) dCMs of the brain network. K-means clustering was repeated 100 times 

with different initializations using the k-means++ technique to increase the chances of escaping 

local minima (Arthur and Vassilvitskii, 2007). The correlation distance metric was used to measure 

the similarity between data points (i.e., the dCMs), as it is more effective in the detection of spatial 

patterns irrespective of voxel intensities. Using temporal profiles of the spatial states, the mean 

dwell time (DT), i.e. the average of the amount of time that subjects stay in a given state once 

entering that state), the fractional occupacy (FO), i.e. the total percentage of time that subjects 

spent in a given state, and the total transition number (TN), i.e. the total number of transitions 

among states performed by subjects for each network, were calculated for each network, as state-

level dynamic indexes to summarize dynamic properties of each network.  

 

Static Functional Network Connectivity (sFNC) analysis. MOO-ICAR preprocessing was used a to 

estimate individual networks (Iraji et al., 2019a). Back-reconstruction step considered the 

estimation of subject-specific networks and their related time courses based on the selected 3 

networks (DMN, LN and SN) (Iraji et al., 2019a; Salman et al., 2019). Statistical analysis was then 

performed using SPM12, as follows: a) between-group comparison (presymptomatic GRN carriers 
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vs healthy controls), considering age, gender, site, FD Powers and insular volume (as % of TIV) as 

nuisance variables (p<0.001 uncorrected for multiple comparisons and p<0.05 family-wise error 

whole-brain); b) multiple regression to assess the relationship between imaging variables and age 

at expected symptom onset (EYO) or neuropsychological tests, covarying for gender, age, FD 

Powers, site and insular volume (as % of TIV), as appropriate (p<0.001 uncorrected for multiple 

comparisons and p<0.05 FWE whole-brain).  

Furthermore, on the whole group of subjects (presymptomatic GRN carriers and healthy controls) 

brain connectome was calculated to assess betwee-network connectivity. A connectogram was 

reported to show the correlations among considered networks (DMN, LN and SN) using bezier 

curves and thumbnails of spatial maps. 

 

Statistical analyses. Comparisons of demographic and clinical characteristics were assessed by 

Student’s t-test for continuous variables and χ2 test for categorical variables.  

A univariate general linear model (GLM) was adopted to study the main effect of group (GRN vs 

HC) considering age, gender, FD, site and insular volume (as % of total intracranial volume [TIV]) as 

nuisance variables, and corrected for multiple comparisons (Benjamini and Hochberg, 1995). 

Partial correlation analyses were used to assess the relationship between imaging variables and age 

at expected symptom onset (EYO) or neuropsychological tests, covarying for gender, age, FD 

Powers, site and insular volume (as % of TIV), as appropriate. A multiple stepwise regression 

analysis was run to predict EYO from gender, site, FD Powers, insular volume (as % of TIV) and 

dynamic indexes (separated analyses were performed for DT and FO) significantly correlated with 

EYO in partial correlation analysis.  

All the statistical analysis was performed using IBM SPSS Statistics 22.0 (Chicago, USA) and 

statistical significance level set at p<0.05.  
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Results 

 

Participants.  

Four-hundred twenty-three participants were included in the present study, namely 141 with a 

pathogenic mutation in the GRN gene (age = 45.9  11.9 years, female = 63.8%) and 282 non-carrier 

first-degree relatives, who therefore acted as controls within the study (age = 46.5  13.2 years, 

female = 57.4%) (see Table 1 for demographic and clinical characteristics). 

 

Assessing the spatial chronnectome.  

We first assessed time-varying information of each brain network into spatial patterns, termed 

spatial states, in the whole group of participants. For each brain network, we identified four distinct 

spatial states (from 1 to 4). Each spatial state consists of a hub, expected to be part of the referral 

network all the time, and other brain regions that selectively differentiate the brain network in the 

different spatial states. Additionally, anti-correlative connections may be identified in different 

segments of time in each spatial state, further underlying the existence of extra regions associated 

with specific networks at different moments in time. 

For the purpose of the present study, we focused on the spatial dynamics within the DMN, the LN, 

and the SN, mainly involved in FTD pathology. 

Default mode network (DMN). As previously demonstrated (Iraji et al., 2019a), each of the four 

spatial states of the DMN are defined by posterior cingulate cortex hub, with spatial state 1 

representing the “classical” already described DMN with the frontal cortex hub, that was 

substantially reduced in spatial state 2 (see Figure 1 hot colour); moreover, spatial state 2 presents 

anti-correlative connections with the insula (see Figure 1 cold colours). The spatial state 3 of DMN 

is characterised by reduced activation of posterior cingulate cortex hub and the lack of frontal 
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region activation, as compared to “classical” DMN, while sensorimotor and occipital areas 

anticorrelated to DMN in spatial state 4 (see Figure 1 cold colours). 

Language network (LN). The LN is overall characterised by parietal and posterior cingulate hub, 

bilaterally, clearly depicted in spatial state 1. Spatial state 2 is defined by greater temporo-parietal 

network activation and selective temporal pole activation along with anti-correlative connections 

with the bilateral frontal cortex; a more pronounced activation of the parietal and posterior 

cingulate hub represents spatial state 3, while an even more pronounced bilateral activation of 

temporo-parietal hub is the signature of spatial state 4 (see Figure 2). 

Salience network (SN). The four spatial states of the SN are characterized by the frontal hub, with 

more pronounced signal in the insula region, bilaterally, in spatial state 1, and with anti-correlative 

connections with DMN regions in spatial state 1, 3 and 4 and with anti-correlative connections 

within medial frontal regions in spatial state 3 and 4. Notably, anti-correlation with DMN was more 

pronouced in spatial state 4. Spatial state 2 is characterised by “classical” already described SN, 

with no extra regions of co-activation (see Figure 3). 

 

Dwell time (DT), fractional occupacy (FO) and total transitions number (TN) in presymptomatic GRN 

mutation carriers as compared to HC.  

We therefore analysed DT, FO and TN, for each of the considered networks, in presymptomatic 

GRN as compared to HC. The mean DTs in GRN and HC groups are reported in Table 2, whereas FO 

and TN mean values are reported in Supplementary Table 1. 

Default mode network (DMN). When we considered DMN, presymptomatic GRN mutation carriers 

spent more time (DT) in spatial state 2, namely the spatial state with anti-correlative connections 

with the insula bilaterally (p<0.05, FDR-corrected, see Figure 1). Furthermore, considering FO, 
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presymptomatic GRN carriers stayed for a lesser extent in spatial state 4 (FO) (p<0.05, FDR-

corrected, see Supplementary Table 2). We did not find any significant differences in NT.  

Language network (LN). When we considered LN, presymptomatic GRN mutation carriers spent 

more time (DT and FO) in spatial state 4, the spatial state with the more pronounced activation of 

the parietal hub and lacking the temporal pole activation (p<0.05, FDR-corrected, see Figure 2 and 

Supplementary Figure 1). Moreover, limited to FO, presymptomatic GRN carriers spent less time in 

spatial state 2 (p<0.05, FDR-corrected, see Supplementary Table 2). We did not find any significant 

differences in NT.  

Salience network (SN). When we considered the SN, GRN mutation carriers spent more time (DT 

and FO) in spatial state 1, the one with the most pronounced activation of the insula region, and 

less time (DT and FO) in spatial state 4, one of the states associated with anti-correlative 

connections within regions belonging to DMN (frontal, parietal regions bilaterally, posterior 

cingulate cortex), as compared to HC (p<0.05, FDR-corrected, see Figure 3 and Supplementary 

Figure 1). 

 

Correlation between estimated years from expected symptom onset (EYO) and dwell time (DT), 

fractional occupacy (FO) and total transitions number (TN) in GRN mutations carriers. Correlation 

between DT, FO and NT of spatial states and EYO was analysed. For DT, we found significant 

correlations between a) DT of DMN spatial state 2 and EYO, the longer the time spent in DMN 

spatial state 2, the closer the disease onset (r = 0.236, p < 0.05 FDR-corrected), b) DT of LN spatial 

state 3 and EYO, the longer the time spent in LN spatial state 3 the further the disease onset (r=-

0.190 p<0.05 FDR-corrected) and, c) DT of LN spatial state 4 and EYO, the longer the time spent in 

LN spatial state 4, the closer the disease onset (r=0.286 p<0.05 FDR-corrected). No significant 

association between DT and EYO for SN spatial states was observed. Regression analyses identified 
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LN spatial state 4 (B=0.084,  = 0.214, p = 0.016), as the best predictors of EYO in presymptomatic 

GRN mutation carriers.  

When we considered FO, a comparable pattern of correlations were found between a) FO of DMN 

spatial state 2 and EYO (r=0.272, p<0.05 FDR-corrected), b) FO of LN spatial state 3 and EYO (r=-

0.205 p<0.05 FDR-corrected) and c) FO of LN spatial state 4 and EYO (r=0.332 p<0.05 FDR-

corrected). No significant association between FO and EYO for SN spatial states was observed.  

Regression analyses identified LN spatial state 4 (B=8.925,  = 0.236, p = 0.006), as the best 

predictors of EYO in presymptomatic GRN mutation carriers.  

To further elucidate the role of LN state 4 in predicting EYO, regression analysis demonstrated that 

an increase in DT of one second was associated with a closer clinical onset equal to one month 

(B=0.084, 30.66 days). Moreover, setting a cut-off value of DT equal to 60 seconds (for details see 

Supplementary Figure 2), GRN carriers with higher values (18 subjects, mean value=97.3±15.7 

seconds) vs GRN carriers with lower values (123 subjects, mean value=14.4±13.6 seconds) showed 

a significantly different EYO (-6.9±9.2 years vs. -15.1±12.2 years, p=0.02, applying univariate GLM 

corrected for gender, site, FD Powers and insular volume as nuisance variables). 

 

Correlation between neuropsychological assessment and dwell time (DT), fractional occupacy (FO) 

and total transitions number (TN) in GRN mutations carriers.  

To further explore the correlation between DT, FO, NT and cognitive performances, we considered 

tests demonstrated to be altered already before EYO 23, tapping executive functions and 

processing speed (Trail Making Test, part A and B) and naming (Boston Naming Test) (see Table 1 

for mean scores). 

A significant correlation was found between DT and FO of SN spatial state 1 and TMT part A 

(r=0.235 and r=0.286, respectively, both p=0.05 FDR-corrected), the longer the time spent in SN 
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spatial state 1 the worse the score at TMT.  For DMN spatial state 2, a significant correlation 

between FO and TMT part A was reported (r=0.256, p=0.05 FDR-corrected).  

No significant correlations with the remaining neuropsychological tests were found. Moreover, no 

significant findings for TN were reported. 

 

Static functional network connectivity - sFNC.  

When sFNC was assessed, the brain connectome (connectogram) showed a significant negative 

correlation between DMN and SN in the whole group of subjects, and with a lesser extent, a 

negative correlation between SN and LN and a positive correlation between LN and DMN 

(Supplementary Figure 3, Panel B).  

Within-network connectivity (between presymptomatic GRN carriers and healthy controls) of the 

three considered networks (DMN, LN and SN) (Supplementary Figure 3, Panel A) showed no 

significant differences at the pre-established thresholds (p<0.001 uncorrected). Moreover, multiple 

regression analyses (to assess the potential relationship between sFNC and EYO as well as with 

cognitive performances) did not show any statistically significant cluster at the pre-established 

threshold (p<0.001 uncorrected). 
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Discussion 

 

The presymptomatic phase of neurodegenerative diseases lasts many years, with progressive 

modifications and potential compensative mechanisms potentially counteracting the ongoing 

pathological process. In the present study, we have examined the earliest brain changes in subjects 

with highly penetrant GRN mutations, and we have demonstrated a complex and dynamic network 

reorganization occurring before the onset of clinical symptoms. 

We conducted a three steps study design: a) firstly, we selected three networks of interest, namely 

the SN and the LN, as GRN-related disease usually presents with behavioural variant FTD or non-

fluent primary progressive aphasia (Gorno-Tempini et al., 2011; Rascovsky et al., 2011), and the 

DMN, as previously demonstrated to be involved in FTD (Borroni et al., 2012; Lee et al., 2019; 

Zhou et al., 2010); b) we applied an advanced spatial chronnectome approach (Iraji et al., 2019a), 

that allowed us to evaluate not only static FNC (i.e., SN, LN, DMN) but also to assess the distinct 

conformational spatial states of each individual network and their dynamic patterns over time (i.e., 

spatial state 1-4); and c) we computed mean dwell times for each considered network, namely the 

time each subject spends in each spatial state, in GRN mutation carriers vs non-carriers. 

One of the two main findings of the present study is that, in presymptomatic disease stage, GRN 

mutation carriers significantly spend more time in those spatial states characterised by activation of 

cortical regions that will be involved in the symptomatic stages of disease (Rohrer et al., 2015). 

As compared to controls, GRN mutation carriers spent more time in spatial state 4 of the LN, 

characterised by greater activation of parietal cortex, as compared to the other spatial states of the 

LN, and in spatial state 1 of the SN, characterised by greater activation of the insula, as compared 

to the other spatial states of the SN. Indeed, it might be argued that the selective or the main 

involvement of either insula or parietal regions might drive the development of clinical phenotype, 

namely behavioural variant FTD or non-fluent primary progressive aphasia. 
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Conversely, in line with previous literature data (Borroni et al., 2012; Dopper et al., 2013; Feis et al., 

2019; Lee et al., 2019; Enrico Premi et al., 2014; E. Premi et al., 2014; Premi et al., 2016), the 

analysis of sFNC between GRN mutation carriers and healthy controls did not yield any significant 

result. The lack of significant results of sFNC is somehow not surprising as it considers the mean 

overall rs-MRI signal of each network, in a disease stage with substantial absence of structural brain 

changes (Borrego-Écija et al., 2021). 

 

The second main result of the present work is that the dynamic interplay between DMN and SN 

shows substantial changes in the presymptomatic stages of GRN disease. We reported that GRN 

mutation carriers spent more time in DMN spatial state 2, where DMN is anticorrelated with 

bilateral insular regions belonging to SN, and spent less time in SN spatial state 4, where SN is 

anticorrelated with all the nodes belonging to DMN, with an imbalance of the physiological 

relationship between DMN and SN. 

Literature data on static between-networks’ connectivity (connectogram) (Allen et al., 2011; Fox et 

al., 2005; Uddin et al., 2009) (as well as the present work, Supplementary Figure 1B) have already 

demonstrated the presence of significant negative correlations (anticorrelations) between SN and 

DMN, with an antagonistic interaction during social and self-related cognitive activities (Seeley et 

al., 2007). 

Indeed, the present analysis, allowing the identification of regions not primarily belonging to the 

referral hub of the network, suggests a paradoxical behaviour of presymptomatic GRN disease with 

a widespread whole-brain connectivity breakdown of at-distance brain networks and derangement 

of the competitive relationships between SN and DMN (Tognoli and Kelso, 2014). Once again, 

GRN mutation carriers spent more time in those networks with greater engagement of regions 

involved in symptomatic disease, i.e., regions belonging to the SN and the insula. 
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The ability to measure the intrinsic functional architecture of the brain has grown exponentially 

over the last two decades (White and Calhoun, 2019). The assumption at the basis of spatial 

chronnectome is that connections within the brain can differentially fire between different regions 

at different times, and these differences can be quantified (Saha et al., 2021). Indeed, this is the 

first study assessing spatial chronnectome in presymptomatic monogenic FTD and in preclinical 

dementia in general, thus whether network dynamic connectivity reorganization acted to increase 

brain efficiency or is an early feature of Granulin haploinsufficiency is yet to be clarified (Lee et al., 

2019). However, changes within the insula and parietal cortex have been described as the earliest 

signature of GRN disease (Cash et al., 2018; Lee et al., 2019; Panman et al., 2021; Rohrer et al., 

2015), suggesting that the selective activation of functional connectivity of these brain regions 

might contribute to the maintenance of cognitive functions. The significant relationship between 

estimated years from expected symptom onset and spatial states’ dwell times further strength this 

hypothesis, the closer the onset of symptoms the longer the time spent in the spatial states with 

increased insula and parietal cortex connectivity (i.e., DMN spatial state 2 and LN spatial state 4); on 

the other side, the further estimated years from expected symptom onset were associated with 

longer time spent in spatial states resembling the “classical” hubs, with no anti-correlative extra-

regions activation within the insula (i.e., DMN spatial state 3) and less activation of parietal cortex 

(i.e., LN spatial state 1).   

Furthermore, TMT-A (Bowie and Harvey, 2006), directly correlated with the time spent in SN 

spatial state 1. As an index of pre-processing speed skill, TMT-A is one of the early cognitive 

markers in preclinical FTD (Rohrer et al., 2015). The absence of a significant correlation between 

TMT-A scores and meta-state measures in healthy controls further supports the idea that this 

finding is not age-driven but mutation-driven (data not shown). 
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The current study has a number of limitations. First, we considered only GRN mutations and the 

assessment and comparison with other monogenic FTD disorders should be considered in future 

work as well as the effect of different mutations within the same gene and the heterogeneity of 

clinical phenotypes. In addition, our analysis included the estimated age at onset, but we recognize 

that possible biases and possible discrepancies across mutations and families may occur (Moore et 

al., 2020). Moreover, we recognize possible variance in acquisition protocols in this multi-site 

neuroimaging study, even though a careful harmonization of sequences and data was carried out 

to reduce differences across scanning platforms. In particular, unstable wakefulness with the 

tendency to drift into sleep can affect fMRI acquisition (Tagliazucchi and Laufs, 2014; Wang et al., 

2017). Recently, arousal fluctuation were linked to global waves of activity propagating throughout 

the brain, potentially contributing to fMRI signal fluctuations (Raut et al., 2021).  From this point 

of view, even if an objective measurement of arousal fluctuation was not available for our sample, 

during MRI site harmonization the majority of subjects (<85%) were cropped to 140 timepoint (as 

described in details in Methods section), discharging the last 60 timepoints (that can be considered 

as the most critical part of fMRI acquisition with regard to arousal problems) (Allen et al., 2018; 

Damaraju et al., 2020; Tagliazucchi and Laufs, 2014; Wang et al., 2017).  Finally, still unresolved 

issues regarding the application of dynamic functional connectivity analyses to resting fMRI data 

may limit the insights that can be gained from this promising new research area (Lurie et al., 2020). 

In conclusion, presymptomatic GRN disease presents a complex perturbation of spatial 

chronnectome, detectable at whole-brain and at a network-level, despite the absence of sFNC 

abnormalities. Presymptomatic GRN disease spent more time in those networks primarily affected 

by earliest neuropathological changes (Gass et al., 2006) and presented an imbalance of the 

physiological competitive relationship between the DMN and the SN. Spatial chronnectome, 

evaluating both the spatial and temporal changes of brain network connectivity, provides a more 
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sophisticated evaluation of the earliest disease changes leading to disease onset, and may help in 

understanding the possible causative mechanisms in GRN disease. 
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Table 1. Demographic characteristics of included subjects. 

Variable 

 

HC  

N=282 

 

GRN  

N=141 

  

P-value* 

Age (years) 46.5±13.2 45.9±11.9  0.650 

Female, % (number)  57.4 (162) 63.8 (90)  0.207^ 

Education (years) 14.3±3.3 14.6±3.5  0.395 

Years from expected onset (years) - -14.1±12.1  - 

Framewise displacement (FD) 0.16±0.1 0.17±0.1  0.246 

Insular volume (% of TIV) 0.76±0.07 0.76±0.07  0.540 

Cognitive assessment     

Boston Naming test (score) 27.9±2.1 27.9±2.0  0.976° 

TMT, part A (sec) 27.7±12.5 28.5±10.1  0.318° 

TMT, part B (sec) 66.7±33.7 65.9±31.2  0.882° 

 

*Student t-test unless otherwise specified; ^Chi-Square test; °univariate General Linear Model 

corrected for age and gender.  

Results are expressed as mean ± standard deviation, otherwise specified. HC = Healthy Controls; 

GRN = Granulin; TMT = Trial Making Test; TIV = total intracranial volume 
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Table 2.  Mean dwell time (in each spatial state according to considered dynamic functional 

networks) in HC and in presymptomatic mutation carriers. 

Large-scale networks  
HC 

N=282 

GRN 

N=141 

 

Default Mode Network 
  

Spatial State 1 16.01.0 1.6 

Spatial State 2   

Spatial State 3 1.2 1.4 

Spatial State 4 1.3 15.8 

   

Language Network   

Spatial State 1 16.4 1.5 

Spatial State 2  20.5 

Spatial State 3  1.8 

Spatial State 4 15.5 * 

   

Salience Network   

Spatial State 1 12.30.9 16.31.7* 

Spatial State 2  12.7 

Spatial State 3 18.8 1.8 

Spatial State 4 1.3 1.6* 

 

Mean dwell time results are reported as mean  standard error. Dwell time is expressed in seconds. 

HC = Healthy Controls; GRN = Granulin; TIV= total intracranial volume. 

*significant p-values<0.05, False Discovery Rate (FDR)-corrected as compared to HC (corrected for 

age, gender, site, framewise displacement-FD and insular volume (as % of TIV)). 
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Legend to figures 

 

Figure 1. Spatial states of the default mode network (DMN) and mean dwell time differences 

between presymptomatic GRN mutation carriers and healthy controls. 

The spatial states of the default mode network. Hot and cold colours represent positive and 

negative associations to the default mode, respectively. Significant dwell-time differences between 

groups were reported (p<0.05 FDR-corrected). Maps of each spatial states are displayed on a 

standardized axial T1 MRI template, z-axis coordinates are reported under each slice. 

DMN = default mode network; GRN = presymptomatic granulin mutation carriers; HC = healthy 

controls. 

 

Figure 2. Spatial states of the language network (LN) and mean dwell time differences between 

presymptomatic GRN mutation carriers and healthy controls. 

The spatial states of the language network. Hot and cold colours represent positive and negative 

associations to the language network, respectively. Significant dwell-time differences between 

groups were reported (p<0.05 FDR-corrected).  Maps of each spatial states are displayed on a 

standardized axial T1 MRI template, z-axis coordinates are reported under each slice. 

LN = Language Network; GRN = presymptomatic granulin mutation carriers; HC = healthy controls. 

 

Figure 3. Spatial states of the salience network (SN) and mean dwell time differences between 

presymptomatic GRN mutation carriers and healthy controls. 

The spatial states of the salience network. Hot and cold colours represent positive and negative 

associations to the salience network, respectively. Significant dwell-time differences between 
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groups were reported (p<0.05 FDR-corrected). Maps of each spatial states are displayed on a 

standardized axial T1 MRI template, z-axis coordinates are reported under each slice. 

SN = salience network; GRN = presymptomatic granulin mutation carriers; HC = healthy controls. 
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Figure 2. 
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Figure 3. 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Supplementary Table 1. Detailed MRI acquisition parameters of all included GENFI centers. 

TR: repetition time; TE: echo time, FOV: field of view, GE: General Electric, n: number. 

 

 

 

 

 

 

 

 

 

 

 

centre 

subjects 

(n) Scanner TR TE volumes 

volume 

slices 

slice 

thickness 

slice 

gap pixel spacing FOV slice order 

1 17 Siemens Trio 2200 30 140 36 3.3 3.3 3.3125\3.3125 58*64 interleaved 

2 28 Philips Achieva 2200 30 140 36 3.3 3.3 2.650\2.650 63*64 interleaved 

3 89 Philips Achieva 2200 30 200 38 2.7 3.0 2.75\2.75 80*80 interleaved 

4 3 Philips Achieva 2500 30 200 42 3.5 3.5 3\3 64*64 interleaved 

5 29 Siemens Prisma 2500 30 200 42 3.3 3.3 3.4375\3.4375 64*64 interleaved 

6 9 Philips Achieva 2500 30 200 42 3.5 3.5 3\3 64*64 interleaved 

7 12 Siemens Prisma 2500 30 200 42 3.5 3.5 3\3 64*64 interleaved 

8 41 Siemens Skyra 2500 30 200 42 3.5 3.5 3\3 64*64 interleaved 

9 22 Siemens Trio 2500 30 200 42 3.5 3.5 3\3 64*64 interleaved 

10 26 Siemens Skyra 2500 30 200 42 3.5 3.5 3\3 64*64 interleaved 

11 25 Siemens Prisma 2500 30 200 42 3.5 3.5 3\3 64*64 interleaved 

12 9 Siemens Trio 2500 30 200 42 3.5 3.5 3\3 64*64 interleaved 

13 37 Philips Achieva 2500 30 200 42 3.5 3.5 3\3 64*64 interleaved 

14 16 Siemens Trio 2500 30 200 42 3.5 3.5 3\3 64*64 interleaved 

15 9 Siemens Trio 2200 30 140 36 3.3 3.3 3.3125\3.3125 58*64 interleaved 

16 13 Siemens Trio 2500 30 200 42 3.5 3.5 3\3 64*64 interleaved 

17 26 Siemens Trio 2500 30 200 42 3.5 3.5 3\3 64*64 interleaved 

18 1 Philips Achieva 2500 30 200 42 3.5 3.5 3\3 64*64 interleaved 

19 9 Siemens Prisma 2500 30 200 42 3.5 3.5 3\3 64*64 interleaved 

20 1 Siemens Prisma 2500 30 200 42 3.5 3.5 3\3 64*64 interleaved 

21 1 GE Signa 2500 30 200 36 3.5 3.5 3\3 64*64 interleaved 



Supplementary Table 2.  Mean fractional occupancy (FO) (in each spatial state according to 

considered dynamic functional networks) and total number of transitions (TN) in HC and in 

presymptomatic mutation carriers. 

Large-scale networks  
HC 

N=282 

GRN 

N=141 

 

Default Mode Network 
  

Spatial State 1   

Spatial State 2   

Spatial State 3   

Spatial State 4  
* 

Total number of transitions   

   

Language Network   

Spatial State 1   

Spatial State 2  
*
 

Spatial State 3   

Spatial State 4  
*
 

Transition number   

   

Salience Network   

Spatial State 1   

Spatial State 2   

Spatial State 3   

Spatial State 4   

Transition number   

 

Mean fractional occupancy results are reported as mean  standard error. HC = Healthy Controls; 

GRN = Granulin. 

*significant p-values<0.05, False Discovery Rate (FDR)-corrected as compared to HC (corrected for 

age, gender, site, framewise displacement-FD and insular volume (as % of total intracranial 

volume)). 

 

 

 

 



Supplementary Figure 1. 

Box plots for the significant (p=0.05 FDR-corrected) comparisons (DT and FO) between 

presymptomatic GRN carriers and healthy controls in the selected states of the studied networks. 

First line: dwell time (DT), second line: fractional occupancy (FO). Box plots with bee swarm 

representation are reported. Tukey method was used to define the extent of the whiskers, 

considering the data points that are less than 1.5 x interquartile range away from 1st/3rd quartile. 

GRN: presymptomatic GRN carriers; HC: healthy controls. 

 

Supplementary Figure 2. 

Scatterplots of DTs values in presymptomatic GRN carriers considering the significant comparisons 

with HC (DMN state 2, LN state 4, SN state 1 and SN state 4). DT values are reported on both axes. 

DMN: default mode network; LN: language network; SN: salience network. 

 

Supplementary Figure 3. 

Panel A. Static large-scale network maps (DMN, LN and SN) obtained from GIG-ICA.  

DMN: Default Mode Network; LN: Language Network; SN: Salience Network; GIG-ICA: Group 

Information Guided independent component analysis. Most representative axial slices of the 3 

spatial maps are plotted as z-score and thresholded at Z >1.5 on an MRI grey matter standardized 

template; standardized z-axis coordinates are reported.  

Panel B: brain connectome showing the selected large-scale networks relationship in the whole 

group of subjects (both HC and presymptomatic GRN carriers). The colormap represents the 

magnitude (T value) and the direction (blue: negative correlation, red: positive correlation) of the 

between-network static functional connectivity.  
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