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Abstract

The default mode network (DMN), the salience network (SN), and the central executive net-
work (CEN) are considered as the core resting-state brain networks (RSN) due to their
involvement in a wide range of cognitive tasks. Despite the large body of knowledge related
to their regional spontaneous activity (RSA) and functional connectivity (FC) of these net-
works, less is known about the dynamics of the task-associated modulation on these param-
eters and the task-induced interaction between these three networks. We have investigated
the effects of the visual-oddball paradigm on three fMRI measures (amplitude of low-fre-
quency fluctuations for RSA, regional homogeneity for local FC, and degree centrality for
global FC) in these three core RSN. A rest-task-rest paradigm was used and the RSNs were
identified using independent component analysis (ICA) on the resting-state data. The
observed patterns of change differed noticeably between the networks and were tightly
associated with the task-related brain activity and the distinct involvement of the networks in
the performance of the single subtasks. Furthermore, the inter-network analysis showed an
increased synchronization of CEN with the DMN and the SN immediately after the task, but
not between the DMN and SN. Higher pre-task inter-network synchronization between the
DMN and the CEN was associated with shorter reaction times and thus better performance.
Our results provide some additional insights into the dynamics within and between the triple
RSN. Further investigations are required in order to understand better their functional impor-
tance and interplay.
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Introduction

Examination of regional spontaneous brain activity (RSA) and functional connectivity (FC)
during resting-state (RS) conditions appears to be a promising approach for understanding
brain organization at the systems level [1]. Within the several stable RS networks identified up
to now, three networks stand out for their importance and synchronized interplay: the default
mode network (DMN), the salience network (SN), and the central executive network (CEN).
These networks are often jointly referred to as the triple network model [2] and are considered
to be the core neurocognitive networks due to their involvement in a wide range of cognitive
tasks [1,3,4].

Specifically, the DMN is known to be a task-negative network associated with self-referen-
tial thoughts and mind-wandering [5]. It shows decreased activation during tasks in which
self-referential and stimulus-independent intellectual activity is not involved [6,7]. Even more,
numerous studies have demonstrated that midline DMN regions are among the most effi-
ciently wired brain areas, serving as global hubs that bridge different functional systems across
the brain [8,9]. Increased DMN connectivity with regions of other brain networks has been
shown to facilitate performance during goal-directed tasks [10]. Thus, DMN is not engaged
only under resting-state conditions but also under task performance and post-task processes
as well [10-12].

The CEN is a task-positive network, engaged in higher-order cognitive and attention con-
trol as well as in working memory, decision making and goal-directed behavior [13-15]. Con-
versely, the SN is involved in detecting, filtering and integrating relevant internal (e.g.,
autonomic input) and external (e.g., emotional information) salient stimuli in order to guide
behavior [1,16]. Furthermore, it displays a crucial role in the functional and dynamic switching
between the DMN and CEN (i.e., between task-based and task-free states) [17,18].

Dynamic interactions between the three networks of the triple network model influence
cognition and emotion, affecting performance and impulsivity [19-21]. Moreover, an altered
interaction between these networks has been shown in patients with major depressive disorder

22], post-traumatic stress disorder [23], obsessive-compulsive disorder [24], and schizophre-
nia [25,26]. Altogether, an increasing body of evidence suggests that aberrant function of the
triple networks underlies the psychopathology of all major psychiatric disorders [27] and dis-
turbed functional interactions among them may be considered a potential neurophysiological
biomarker for different psychopathological phenomena across several neuropsychiatric disor-
ders [28]. It is therefore particularly important to understand the physiological fluctuations in
the activity and interactions of these networks in order to be able to differentiate them from
pathological conditions.

Continuous fluctuations of the main properties of the networks (as RSA and FC) have been
shown during rest and during task-associated activities [29,30]. Much less is known about the
extent to which these properties can be influenced by a specific task and to what extent a task-
associated activity affects the interaction between the networks.

A simple method to investigate the effects of task-related activation on the RSA is the rest-
task-rest paradigm (RTR) [5,31]. To date, a task-induced modulation of the RSA has been
observed following cognitive tasks involving working memory, emotion, visual perception,
and motor training. However, previous studies have mainly focused on whole-brain [31-35]
or on specific brain structures known to be involved in the tasks [36,37]. None of the men-
tioned studies has specifically addressed the impact of a task on the triple network. Moreover,
previous investigations have overall reported changes in static connectivity in different time
periods (before and after the task), but the dynamic of the changes during the task perfor-
mance as well as changes in the relationship between the different networks (particularly in
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the triple network, which is the focus of this study) remain poorly understood. Thus, in this
study, we have specifically examined the dynamic of the task-induced changes in RSA and FC
within the triple network of the RS (DMN, SN and CEN) and the task-induced effects on the
interactions between them.

Concretely, this study aims to assess the dynamics of the influence exerted by a well-estab-
lished task—the visual oddball paradigm (VOP) [38]—on the triple RS networks using a RTR
design. The VOP was chosen as it elicits the blood oxygen level dependent (BOLD) response
in a large set of distributed networks [39-43]. In particular, the task performance is associated
with activation in brain regions linked to the three networks (the SN [44], the dorsolateral pre-
frontal cortex (CEN) [45,46], and the cingulate and prefrontal cortex (DMN) [47]).

For the identification of the triple network regions, we applied a group independent com-
ponent analysis (ICA) to the RS data. Several different measures of FC can be calculated from
fMRI, each reflecting a different property of the brain networks. For this approach, we chose
two such measures, the regional homogeneity (ReHo) [48] and the degree centrality (DC)
[49], as these are suitable for investigating the voxel level local and global FC, respectively. Fur-
thermore, the amplitude of low-frequency fluctuations (ALFF) [50], is suitable for depicting
the RSA. Combining these measures enables the complementary characterization of changes
in activation and communication of specific networks or regions.

‘We hypothesized that the task-based activity would distinctly affect the RS RSA as well as
the local and the global connectivity in the triple network. Due to the central role of the SN
during the occurrence of salient stimuli or during the performance of a cognitive task, we also
expected internetwork functional connectivity to increase between the SN and the other two
networks of the triple network model (DMN, CEN).

Materials and methods
Subjects

21 right-handed healthy subjects (17 males and 4 females) were included in this study (age
range between 19 to 40 years; mean: 29 + 5.6 years). The possible influence of gender was not
further investigated in this study due to the large imbalance between the number of men and
women and the relatively small sample size. Moreover, a mutual gender effect was not the
focus in the study design presented. All subjects were healthy and without a history of neuro-
logical or psychiatric disorders. The study was approved by the Ethics Committee of the Medi-
cal Faculty of the RWTH Aachen University, Germany. Written informed consent was
obtained from all subjects following the recommendations of the Declaration of Helsinki.

Experimental design

To investigate the effects of task-induced brain activity on the post-task resting-state, the
experiment followed a rest-task-rest (RTR) design consisting of five different conditions: first
RS (R1), active state (the visual oddball paradigm (VOP) comprised of three subtasks: passive
(T1), count (T2), and respond (T3)) and the second, post-task RS (R2) (Fig 1).

During the two RS conditions, the subjects were instructed to close their eyes and not to
focus on any specific thoughts. All fMRI data were acquired in a single scanning session and
instructions were given to the subjects in-between each condition via a microphone. Both RS
conditions lasted 6 minutes.

The VOP comprised of three subtasks: passive (T1}, count (T2), and respond (T3). Each
subtask lasted 10 minutes and 8 seconds. In the task, blue circles were used as targets while yel-
low circles represented frequent stimuli. Each subtask included 200 trials (160 frequent and 40
target stimuli). The single stimulus was 30 cm in diameter shown on a black background for
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Fig 1. Experimental design of the rest-task-rest paradigm (RTR) which includes two resting-state conditions (pre-
and post-task resting-state, R1 and R2) and the task condition composed of three subtasks (passive (T1), count

hittps://doi.org/10.1371/jounal.pone.0246709,0001

500 milliseconds with a variable interstimulus interval (1SI) of 500-10,000 milliseconds. The
stimulus generator board (ViSaGe MKII, Cambridge Research System Ltd.) was used to gener-
ate the stimuli and a thin-film transistor display was used to view the stimuli. The thin-film
transistor display was installed behind the scanner and was viewed using a mirror placed on
the head coil of the magnetic resonance (MR) scanner. The order of the stimuli during the sin-
gle subtasks were generated using optseq (http://surfer.-nmr.mgh.harvard.edu/optseq).

During T1 the subjects were asked to simply keep the stimuli under observation. During T2
they were asked to count the target stimuli (blue circles) and report the number at the end of
the run. During T3 they were instructed to press a button (Lumitouch, Photon Control Inc.,
Burnaby, BC, Canada) using their right index finger as soon as they recognize the target sti-
muli. Instructions were given before each imaging sequence and the measurement started
immediately following the instructions, without any time delay and without a break between
the individual sections.

The passive condition was performed in the beginning for all subjects to exclude any bias
caused by the previous knowledge about the blue circles as the targets. The order of the count
and respond conditions was counterbalanced across subjects. In general, T1 is suitable for cap-
turing effects of pure sensory perception of the stimuli, while T2 includes an additional cogni-
tive process (counting the target stimuli) and T3 also records effects of the motor response.

A part of this data set (N = 16), which mainly focused on the analysis of the effects of differ-
ent response modalities on the f/MRI BOLD activation during the visual oddball paradigm, has
been published previously [51]. Further details on the paradigm are also available in this
publication.

MR data acquisition

MR data were acquired using a 3T scanner (TIM-Trio, Siemens Healthineers, Erlangen, Ger-
many). Sponge pads were used to reduce motion artefacts by limiting the subject’s head move-
ment. The fMRI data were acquired using an echo planner imaging (EPI) sequence. The
number of volumes were 304 for each task and 180 for each RS condition (repetition time
(TR) = 2000 ms, echo time (TE) = 30 ms, flip angle (FA) = 79", field of view (FOV) =
200 % 200 mm, 64 % 64 matrix, slice thickness = 3 mm, number of slices = 33, and voxel size
3.1 x 3.1 x 4.2 mm).

Structural images were acquired using a magnetization prepared rapid gradient echo
(MP-RAGE) sequence (TR = 2250 ms, TE = 3.03 ms, FA = 9°, FOV = 256 x 265 mm, 64 x 64
matrix, 176 slices, voxel size 1 x 1 x | mm).

fMRI data analysis

The preprocessing of the RS and task data was performed in three separate procedures—firstly
the triple network identification was performed using ICA, secondly the task data was pro-
cessed using general linear modelling (GLM) and finally IMRI parameters (ReHo, DC and
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ALFF) were calculated for all the five conditions. Detailed explanation on each of these proce-
dures is given below.

Triple network identification

The multivariate exploratory linear decomposition into independent components
(MELODIC) tool from the FSL software package was used to identify the triple networks
(DMN, CEN, and SN) using pre-task RS fMRI data. Subject level RS-fMRI data were pre-pro-
cessed as follows: the first eight fMRI volume images were removed, followed by slice timing
correction, brain extraction (BET) [52], motion correction (MCFLIRT) [53], spatial smooth-
ing FWHM = 5 mm, and high-pass temporal filtering 125s. The functional MRI images were
co-registered linearly to high-resolution structural images and nonlinearly to MNI standard
space using FLIRT [54]. Group ICA analysis was used to decompose the pre-task RS data into
20 components.

To identify the triple networks, a cross-correlation was performed between the functional
brain networks atlas [55] and each of the ICA components. The cross-correlation was per-
formed using the FSLUTILS (https://fsL.fmrib.ox.ac.uk/fsl/fslwiki/Fslutils) tool implemented
in the FSL software package. ICA components that showed maximum correlation with each of
the three networks in the functional brain networks atlas were chosen. The identified brain
networks were binarized and used in the subsequent analysis as masks. The binarized masks
were corrected for grey matter (GM) by including the voxels which showed more than 50%
probability of being GM. The GM correction was performed using a tissue segmented
MNI152 (2 x 2 x 2 mm) template.

Task data. The analysis of the task-related brain activation was performed using FSL soft-
ware package (FMRIB’s Software Library, www.fmrib.ox.ac.uk/fsl). The pre-processing
included slice timing correction, brain extraction (using BET) [52], motion correction
(MCFLIRT) [53], spatial smoothing using a Gaussian kernel of full width at half maximum
(FWHM) of 5 mm, and high pass temporal filtering (100s). A time-series of BOLD signal
based on the general linear model for each individual data set was performed using FILM with
local autocorrelation correction [56). The functional images were registered to the high-resolu-
tion structural images and subsequently to the Montreal Neurological Institute (MNI) stan-
dard space using the FLIRT tool [54]. The first-level analysis was performed with two
explanatory variables (EV). The EV's were convolved with a double-gamma hemodynamic
response function (HRF). Four contrasts were then created: target stimuli, frequent stimuli,
target > frequent, frequent > target.

Group-level mixed-effects analysis was performed for the passive, count and respond sub-
tasks to create a mean for each first level contrast using FLAME with spatial normalization to
MNI space. Cluster correction for multiple comparison was performed using FEAT with a
cluster significance threshold of Z > 2.3, p = 0.01 [57]. A tripled two-group difference (“tripled
t-test”) was performed to evaluate the additional activation added to the passive condition by
the count and respond conditions. The activation pattern regions were defined using Harvard-
Oxford Cortical Structural Atlas in FSL software (FMRIB, Oxford, UK).

The reaction time (RT) was calculated as the co-registered time delay between the presenta-
tion of the stimulus and the time at which the subject responded to the stimuli by pressing the
specified button on the Lumitouch.

fMRI measures calculation

The fMRI measures were computed for both the tasks and RS-fMRI using data processing and
analysis for brain imaging (DPABI) [58], and SPM12 (http://www.lilion,uclac.uk/spm/)
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toolboxes built on MATLAB software package version 2017b (The Math Works, Inc., Natick,
MA, USA). Pre-processing was performed using the data processing assistant for the RS-fMRI
(DPARSF) [59] advanced edition as follows: first eight fMRI volume images of each condition
in each subject’s dataset were removed, followed by slice timing correction, realignment, nui-
sance covariates regression (NCR) and temporal filtering between 0.01 and 0.08 Hz. The
covariates for NCR included head motion parameter, whole-brain white matter (WM) and
cerebrospinal fluid (CSF) mean signals, and the constant, linear and quadratic trends in the
BOLD signals. To ensure the quality of the data and minimize the movement artefacts, the sub-
jects head motion parameters was estimated and corrected for fMRI data using Friston
24-parameter model [60]. The model showed for all subjects a head motion < 2 mm in transla-
tion ar < 2" in rotation in any direction. The fMRI measures were calculated for each subject
separately in individual brain imaging space. The DC was computed by applying a Pearson
correlation coefficient between the time series of a given voxel and all other voxels in the
whole brain by thresholding each correlation at (r > 0.25, p < 0.001) [61]. ReHo was calcu-
lated by estimating the synchronization or similarity between the time series of a given voxel
and 26 nearby neighbor voxels [18] using Kendall's coefficient of concordance (KCC) [62].
The ALFF was calculated within the low-frequency range (0.01-0.1 Hz) [63]. The fMRI mea-
sures were normalized using a Z-value standardization procedure by subtracting the mean
from each voxel and then dividing the value by the standard deviation of the whole brain. The
Z-value standardized measures were spatially normalized to the MNI standard space (2 x 2x
2mm), and, finally, spatial smoothing with FWHM at 4mm” was performed.

Further calculated values

The fMRI measures ALFF, ReHo, and DC were extracted from all voxels of the triple network
for each condition in all subjects using the binarized triple network masks. The extracted
voxel-level values were used to calculate several parameters of interest, relevant for the exami-
nation of the task effect on the post task resting-state. These parameters and the exact descrip-
tion of how they were calculated are shown in Table 1.

To compare the dynamics of the three fMRI measures during the different study conditions
in the three networks, a three-way repeated measures analysis of variance (rm ANOVA) was
carried out in order to investigate the effects of the network (three levels—DMN, CEN and
SN), IMRI measure (ALFF, ReHo, DC), condition (R1, T1, T2, T3, R2) as well as the net-
work" measure® condition interaction. Only in case of a statistically significant effect obtained
in the global F test and a significant measure’ condition interaction in the network, post hoc t

Table 1. Description of parameters used to examine the effect of the task on the fMRI measures in the post-task
RS,

Parameter | Caleulation procedure/ meaning

R | Vioxel-level IVRI mensures during the first (pre-task) resting-state (RS) (baseline)
B | Vosel-level IMRI measures during the second (post-task) RS,
T1,T2, T3 Voxel-level IMRI measures during the three subtasks of the visual oddball paradigm.

RS difference (RSD) Difference between post- and pre-task RS (R2—R1) in the voxel-level fMRI measures for
| each subject.

Task jwhote) | Task jwhotey = (T1 + T2 +T3) /3
| (mean values of the fMRI measures during the three subtasks)

Main task (whote) | Task (whoter—R1

RS similarity (RSS) | Correlation coefficient between R1 and R2 for each subject.

Task effect at the group | Correlation coefficients between the differences (Task (whole)-R1) and (R2—R1).
level All correlation coefficients were computed using Pearson’s correlation coefficients at a

| significance level of p < 0.05.
https://doi.org/10.1371/joumal pone. 0246709 4001
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tests were performed for multiple pairwise comparisons. Due to the different number of voxels
in the networks and the whole-network based approach in our study, the mean values from
the whole network for each of the three parameters were included in this analysis for each sub-
ject The calculations were performed using the software package IBM SPSS Version 25.

The inter-network FC of the three networks were calculated by first extracting the mean of
the BOLD signal time series from the binarized mask of each network, followed by the compu-
tation of the Pearson’s correlation coefficient between each pair of networks. Fisherrto z
transformation was performed to improve the normal distribution.

To investigate the relationship between the behavioral data (e.g. reaction time) and the
{MRI measures, the correlation coefficients between the RSD and subject’s reaction time in the
response condition was performed. Further, we investigated the association between the RT
and the and the inter-network connectivity by calculating the correlation coefficients between
the RT in the response condition and the inter-network connectivity. Also, to examine the
relationship between the functional connectivity measures (ReHo, and DC), the correlation
coefficients between the ReHo and the DC were calculated in each condition for each network.

Due to the exploratory approach, no correction for multiple comparisons was performed in
this study.

Results
Behavioural data

The mean reaction time of the respond condition was 477 ms (SD = 13).

Imaging data—task data

The task data were initially analyzed and reported following the examination of the first 16 par-
ticipants [51]. The current analysis includes an enlarged collective of test subjects (N = 21) and
confirms previously reported findings. In summary, activation in regions associated with a
response to visual stimulation (occipital cortex) for both the target and the frequent stimuli was
observed during all three subtasks of the visual oddball paradigm. Both, the count and respond
conditions differed significantly from the passive condition in a number of brain regions
including the pre- and post-central gyri, regions of the parietal cortex and the middle and infe-
rior frontal gyri. Compared to the count condition, the response contrast yielded significant dif-
ferences in the parietal operculum, inferior parietal lobule, insula, anterior cingulate cortex, and
the posterior cingulate cortex (PCC). The BOLD activation in response to target and frequent
stimuli in the passive, count and respond condition are shown in the 51 Fig, Further, in the 52
I'ig we show the tripled two-group differences for the first level contrast (target > frequent sti-
muli) which was calculated in a pairwise compression of the three task conditions.

Imaging data -triple network resting-state data

The triple network was identified using group independent component analysis (Fig 2). Specif-
ically, the DMN included the posterior cingulate cortex (PCC), precuneus, angular gyrus, and
medial prefrontal cortex (mPFC); the CEN included the lateral posterior parietal cortex
(LPPC) and dorsolateral prefrontal cortex (DLPFC); the SN included the frontal insular cortex
(FIC), and anterior cingulate cortex (ACC).

RSA and FC across different study conditions

The fMRI measures showed different values of the RSA and the local and global FC during the
different study conditions (rest-task-rest). The mean values and the standard deviations of the
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Fig 2. Depiction of the triple networks referred to as the triple network: Default mode network (DMN, blue
colour), central executive network (CEN, red colour), and salience network (SN, green colour). The networks were
identified by decomposing the pre-task resting-state condition into 20 components from 21 subjects.

fMRI measures during the two RS periods and the three subtasks based on the mean values of
each parameter in 21 subjects are shown in Table 2.

ALFF, ReHo and DC values obtained during the two resting states and during the whole
task are depicted in Fig 3. The contrast between the two RS conditions (R2 -R1) is shown in
the right part of the figure (Fig 3B).

The dynamics of the changes in the individual fMRI parameters during the different phases

of the study for the three core RS networks on which the focus of the current study was placed

are shown in Fig 4. The three-way repeated measure ANOVA revealed a significant threefold

interaction between the factors network, fMRI parameter and condition (F (5, 255) = 3.55;
p = 0.005), Significant two way interactions could be observed for the parameters measur-
e“condition within the DMN (F(2,752) = 4.355; p = 0.01) and for the CEN (F(4,115) = 2.953;
p = 0.024). This interaction was not significant in the SN (F(4,835) = 0.803; p = 0.547). Thus,
post hoc comparisons between the single condition for each fMRI measure were performed
only in the DMN and CEN.

PLOS ONE | hitps
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Table 2. Mean values and standard deviations (SD) of the three fMRI measures during the two RS periods (R1 and R1) and the three subtasks of the VOP (T1, T2
and T3) obtained from the triple network (defanlt mode network (DMN), salience network (SN), and central executive network (CEN)), based on the mean values

of each parameter in 21 subjects.

Brain network
R1 (mean (SD))
DMN | 0.042 {0.063)
CEN | 0,022 (0.063)
SN -0.012 (0.442)
DMN 0.375(0.148)
CEN | 0.265 (0.106)
SN 0147 (0126)
DMN 0.082 (0.099)
CEN 0.053 (0.079)
SN 0.040 (0.069)

hittps:/fdoi.org/ 10,137 1/journal. pone 0246709 1002

Task
T1 (mean (SD)) | T2 (mean (SD)) T3 (mean (SD)) | R2 (mean (SD))
Amplitude of low frequency fluctuations (ALFF) .
0.046 (0,064) | 0,044 (0.066) i 0.048 (0.071) | 0.047 (0.074)
- 0.005 (0.058_]_ | -0.005 {0069} | -0.004 (0.068) | -0.011 EU_.USE_]
-0.011 (0.051) -0.019 (0.058) 0,009 (0.058) -0.018 (0.057)
Regional homogeneity (ReHo) )
0.419 (0.164) | 0,373 (0.184) | 0.404 (0.188) | 0.393 (0.147)
0.319 (0.108) | 0.323 (0.097) | 0.334 (0.106) | 0.261 (0.112)
0143008 | o1 | 01890433 | 01300103
Degree cen_trsqu_r (DC) _
0.182 (0.225) | 0.205 (0.283) | 0.244 (0.308) 0.121 [[_l. 116)
0.081 (0.159) 0.147 {0.191) | 0.139 (0.187) | 0.077 (0.116)
0.024 {0.107) | 0.044 (0.099) | 0.061 (0.128) | 0.043 (0.051)

Due a significant Mauchly-test all reported values were adapted using the Greenhouse-
Geisser method [64]. The post-hoc pair-wise comparation between the single values within the
networks revealed some significant results as shown in Fig 4.

Concretely, we could not observe significant changes of the ALFF between the five investi-
gated conditions in none of the three investigated core RS networks.

In the DMN the parameter ReHo increased non-significantly in T1 compared with R1.
This value further decreased significantly during T2 (p = 0.015) and increased again signifi-
cantly during T3 (p = 0.006). In the same network, the parameter DC increased significantly
during T1 (p = 0.021) and remained significantly higher than in R1 during the both consecu-
tive parts of the VOP (T2 (p = 0.049) and T3 (p = 0.019)). In the further course of the study, it
decreased significantly in R2 (p = 0.027).

In the CEN, the parameter ReHo increased significantly during the task compared with R1
(T1: p=0.002; T2: p = 0.007, T3: p = 0.002) and decreased significantly during the R2
(p = 0.006). Similar dynamics could be observed for the parameter DC, although the value did
not increase significantly during the passive task condition but only in the T2 condition
(p = 0.029) and then even further in the context of the T3 (p = 0.034). The value decreased to a
level comparable with R1 in the R2 condition (p = 0.044).

Since these post hoc analyses were not confirmatory but rather merely exploratory, no cor-
rection for multiple testing was carried out.

Inter-network interaction

The functional connectivity between the DMN and CEN increased significantly following the
performance of the task (p = 0.015). The connectivity strength between the DMN and the SN
remained stable (p = 0.25), whereas it increased significantly between the SN and CEN

(p = 0.0004) (Fig 5).

The investigation of the relationship between the RT in the response condition and the
inter-network connectivity revealed only a significant negative correlation between the RT
and the inter-network connectivity between DMN and CEN (r = - 0.43, p = 0.04) in the pre-
task RS (R1). All other correlations were not significant. Even more, the analysis of the associa-
tions between the RT and the inter-network connectivity changes remained also non-
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Pre-task RS TasKncies Post-task RS (Post-task — pre-
B

task)

Fig 3. IMRI measures (ALFF, ReHo, and DC) from 21 subjects depicted for the whole brain. The difference between the two resting states (R2-R1) for each three
[MRI measures is shown in the right row (B).

significant for all observations (change of DMN-SN inter-network connectivity and RT: r =
-0.203; p = 0.377; change of DMN-CEN inter-network connectivity and RT: r = 0.252;
p = 0.270; change of CEN-5N inter-network connectivity and RT: r = -0.165; p = 0.476).

Associations between the pre- and post-task resting-state differences and
the task

The correlation between the differences between post-task and pre-task RS parameters

(RSD = R2—R1) and the fMRI measures resulting from the pure task effects (task o0 —R1)
are depicted in (Fig 6). Significant positive correlations were found in DMN for ALFF
(r=0.48, p=0.02;95% CI [-0.17, 0.84]) and DC (r = 0.58, p = 0.005; 95% CI [-0.03, 0.87]); in
CEN for ALFF (r = 0.44, p = 0.04; 95% CI [-0.22, 0.82]), ReHo (r = 0.69, p = 0.004; 95% CI
[0.16, 0.91]) and DC (r = 0.67, p = 0.008; 95% CI [0.12, 0.91]); and in SN for ALFF (r = 0.69,

p = 0.004; 95% CI [0.16, 0.91]), ReHo (r = 0.58, p = 0.004; 95% CI [-0.03, 0.87]), and DC
(r=0.49, p = 0.02; 95% CI [-0.15, 0.84]). Taking into account the confidence intervals, only the
correlations for ReHo and DC in CEN, and for ALFF in SN can be considered as significant.
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Fig4. Bar chart representing the mean of the IMRI amplitude of low-frequency luctuations (ALFF), the
regional homogeneity (ReHo), and the degree centrality (DC) in the three resting state networks—default mode
network (DMN) (A), central executive network (CEN) (B) and salience network (SN) (C)- across 21 subjectsin 5
conditions including resting-state 1 (R1), passive (T1), count (T2), respond (T3), and resting-state 2 (R2).

hitps:/fdoi.org/10.1371 journal.pone.0246709.0004

The investigation of the associations between the RS differences (RSD and the subjects” RT
in the respond condition remained without significant correlations.

Similarity between the first and the second RS and the associations between
ReHo and DC

The RSS values calculated separately for the triple networks (DMN, CEN and SN) for each of
the fMRI measures (ALFF; ReHo and DC) are shown in Table 3. The RSS values were compa-
rable for all three parameters across all three networks.

The results of the correlations between the two functional connectivity measures—ReHo
and DC—remained highly significant in each condition of the investigation, as shown in
Table 4. Furthermore, in all three networks we found a significant correlation between the
extent of the change in the ReHo parameter (R2-R1) and the DC (R2-R1) parameter: in the
DMN: r = 0.735, p < 0.001, in the CEN: r = 0.709, p < 0.001, in the SN: r = 0.586, p = 0.005.

Discussion

In this study, we investigated the effects of a simple visual-oddball paradigm on three basic
fMRI measurements of the RS-ALFF (RSA), ReHo, and DC (the local and the global func-
tional connectivity, respectively)—in the three core RS networks—DMN, CEN, and SN. Our
analysis revealed different dynamics of changes in brain activity and connectivity in the three
networks during the rest-task-rest investigation, the course of which was related to the differ-
ent requirements of the individual subtasks. The assessment of these properties in the post-
task RS phase, on the other hand, showed a high degree of similarity with the pre-task RS, Fur-
thermore, the task performance induced a significant increase in the inter-network correla-
tions between the SN and CEN, as well as between the DMN and CEN, but not between the
DMN and SN. Also, the differences between the pre- and the post-task RS (R2—R1) were

U.EE Iows & s [omK & cEN [IEICEN & SN
0sl [z2e0® ]
gﬂ.?'
= |
06 . 4
£ :
205¢) -
% 1 T
Qo4
& T
51}_3:—- ]
027
01}
0 L

Pre-task resting state Post-task resting slate

Fig 5. Strength of the FC between each pair of networks in the triple network in the pre- and post-task resting-
state. There is a significant increase in FC between the DMN and CEN, and between the CEN and the SN in the post-
task resting-state (p < 0.05), The bars represent the standard error.

hitps://dol.org10.1371 fournal. pone.0246709.0005
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https://dol.org/10.1371/journal pone.0246709.9006

strongly associated with the main task influence (task (wiae)—R1) in two networks (for ReHo
and DC in the CEN and for ALFF in the SN). Finally, at a behavioral level, the task perfor-
mance (subject’s reaction time in the respond condition) correlated solely with the inter-net-

work connectivity between DMN and CEN in the pre-task RS.

One particularity of our study was the investigation of the properties of the core resting
state networks addressing the whole networks, rather the single subregions. In this approach,
the temporal dynamic of the intrinsic brain networks is more robust compared to the analysis
of single subregions. This is due to a lower susceptibility to noises caused by head motion,

Table 3. Mean values, standard deviation, and the range of the resting-state similarity (RSS) calculated separately
for each resting-state fMRI parameter (ALFF, ReHo, and DC) and for each of the triple networks (default mode

k (DMN), sali k (SN), and central executive network (CEN).

| RSS(Meam) | RSS(SD) | RSS(Rango)

. DMN
ALFF | 0.882 0029 | 0.824-0925
ReHo | 0.812 0.039 | 0.698-0.876
be | 0.756 0.0657 | 0.575-0.884

= = = CEN =
ALFF i 0.874 0.044 | 0.763-0.946
ReHo | 0779 0.051 ! 0.655-0367
DC | 0.757 | 0.097 | 0.425-0.864
SN

ALFF | 0.886 0.048 | 0.721-0.934
R_:‘HD | (.758 0.045 | U.66-I_1. ~0.851
DC | 0.756 0.083 | 0.495-0.880

hittps:/fdoi.org/10.1371 journal. pone.0246709.t003
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Table 4. The relationships between the IMRI measures (ReHo, and DC) across the brain networks (DMN, CEN, and SN). All correlations coefficients were positive
and significant at p < 0.01.

Correlations b ReHo and DC
DMN
R m . 12 ™ | r
r | p-value | r | p-value | r | p-value | r | p-value | r | p-value
088 | <oo | oe | <oo | os | <o | o7 | <om | o7 | <ool
CEN
R1 T : T2 ' T3 | R2
r | p-value I r | prvalue | T | p-value | r | p-value | r | p-value
0.79 | < 0.01 | 0.74 | < 0.01 | 66 | < 0.01 | 0.76 < 0.01 | 0.84 < (.01
. SN
Rl T1 | 1% i R2:
r | pwahe | 0r | pvalee | ¢ | pvalue | ¢ | pwlee | 0 ¢r | palue
0.76 < 0.01 | 0.81 < 0.01 | 0.6 | = (.01 | 0.73 | < 0.01 | 0.7 | < (.01

https:/fdoi.org/10.1371/journal pone. 02467094004

respiration, and vascular pulsatility [65,66]. Furthermore, this approach allows a statement to
be made about the overall function of the networks, rather than the function of single subre-
gions, which in most cases cannot be assigned exclusively to one network. Therefore, our
approach considered for each subject the mean values of the voxel-wise fMRI measurements
as representative of the properties of the individual networks. These values were used to cap-
ture the dynamics of task-induced changes in the individual networks.

Interestingly, we could not find a significant change in the ALFF values at the network level
in none of the three investigated networks. This is a somewhat unexpected result, especially
since the DMN deactivation during task performance has been reported in numerous studies
using different neuroimaging techniques [67-69]. Thereby, it is hypothesized that the deacti-
vation results from reallocation of attentional resources from internal to external sources of
information [69]. However, the deactivation extent appears to be associated with the cognitive
demand of the task: persisted activity of the DMN is been reported during not sufficiently chal-
lenging tasks [7] as well as a lower extent of DMN deactivation has been shown during
decreased task demands [70,71]. Indeed, the VOP, particularly the passive subtask, includes a
very low cognitive demand limited on a passive observation of the presented stimuli. In our
study, the passive stimuli observation resulted mainly in the activation of the visual cortex for
both, the target and the frequent stimuli, which could be observed during all three conditions.
Although the general activation was much more extensive in the two other subtasks, we did
not observe any significant change in ALFF values in the three target networks in any of these
conditions. In one previous investigation, the authors reported a reduction of both, fractional
ALFF (fALFF) and FC during sustained working memory task in the posterior areas of DMN,
while changes in the ACC were less marked [72]. In contrast to this study, our approach con-
siders the entire network, so that the lack of significant changes in ALFF values could be attrib-
uted to a cumulative mutual cancellation of the different changes in different parts of the
network.

During the subtask T2, however, in which not only passive observation but also active
counting of irregular stimuli was required, we observed a significant reduction in the ReHo
value in DMN, which is in concordance with previously reported reduction of ReHo in the
DMN during a simple cognitive task [48]. Generally, a reduction in ReHo seems to indicate a
decrease in activity in the observed region [73,74]. Interestingly, a renewed increase in ReHo
occurred in the DMN during the response task (T3). ReHo, often referred to as the local FC is
defined by the temporal coherence or synchronization of the BOLD time series within a set of
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a given voxel's nearest neighbors [26]. ReHo represents the most efficient, reliable, and widely
used index of local FC [75,76]. An increase in ReHo indicates an increased local synchroniza-
tion of spontaneous neural activity [72]. This finding may be attributed to the fact, that an
important part of the DMN-the posterior cingulate cortex (PCC)—showed a significant acti-
vation in the respond condition only.

The described alterations were accompanied by an incremental increase in DC values and
their significant reduction after the transition to the second RS. DC represents the overall con-
nectivity between particular brain regions to other brain areas [8,75]. An increase in DC of
specific brain hubs indicates a more extensive communication with distinct brain areas. Earlier
investigations reveal that the increase of functional connectivity may result in higher global
efficiency that facilitates global information transmission [77] that has been required during
the tasks performance. Otherwise, a DC decrease after task performance has been previously
reported after subjects performed a sustained auditory working memory task [72].

In the CEN, we observed a gradual increase in ReHo in DC during the task and a significant
decrease of both values and thus a return to the level observed during R1 after the completion
of the task. At a broad level, the CEN is included in higher order executive functioning, includ-
ing the cognitive control of thought, emotion regulation, and working memory [16,78,79] and
is thus activated during efforts to exert self-control, reappraise threatening stimuli, and to sup-
press intrusive, unpleasant thoughts [80-82]. CEN activity has been shown to be anti-corre-
lated with activity in the DMN in healthy adults [1,18,19], while some investigations indicate
that the CEN also exhibits an inhibitory control on the DMN [83]. Thus, the task associated
ReHo and DC increase in the CEN express the involvement of this network in responding to
the task demands. The decrease following the completion of a cognitive paradigm may be the
basis for the restoration of the regular activity of the DMN within the scope of a decline in
DMN inhibition which occurred as a result of increased CEN activity during the task
performance.

All three investigated fMRI measures remained broadly stable during the rest-task-rest
design in the SN. The SN as a network known to demonstrate competitive interactions during
cognitive information processing [6,19] and, thus, having a critical role in switching between
two other major RS networks (the DMN and the CEN [1]. In particular, the main hubs of the
SN, the frontal inferior insula and ACC, are known to share significant topographic reciprocal
connectivity and form a tightly coupled network, ideally placed to integrate information from
several brain regions [84,85]. Thus, they seem to moderate arousal during cognitively demand-
ing tasks and play a unique function in initiating control signals that activate the CEN and
deactivate the DMN [18]. Previous investigations have linked increased ALFF values in some
parts of the SN to a hyperarousal state in patients with MDD [86]. The stabile levels of RSA
and FC before, during and after a low demanding task in healthy controls could reflect a lack
of significant change in arousal by a task that neither required significant cognitive effort from
participants nor had any affective components,

The connectivity analysis between the three networks revealed an increased synchroniza-
tion (in terms of a significantly increased connectivity strength) for the SN with the CEN but
not with the DMN in the post-task RS compared to the pre-task RS. This may be an after-task
effect of the inter-network interactions during the paradigm performance. Indeed, Sridharan
and colleagues have shown that the connectivity strength during the visual oddball paradigm
particularly increased between the main nodes of the SN (frontal anterior insula and ACC)
and all main nodes of the CEN, while the interactions between the SN and DMN were less pro-
nounced [18].

Interestingly, the connectivity between the CEN and DMN also increased in the post-task
resting-state. This finding is consistent with the literature on the cooperative activity of the
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DMN and the CEN during different mental operations [87]. An increased coupling between
some parts of these two networks has been shown in problem-solving tasks [88], social work-
ing memory [89], and during creative idea production [90]. Furthermore, a significant interac-
tion between the DMN and the CEN has also been shown during the RS condition [91].

In our study we observed an association between a stronger pre-task interaction between
this two networks and better task performance (expressed here through shorter reaction
times). Better synchronisation of the two networks at rest therefore seems to form a basis for
faster responsiveness. Thereby, this interaction seems to fluctuate dynamically across short
time scales [92], indicating that the temporal relationships between the DMN and CEN shifts
depending on the change in the attention focus and the immediately preceding activity. Thus,
the increased connectivity between the DMN and the CEN in the post-task RS observed in our
study may be an expression of the shifting of attention after task completion.

Several subregions of the triple networks are known to be activated during the performance
of cognitively demanding tasks [93]. In the case of the VOP performed in our study, the main
task specific activation has been reported previously by Warbrick and colleagues [51]. The tar-
get detection specifically activated distinct brain regions than the frequent stimuli during the
count and response condition in several brain regions including parietal and frontal regions
(partly included in the CEN), with more widespread, left hemisphere dominant pre and post
central gyri and frontal pole activation for the respond condition [51]. During the last part of
the paradigm (T3), the target>frequent stimuli contrast mainly involved, besides the men-
tioned parts of the CEN, also parts of the DMN (PCC) and the SN (Insula, ACC). The insula
activation was common to the count and respond conditions. The intensive involvement of
different subregions of the triple networks in the performance of the task may have contrib-
uted to the dynamics in the triple network model networks during this rest-task-rest design.
Indeed, we observed positive correlations between the extent of the differences between R1
and R2 regarding specific parameters and the actual task effect on the same parameters in the
triple networks. These correlations were significant in the CEN for ReHo and DC measures
and in the SN for ALFF. A close relationship between the cognitive level of the previous task
and the extent of the modulation in the brain networks has been reported previously. Barnes
and colleagues observed that the changes in endogenous dynamics in post-task RS is directly
related to the difficulty of task performance [94]. In the case of the VOP used here, the levels of
cognitive demand for all three subtasks are not widely different and the whole paradigm did
not require high cognitive effort. Accordingly, we observed a high level of resting state similar-
ity for all three parameters in all three networks. However, we observed an increased synchro-
nization for the CEN with the SN as well as with the DMN in the post-task RS. This may be an
expression on a more intensive involvement of several subregions of the CEN in the last two
parts of the paradigm. Even more, the T3 subtask also included a pronounced activation of the
insula and the ACC (parts of the SN) as well as the PCC (DMN) during the counting and
responding to the target. Thus, the increased synchronization of the CEN with the SN as well
as with the DMN in the post-task RS may be a consequence of this immediately preceding
joint activity. Indeed, the extent of the changes in the RSA and local as well as global connectiv-
ity in the core RS networks in the post-task condition followed the extent of the task-induced
changes within those networks.

Conclusion

In conclusion, in this work we report the dynamics of changes in RSA, local and global con-
nectivity within the triple RS networks during a simple cognitive activity. A particularity of
this work is the capture of the properties of the networks as a whole, The observed patterns of
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change differed noticeably between the networks and were tightly associated with the task-
related brain activity and the distinct involvement of the networks in the performance of the
different subtasks. In the post-task RS we could find a very high similarity with the pre-task RS
in the individual parameters within the individual networks. However, especially the inter-net-
work analysis showed an increased synchronization of CEN with the DMN and the SN after
the task. The differences between the pre- and post-task RS correlated largely with the extent
of the pure task-effect. Furthermore, we observed that the RT was shorter (and thus the perfor-
mance better) in the case of a higher pre-task interaction between the DMN and the CEN. In
sum, our results show that the behavior/task not only led to dynamic changes in the properties
of three core resting state networks, but also to a change in the interactions between the net-
works, which could be detected at least immediately after the task. This in turn could have an
impact on subsequent activities.

Our results provide some additional insight into the task associated dynamics within and
between the triple resting state networks. Further investigations are required in order to
understand better their functional importance and interplay.
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frequent) first level contrast. The tripled two-group differences are like follows: Count >
passive (A), respond > passive (B), and respond > count (C) across 21 healthy subjects
(age: 29 * 5.6 years), Cluster-corrected threshold (Z = 2.3, p = 0.01).
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Abstract

The growing demand for precise and reliable biomarkers in psychiatry is fueling
research interest in the hope that identifying quantifiable indicators will improve
diagnoses and treatment planning across a range of mental health conditions. The
individual properties of brain networks at rest have been highlighted as a possible
source for such biomarkers, with the added advantage that they are relatively
straightforward to obtain. However, an important prerequisite for their consideration
is their reproducibility. While the reliability of resting-state (RS) measurements has
often been studied at standard field strengths, they have rarely been investigated
using ultrahigh-field (UHF) magnetic resonance imaging (MRI) systems. We investi-
gated the intersession stability of four functional MRI RS parameters—amplitude of
low-frequency fluctuations (ALFF) and fractional ALFF (fALFF; representing the
spontaneous brain activity), regional homogeneity (ReHo; measure of local connectiv-
ity), and degree centrality (DC; measure of long-range connectivity)—in three RS net-
works, previously shown to play an important role in several psychiatric diseases—
the default mode network (DMN), the central executive network (CEM), and the
salience network (SN). Our investigation at individual subject space revealed a strong
stability for ALFF, ReHo, and DC in all three networks, and a moderate level of stabil-
ity in fALFF. Furthermore, the internetwork connectivity between each network pair
was strongly stable between CEN/SN and moderately stable between DMN/SN and
DMMN/SN. The high degree of reliability and reproducibility in capturing the proper-
ties of the three major RS networks by means of UHF-MRI points to its applicability
as a potentially useful tool in the search for disease-relevant biomarkers.
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1 | INTRODUCTION

The increasing demand for precision psychiatry during the last
decades (Insel & Cuthbert, 2015) has led to an awareness of the need
to establish reliable biomarkers for mental health and different psychi-
atric conditions. According to the National Institutes of Health Bio-
markers Definitions Working Group, biomarkers are “a characteristic
that is objectively measured and evaluated as an indicator of normal
biological processes, pathogenic processes, or pharmacologic
responses to a therapeutic intervention” (Biomarkers Definitions
Working Group, 2001). Consequently, valid biomarkers are increas-
ingly seen as essential for both the precise diagnosis of complex men-
tal disorders and for reliable therapy monitoring.

Since the discovery of temporal correlations obtained by blood-
oxygen-level-dependent (BOLD) signal fluctuations during rest in the
1990s (Biswal, Zerrin, Haughton, & Hyde, 1995), the resting-state
(RS) research approach has been increasingly used to map regional
interactions in the brain and has considered to have a promising
potential in the search for biomarkers for brain-related disorders
(Blautzik et al, 2013; Washington et al,, 2013). Indeed, numerous
investigations confirm that the human brain is organized into dynamic,
resting-state  functional networks (rsNW; Cabral,
Kringelbach, & Deco, 2017; Fox et al., 2005; Smith et al., 2013), and
the link between serious mental illnesses and abnormal brain connec-
tivity is gaining widespread acceptance (Woodward & Cascio, 2015).
Thus, features and patterns derived from spontaneous brain activity
and functional connectivity (FC) could be considered as potential neu-
rophysiological biomarkers for various psychopathological phenomena
across neuropsychiatric disorders (Blatow, Nennig, Durst, Sartor, &
Stippich, 2007; Imperatori et al., 2020).

Resting-state functional MRI (rs-fMRI) measures functional con-
nections in the brain via the temporal correlation of low-frequency
(0.01 = f < 0.1 Hz) fluctuations in the BOLD fMRI signal. These fluctu-
ations reflect synchronized variations in spontaneous neuronal firing
and unconstrained mental activity (e.g, mind wandering; Biswal
et al., 1995; Fox & Raichle, 2007; Mason et al, 2007). The main
advantage of measuring FC using MRI is its noninvasive nature, Fur-
thermore, the participant is not required to complete an instructed
task, meaning that the results are not influenced by the task demands
or the efforts and motivation of the participants. Consequently, FC
examinations can be considered to be objective. Furthermore, rs-fMR|

intrinsic,

examinations are well tolerated by most subjects including patients
with severe symptomatology and require a reasonably short acquisi-
tion time. Thereby, some authors state that acquisition times of about
6 min have provided adequate sampling to obtain robust results (Van
Dijk et al., 2010), whereas others recommend, when possible, longer
acquisitions {about 12 min; Hacker, Roland, Kim, Shimony, &

Leuthardt, 2019). However, despite the broad applicability, it has to
be kept in mind that rs-fMRI measurements may be hampered by min-
imal head motions as well as by several physiological effects
{e.g., respiration and cardiac pulsatility) and various imperfections in
MR! system hardware (e.g., heating of the imaging gradients during
experiments; Maknojia, Churchill, Schweizer, & Graham, 2019), thus
the preprocessing requires a high degree of diligence.

So far, the transition toward the use of RS connectivity patterns
as a biomarker in clinical practice has not yet occurred. Among other
things, this requires a better understanding of the microscale brain
organization. The development of ultrahigh-field (UHF) neuroimaging
technologies, that is, UHF-MRI, offer the potential to bridge this
shortcoming (Bazin et al, 2014; Dinse et al, 2013; Geyer, Weiss,
Reimann, Lohmann, & Turner, 2011). One important consideration
hereby is the recognition of the good tolerability of the most UHF-
MR systems (Theysohn et al., 2007).

The usage of UHF-MRI entails several advantages. The benefits
include increased spatial sampling in the native image, and thus a high
spatial resolution (which decreases partial volume effects; Newton,
Rogers, Gore, & Morgan, 2012) improved signal-to-noise ratio
(Triantafyllou et al., 2005), increased sensitivity (Kraff, Fischer, Nagel,
Minninghoff, & Ladd, 2014), enhanced amplitude, and percent of sig-
nal change in BOLD signal (Sladky et al, 2013; van der Zwaag
et al., 2009), significantly accentuated microvasculature contributions
(Duong et al, 2003), and significantly reduced nonspecific mapping
signals from large vessels, which together can lead to a deeper under-
standing of the intrinsic properties of functional brain networks
{De Martino et al., 2011; Gorgolewski et al., 2015; Holiga et al., 2018).
Moreover, these factors considerably increase the quantity of data
obtained per scan and enable the consideration of the individual
examination.

However, besides the clear advant provided by UHF-MRI,
certain drawbacks must also be taken into account. Commonly dis-
cussed disadvantages include some physiological considerations (more
intensively pronounced unpleasant transient effects such as vertigo
and nausea discomfort (Rauschenberg et al., 2014) but also some
technical aspects. As field strength increases, field inhomogeneity—
both in the local magnetic field (BO) due to increased magnetic sus-
ceptibility effects and in the radiofrequency transmit and receive
fields (B1+ and B1-) due to dielectric effects—can cause image arti-
facts such as geometric distortion and image intensity biases over the
brain {Poli i, R Il, Z. kaya, & Fischl, 2018). This may particu-
larly affect single-shot echo-planar imaging (EPI), which represents the
mainly used application in fMRI imaging (Preibisch, Castrillon,
Bihrer, & Ried|, 2015), Besides geometrical distortions, the technical
challenges further include position-dependent flip angle, poor inver-
sion, unexpected contrast, intravoxel dephasing as well as increased
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tissue-specific absorption rates (SAR) and susceptibility-induced mag-
netic field wvariations within a region of interest (ROI; Ladd
et al, 2018). The search for adequate solutions to the issues men-
tioned above has progressed but is far from being complete (Diizel,
Costagli, Donatelli, Speck, & Cosottini, 2021; Ladd et al., 2018).

One of the most important requirements for valid biomarkers is
reproducibility (Strimbu & Tavel, 2010). In this context, numerous
studies have investigated the reliability of RS measurements using
MRI at 1.5 and 3.0 Tesla (Braun et al, 2012; Klomp et al, 2013;
Manoach et al, 2001; Plichta et al, 2012; Q. Zou et al,, 2015) and
have demonstrated reproducible results, For example, Somandepalli
and colleagues examined reliability within and across diagnostic
groups of children with attention-deficit/hyperactivity disorder and
typically developing children (Somandepalli et al., 2015). They also
examined voxel-wise reliability between groups. Their results demon-
strated moderate-to-high reliability across all children and within
groups and additionally found that the higher-order functional net-
works showed more than the lower one {Somandepalli et al., 2015).
Z. Li, Kadivar, Pluta, Dunlop, and Wang (2012) examined the repro-
ducibility of different fMRI matrices, such as seed region-based FC,
regional homogeneity (ReHo), and the amplitude of low-frequency
fluctuation (ALFF), in the RS brain and demonstrated the test-retest
reproducibility for ReHo and ALFF in the whole gray matter.

Moreover, long-term reproducibility studies have also shown
good results. Song, Panych, and Chen (2016) demonstrated that sub-
stantial to moderate long-term within-subject reproducibility can be
achieved in rs-fMRI by applying data-driven and predefined RCI-
based quantification of reproducibility. Chou, Panych, Dickey, Petrella,
and Chen (2012) also examined the long-term reproducibility of intrin-
sic connectivity networks and reported that RS intrinsic connectivity
network parameters might be appropriate biomarkers for monitoring
disease progression and treatments,

Although studies relating to the stability of FC measurements at
standard field strengths are relatively abundant, far fewer have been
conducted at UHF. Recently, Geissberger et al. (2020) investigated
the reproducibility of amygdala activation in facial emotion processing
at 7 Tesla and found fair to good intersession reliability and excellent
reliability for averages over runs. In another study, Berboth,
Windischberger, Kohn, and Morawetz (2021) investigated the voxel-
wise test-retest reliability of brain activity in response to an emaotion
regulation task for predefined ROIls implicated in four neural net-
works. Although test-retest reliability varied considerably across the
emotion regulation networks and respective ROIs, high reliability was
found in core emotion regulation regions, including the ventrolateral
and dorsolateral prefrontal cortex (VIPFC and dIPFC) as well as the
middle temporal gyrus (MTG).

Finally, Branco, Seixas, and Castro (2018) used a publicly released
data set from the consortium for reliability and reproducibility (Zuo &
Xing, 2014) to examine the temporal reliability of the sensorimotor
and language networks. The authors reported good temporal reliabil-
ity at short and medium time scales, as demonstrated by high values
of overlap in the same session and 1 week after, for both networks.
The results were also shown to be stable, irrespective of data quality
metrics and physiclogical variables.

Given the paucity of research into the reliability of the properties
of the core RS networks at UHF, this study aims to address this issue
with a focus on three established RS networks—the default mode net-
work (DMN], the central executive network (CEN), and the salience
network (SN)—often subsumed as the triple-network model (TNM).
The networks of the TNM are considered to be the core of
neurocognitive networks due to the involvement in a wide range of
cognitive tasks (Menon & Uddin, 2010). Moreover, disruption in the
synchronized activity of the triple networks has been implicated in
various psychiatric diseases (Dong, Wang, Chang, Luo, & Yao, 2017;
Jiang et al, 2017; C. Li et al, 201%; Menon, 2011) that often show
overlapping dysfunctions particularly in those three networks, In the
meantime, it is widely accepted that coordination of these networks
plays a key regulatory role in organizing neural responses underlying
fundamental brain functions (Nekovarova, Fajnerova, Horacek, &
Spaniel, 2014) and it has been proposed that a deeg of the
knowledge considering the TMN may be essential to understand
pathophysiological dysfunction across several psychiatric disorders, as
dysfunction in one network may affect the other two (Menon, 2011).

Thus, we chose to use the publicly available data set obtained
from the Gorgolewski project (Gorgolewski et al., 2015) to investigate
the stability of these three core RS networks in terms of the inter-
session stability of the fMRI parameters and the stability of the inter-
network correlations between the triple networks. The following four
fMRI parameters were used to characterize the different properties of
the brain networks: both ALFF (Yu-Feng et al., 2007) and fractional
ALFF (fALFF; Q-H. Zou et al, 2008) were used to evaluate the
regional spontaneous activity. Specifically, ALFF indicates the strength
of regional spontaneous brain activity, while fALFF represents the rel-
ative contribution of specific low-frequency fluctuation to the whole
frequency range. The ReHo (Zang, Jiang, Lu, He, & Tian, 2004) was
used to investigate local FC; and the degree centrality (DC; Zuo et al,,
2012), was used to investigate global FC. Thus, ReHo and DC are con-
sidered to be mutually complementary for detecting both local and
remote brain activity synchronization (Cui et al., 2016). Together with
the ALFF and fALFF parameters, these fMRI metrics enable compre-
hensive rsNW characterization, displaying a pattern of RS activity,
regional temporal integration, and connectivity.

2 | METHODS

21 | Subjects

The data used in this study were taken from the open-access data set
(Gorgolewski et al., 2015). The original data set consisted of 22 healthy
subjects (12 male and 10 female). We excluded six subjects due to
head motion and technical issues. The exact reasons for the exclusion
are given in Table 51. Therefore, our final data set originated from
14 subjects (9 male and 7 female) age range 22-29 years; mean
25,25 + 2.01. According to the original publication, all subjects signed
written informed consent. The study was performed in accordance
with the declaration of Helsinki and was approved by the Ethical
Committee of the Leipzig University.
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22 | Experimental procedure

The full experimental procedure is described in the original publication
of Gorgolewski et al. (2015). All subjects were examined twice using a
7-Tesla whole-body MRI scanner (MAGNETOM 7 Tesla, Siemens
Healthcare, Erlangen, Germany). The time between the two sessions
was 1 week. Both examinations involved RS fMRI measurements. The
focus of our investigation is on the results reported from the 15-min
RS sessions.

23 | MR data acquisition

During the RS scanning sessions, the subjects were asked to remain
awake, keep their eyes open, and focus on a cross. The subjects were
also asked to abstain from drinking caffeinated products for at least
2 h before each scan.

All imaging protocols are presented in the original publication of
Gorgolewski et al. (2015). MR data were acquired using a 7-Tesla
whole-body scanner (MAGNETOM 7 T, Siemens Healthcare,
Erlangen, Germany). A combined transmit receive head coil (consisting
of a birdcage transmitter and 24 channels phased array receiver;
NOVA Medical Inc, Wilmington, MA, USA) was used for imaging. The
fMRI data were acquired using an EPl two-dimensional sequence.
Data were acquired in the axial orientation. Three hundred volumes
were acquired in 15 min for each RS run with the following parame-
ters: repetition time (TR} = 3,000 ms, echo time (TE) = 17 ms, partial
Fourier 6/8, GRAPPA acceleration factor iPAT =3, flip angle
(FA) = 70°, field-of-view (FOV) = 192 x 192 mm, imaging matrix
128 = 128 = 70 slices, slice thickness = 1.5 mm, and voxel size
1.5 mm®.

High-resolution T1-weighted images were acquired using a three-
di ional magr 1 prepared rapid gradient echo (3D MP-
2RAGE) sequence (TR = 5 5, TE = 2.45 ms, Tly2 = 0.9/2.75 s, partial
Fourier 6/8, GRAPPA acceleration factor IPAT = 2, FAy» = 5°/3°,
FOV = 224 = 224 x 168 mm®, imaging matrix 320 = 320 »« 240, and
voxel size 0.7 mm?).

24 | fMRI data preprocessing and analysis

The fMRI images were preprocessed using data processing and analy-
sis for brain imaging (Yan, Wang, Zuo, & Zang. 2016) and SPM12
(http:/ /wwwfilion.uclac.uk/spm/) toolboxes built on MATLAB soft-
ware package version 2017b (The Math Works, Inc,, Natick, MA,
USA). The preprocessing was performed as follows: the first 10 vol-
umes were removed, followed by slice timing correction, realignment
of images and field map correction, individual T1 images were co-
registered to the functional images. The transformed T1 images were
segmented to grey matter, white matter (WM), and cerebrospinal fluid
(CSF). Then the Friston 24-parameter model was used to remove the
nuisance signals by regressing out the head motion effects from the

realigned data. Also, the signals from WM and CSF were regressed
out to reduce the impact of physiclogical noise. As motion could influ-
ence the FC results, the Friston 24-parameter model and framewise
displacement were used to estimate any head motion at the subject
level. Any subjects who had head motion exceeding 1.5 mm in transla-
tion or 1.5° in rotation were excluded (Table 51). Afterward, to keep
only the high-quality data, motion scrubbing was applied to remove
minimal motion frames (volumes exhibiting framewise displacement
=0.2 mm were excluded). After scrubbing, the percentage of volumes
left for each subject and session is reported in Table 52. Then the
fMRI parameters were computed in the native space. Default masks
(whole brain, white matter, gray matter, and CSF) were generated
based on the segmented T1 image and then were applied before com-
puting the fMRI parameters. ALFF value was calculated by trans-
forming the BOLD signal time series to the frequency domain using
the fast Fourier transformation, then the power spectrum was
obtained. Later ALFF is calculated as the sum of amplitudes within a
low-frequency band of 0.01-01 Hz for each voxel (Yu-Feng
et al, 2007). The fALFF value was calculated dividing the power
within the low-frequency range (ALFF) by the total power in the
entire measurable frequency range (Zuo et al, 2010). Later temporal
filtering between 0.01 and 0.1 Hz was applied to all voxels time series
on the preprocessed fMRI data to calculate DC and ReHo. The DC
was computed by calculating Pearson's correlation coefficient
between the time series of a given voxel and all other gray matter
voxels in the brain. The correlation vector was binarized by applying a
threshold {r > .25, p <.001) and added (Takeuchi et al., 2015). The
ReHo was computed by averaging the synchronization or similarity
between the time series of a given voxel and its 26 neighboring voxels
using Kendall's coefficient of concordance (Zang et al, 2004). The
fMRI 5 Were lized using a Z-score standardization
procedure (subtracting the mean from each voxel and then dividing
the value by the SD of the whole brain). Finally, spatial smoothing with
full width at half maximum (FWHM) at 3 mm® was applied.

2.5 | Triple-network ROIls

The publicly available data set was used to specifically extract and
analyze the triple RS networks. The TNM included 15 ROIls, which
were selected following the specifications from networks atlas pro-
vided by the Conn toolbox (Whitfield-Gabrieli & Nieto-
Castanon, 2012). The masks for the DMN and CEN consisted of four
ROIs each, and the SN mask included seven ROIls. Concretely, the
DMN included the medial prefrontal cortex (MPFC), the left and right
lateral parietal cortex and the posterior cingulate cortex (PCC). The
CEN included the right and left lateral prefrontal cortex (fPFC, IPFC)
and the right and left posterior parietal cortex (PPC). The SN included
the anterior cingulate cortex (ACC), the left and right anterior insula,
the left and right rostral prefrontal cortex, and the left and right sup-
ramarginal gyrus. The masks for the three networks are shown in
Figure 1.
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FIGURE 1
networks: the default mode network (DMN, blue color), the central
executive network (CEN, red color), and the salience network (SN,

green color) overlaid on MNI152 template. CEN, central executive

network; DMN, default mode network; SN, salience network

Depiction of the masks for the three core resting state

26 | ROl-based FC analysis

To keep the original spatial resolution of the functional images, the
defined masks were warped into the individual space, and then the con-
nectivity between the ROls within the triple networks was computed by
extracting the mean BOLD signal time series from each of three networks'
ROI. Pearson's correlation coefficient was computed between each pair
of the ROl's mean BOLD signal time series, resulting in two 15 = 15 con-
nectivity matrices for each subject. Fisher's r to z transformation was

applied for all connectivity matrices to improve the normality.

2.7 | Stability analysis
271 | Intersession stability of the fMRI parameters
in the triple networks

We used Lin's concordance correlation coefficient (CCC) instead of
Pearson's correlation because it estimates the variation from the 45°
line (L I Lin, 1989; McBride, Lin, Bland, & Altman, 2005), thus, the
CCC gives more accurate reliability results. Lin's CCC (p.) was calcu-
lated using the following formulas (1-8) (L L Lin, 1989; L. Lin,
Hedayat, Sinha, & Yang, 2002; McBride et al., 2005):

2ay,

2 2
o +o7 -+ (p, — piy)
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where the mean (u,) of each fMRI parameter in each session was com-
puted as follows:

1—n

Hx_azl” 1 Xn (2)

The variance (o2} within each session for each fMRI parameter was
computed as follows:

P i i
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The covariance (m,,) between two sessions for each fMRI| parameter
was computed as follows:
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The CCC can also be written as a product of accuracy and precision
e =xa, where precision p is Pearson’s correlation coefficient and

accuracy is the term y, given by the equation:
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Also, the sample counterpart of CCC is given by
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where the r is sample Pearson's correlation coefficient, ¥ and ¥ are the

sample means, and the ; are the sample variances.

5,2 ands,

The four fMRI parameters (ALFF, fALFF, ReHo, and DC) were
extracted from the triple-network voxels for all subjects in both ses-
sions. The extracted values were used to calculate the voxel-based
CCC at the subject level. CCC was calculated using MATLAB-based
function f_CCC available at https://github.com/robertpetermatthew/
f_CCC/blob/master/f_CCC.m (Robert Matthew 2020). CCC including
the confidence interval for the same was calculated with an adjusted
significance threshold (o) of .00026. The significance threshold was
precomputed accounting for multiple comparison correction via
Bonferroni method (Chen, Feng, & Yi, 2017). Since 16 subjects were
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tested for four fMRI parameters in three RS networks, a total of
192 tests were made. This resulted in adjusted significance threshold
() of 05/192 = .00026. The computed CCC value and the confi-
dence intervals with adjusted alpha are reported in Table 53.

The mean of the intermeasurement stability for the fMRI parame-
ters in each network was calculated. Thereby, the Dancey and Reidy
scale was applied to interpret Pearson's and Spearman's correlation
coefficients (Dancey & Reidy, 2004). Thus, correlation coefficients
<40 were considered to be weak, values between .40 and .69 were
considered moderate, values between .70 and .99 were considered
strong, and correlation coefficients of 1.00 were considered perfect.
As the CCC should be interpreted close to other correlation coeffi-
cients (e.g., Pearson's; Altman & Altman, 1999; Akoglu, 2018), we
used the same scale for assessing both the inter-session stability of
the fMRI parameters and the stability of the internetwork
correlations.

27.2 | Stability of the internetwork correlations
between the three networks

To calculate the stability of the FC between the three networks, the
internetwork connectivity matrices of the triple networks were com-
puted for each session. Subsequently, Spearman’s correlation coeffi-
cients between the connectivity values in each pair of networks, in
each session, at a significance level of p < 01 were calculated as
shown in Figure 2. False discovery rate (FDR) was used to correct for
multiple comparison. The mean value of Spearman's correlation coef-

3 | RESULTS
3.1 | Intersession stability of the fMRI parameters
in the triple networks

The mean values of the fMRI parameters (ALFF, f/ALFF, ReHo, and
DC) across 16 subjects obtained in each session are visualized in
Figure 3. The visual inspection reveals stable levels of ALFF and
fALFF) as well as DC and ReHo.

The wvalues of the CCCs, representing the intraindividual,
intermeasure stability of the fMRI parameters for each participant in
each network, are shown in Table 1.

Figure 4 illustrates the mean of the intermeasurement stability
for the fMRI parameters in each network

We observed the highest mean stability of ALFF parameter to be
in both the DMN (0.90 £ 0.07; range from 0.72 to 0.96; strong stabil-
ity) and the SN {0.90 + 0.06; range from 0.74 to 0.95; strong stability)
closely followed by the CEN (0.87 + 0.07; range from 0.69 to 0.95;
strong stability).

The mean stability of fALFF parameter was moderate in all three
networks: DMN: 0.66 + 0,16 (range from 0.19 to 0.85); CEN: 0.60
+0.19 (range from 0.02 to 0.90); SN: 0.54 + 0.25 (range from -0.20
to 0.83).

The mean stability of ReHo parameter was found to be strong in
all three networks: DMN: 0.86 + 0,08 (range from 0.64 to 0.93); CEN:
0.84 + 0.09 (range from 0.56 to 0.94); SN: 0.83 £ 0.07 {range from
0.69 to 0.91).

The mean stability of DC parameter was found to be strong in all

ficients for each pair of networks was then caleulated. Sp 's
correlation was used instead of Pearson's correlation owing to the
small sample size (4, 4, and 7 ROls in the DMN, CEN, and SN,
respectively).

Triple netwark ROI's

l Spearman correlation coefficients J

| Corrected p value <.01 |

FIGURE 2 Schematic representation of the calculation procedure
for assessing internetwork stability. We first calculated the
connectivity between each network pair in each session, and
Spearman's correlation coefficients were then calculated from those
values to determine the inter-session stability of the internetwork
connectivity

three r ks: SN: 0.73 + 0.16 (range from 0.24 to 0.92); CEN: 0.71
+ 0.15 (range from 0.25 to 0.90); DMN: 0.70 + 0.17 (range from 0.32
to 0.89).

3.2 | Stability of the internetwork correlations
between the three networks

The ROl-based FC correlation matrix obtained during each of the two
measurements is shown in Figure 5, and the concrete values are given
in the Tables 54 and S5. Spearman's correlation coefficients rep-
resenting the stability of the internetwork FC between the triple net-
works at the individual level are shown in Table 2. Also, the mean
values of Spearman's correlation coefficients for each pair of net-
works are shown in Figure 6.

The internetwork connectivity showed a strong to moderate sta-
bility between the investigated network pairs: between DMN and SN:
0.69 + 0.17 (range from 0.36 to 0.94); between DMN and CEN: 0.62
4 0.20 (range from 0.12 to 0.94); between CEN and SN: 0.77 £ 0.11
(range from 0.60 to 0.91). Bars rep dard d i

4 | DISCUSSION

The aim of this study was to investigate the stability of the properties
of three core RS networks (DMN, CEN, and SN) and the reliability of



SBAIHAT €7 aL

FIGURE 3 Depiction of the
average of each functional
magnetic resonance imaging
(fMRI) parameters (amplitude of
low-frequency fluctuations
[ALFF], fractional ALFF [fALFF],
regional homogeneity [ReHo|,
and degree centrality [DC]) as
computed from 16 subjects in
both sessions. All analysis took
place in the native space, Only for
presentation purposes, the values
were transferred to the standard
space. The color bar is common
for both sessions in ReHo
parameter

the connectivity between these networks based on the Conn Atlas
[Whitfield-Gabrieli & Nieto-Castanon, 2012). The analysis was per-
formed using a publicly available open-access data set (Gorgolewski
et al,, 2015) obtained at a 7-Tesla UHF-MRI scanner. The study was
motivated by the question of whether RS data from UHF examina-
tions could be used for extraction of biomarkers to potentially support
diagnosis as well as therapy planning and monitoring) in psychiatric
disorders.

In terms of intersession stability, our investigation revealed CCCs
of a moderate to strong level. Specifically, the strongest stability was
observed for the ALFF parameter that showed a strong stability in all
three networks, This observation confirms previous reports about the
high test-retest reproducibility of different parameters characterizing
the spontaneous brain activity obtained at standard field strengths
(Jia et al, 2020; Z. Li et al, 2012; Somandepalli et al., 2015; Zuo,
Biswal, & Poldrack, 2019; Zuo & Xing, 2014). Generally, the ALFF
reflects spontaneous neural activity of the brain (Zuo et al., 2010). In
recent years, ALFF has been increasingly applied to characterize neu-

ropsychiatric disorders, such as attention deficit and hyperactivity
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Session 1
fIALFF

ReHo

disorder (Zang et al. 2007), Alzheimer’s disease (He et al., 2007), mild
cognitive impairment (Han et al, 2012), bipolar disorder (J. Liu
et al., 2012), schizophrenia (Hoptman et al, 2010; Turner, 2013),
Tourette's syndrome (Cui et al., 2014) and obsessive-compulsive dis-
order (Bu et al., 2019).

In parallel to ALFF, we also analyzed the stability of FALFF, which
is considered as an improved approach to ALFF detection (Q.-H. Zou
et al, 2008), and in particular measures the relative contribution of
low-frequency fluctuations within a specific frequency band with
respect to the whole detectable frequency range (Zuo et al., 2010).
Thus, it enables the amplitude of regional neuronal activity to be stud-
ied, potentially identifying brain areas with abnormal local functioning
{Chen et al., 2015). In our study, the stability of the fALFF values was
moderate in all three networks, This somewhat lower stability of
fALFF compared with ALFF is in concordance with come previous
reports (Kiblbock et al, 2014; Yan, Craddock, Zuo, Zang, &
Milham, 2013; Zuo et al., 2010). While ALFF is more receptive for the
potential artifactual in the neighborhood to blood vessels and the
cerebral ventricles, fALFF is a proportional parameter composed of
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TABLE 1 The intraindividual intermeasure stability of the spontaneous brain activity and connectivity (short and long) within the triple
networks represented by concordance correlation coefficients, The gray highlight indicates the computed CCC value and the confidence intervals
with adjusted alpha (0.00024) are reported in Supplementary Material - Table 3 (5-Tab. 3).

DMN CEN SN

Subjects ALFF FALFF ReHo Dc ALFF TALFF ReHo DC ALFF fALFF ReHo Dc

5ub01 072 0.19 0.77 0.40 0.75 002 0.75 0.25 0.74 -0.20° 0.70 0.24
Sub02 093 0.76 0.87 075 0.88 069 0.88 073 092 0467 0.89 0.81
5ub03 0.84 0.44 0.64 047 0.69 044 056 0.62 0.87 035 076 0.78
5ub04 093 0.80 0.92 0.74 0.85 062 0.89 0.80 051 066 0.88 0.84
Sub05 0.76 0.74 093 087 0.83 052 0.84 0.80 076 041 084 081
Sub0é 0.96 0.70 0.90 0.61 0.90 051 0.84 0.65 0.93 037 0.85 067
Sub07 0.50 061 0.84 076 0.85 056 0.82 0.77 0.90 041 079 0.64
Sub08 0.93 0.62 0.81 071 0.90 050 073 0.70 0.95 046 079 0.64
Sub09 0.96 0.85 091 0.89 0.94 050 094 0.90 092 075 0.84 0.90
Sub10 0.93 075 092 0.83 0.92 0.63 0.50 071 0.95 0.58 0.81 0.47
Subl11 0.95 0.75 091 076 0.95 076 093 077 092 0.69 0.86 0.78
Sub12 0.89 0.59 0.89 075 0.87 061 091 0.67 0.90 0.59 0.87 0.78
Sub13 093 073 092 071 0.93 069 087 071 0.89 073 083 0.66
Sub14 0.91 072 091 072 0.81 072 0.80 073 0.90 075 0.69 0.87
Subl15 091 0.60 074 0.32 0.92 073 0.83 0.63 095 0.83 091 0.72
Sub1é 0.95 0.68 093 0.88 0.91 0.64 0.89 0.88 095 0.61 091 092

Note: All correlation coefficients were significant except the FALFF in CEN for the first subject (potential outlier subject).

Abbreviati ALFF, litude of low-Treq y fluctuation; CEN, central executive network; DC, degree centrality; DMN, default mode network; fALFF,
fractional amplitude of low-frequency fluctuation; ReHo, regional homogeneity; SN, salience network.

"The marked subject is considered as a potential outlier; thus, a cross-check of all the raw data and all technical issues mentioned in the original publication
was performed. The cross-check did not reveal any particularities for this subject (partial signal drop out or movement). However, when an additional
analysis without this subject was performed, the results from this sample size (15 participants) did not differ noticeably from the findings from the whole
sample (16 participants), as shown in Figures 51 and 52.

' / ' -
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ALFF IALFF ReHo nc

ALFF in the numerator and the sum of the amplitudes in the whole detecting, filtering, and integrating relevant internal (e.g., autonomic
frequency spectrum in the denominator (Kiiblbock et al., 2014) Thus, input) and external (e.g, emotional information) salient stimuli to
a decrease in reliability of their ratio is to be expected (Arndt, Cohen, guide behavior (Bressler & Menon, 2010; Chand & Dhamala, 2016).
Alliger, Swayze |l, & Andreasen, 1991). Furthermore, it has a crucial role in the functional and dynamic

The SN showed somewhat lower (still moderate) level of FALFF switching between the DMN and CEN (i.e., between task-based and
stability compared to the DMN and the CEN. The SN is involved in task-free states; Y. Liu et al., 2017; Zheng et al., 2015). Thereby, the

FIGURE 4 Mean of the inter-
- measurement stability across 16 subjects
| for the fMRI parameters {amplitude of

| low-frequency fluctuations (ALFF),
fractional ALFF (fALFF), regional

homogeneity (ReHo), and degree
centrality (DC)) in each core network - the
default mode network (DMN), the central
executive network (CEN), and the salience
network (SN). The error bars represent
standard deviation

s
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[ intemetwork corretations b the DMN and the SN

D Internetwork correlations between the SN and the CEN

[ internetwork corretations b the DMN and the CEN

FIGURE 5 The functional connectivity average matrix for 14 subjects between the regions of the three core resting state networks. The
default mode network (DMN) includes the following regions: the medial prefrontal cortex (MPFC), the left and right lateral parietal cortex (LP(L),
LP{R), and the posterior cingulate cortex (PCC). The central executive network (CEN) includes the right and left lateral prefrontal cortex (rPFC,
IPFC) and the right and left posterior parietal cortex (PPC). The salience network (SN) includes the anterior cingulate cortex (ACC), the left and
right anterior insula (Insula), the left and right rostral prefrontal cortex (RPFC), and the left and right supramarginal gyrus (SMG), The upper
triangular matrix represents the first session, and the lower triangular matrix represents the second session

TABLE 2 Spearman's correlation coefficients and the corresponding p values, which represent the stability of the functional connectivity
between each pair of networks (DMN/SN, DMN/CEN, and SN/CEN) when compared between the two sessions for 16 subjects

DMN/SN DMN/CEN SN/CEN

_ Spearman's correlation Comrectedp  Spearman's correlation Corrected p Spearman’s correlation Corrected p
Subjects  coefficients value coefficients value coefficients value
Sub01 .58 <01 71 <01 L9 <01
Sub02 A7 <01 61 <01 61 <01
Sub03 59 <01 53 <01 50 <01
Sub04 A3 <01 76 <01 80 <01
Sub05 .81 <01 79 <01 74 <01
Sub06 56 <01 12 <01 BO <01
Sub07 Ji <.01 E- <.01 72 <01
Sub08 61 <01 .82 <01 71 <01
Sub09 BO <01 60 <01 .68 <01
Subi0 .85 <01 569 <01 B9 <01
Sub11 94 =01 94 <01 9 <01
Subli2 A1 <01 .59 <01 50 <01
Sub13 .87 <01 A1 <01 &7 <01
Subl4 .84 <01 .78 <01 50 <01
Subls 36 <01 .34 <01 J1 <01
Subl1é 85 <01 40 =01 85 <01

Abbreviations: CEN, central executive network; DMN, default mode network; SN, salience network.
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FIGURE & Mean of the internetwork correlations stability
between the three core resting state networks depicted as the mean
carrelations between DMN/SN, DMN/CEN, and SN/CEN. CEN,
central executive netwaork; DMN, default mode network; SN, salience
network

SN responds to the subjective degree of salience (Goulden
et al., 2014). It is thought that different regions of the SN could form
a sort of information processing loop for representing and responding
to  homeostatically stimuli
(Seeley, 2019). Indeed, their involvement in emotional functions
(Heimer & Van Hoesen, 2006), autonomic functions, and seif-
awareness (Craig, 2002), as well as in the process of internal (self-Jref-

relevant  external and internal

erence that predominate in states of rest and disengagement
(Critchley, 2005), is well documented. Since all these internal stimuli
can hardly be kept constant at different |

the uniform absence of special tasks), it is not surprising that the sta-
bility of regional spontaneous activity is somewhat lower in the SN
than in the ather two networks.

We observed further for all three networks a strong stability for
the parameter ReHo. Often designated as a local FC, ReHo defined by
the temporal coherence or synchronization of the BOLD time series
within a set of a given voxel's nearest neighbors (Jiang & Zuo, 2016)
and is becoming increasingly recognized as being a highly sensitive
and reliable neuroimaging marker to characterize the human brain
(Jiang & Zuo, 2016). The high test-retest reliability of ReHo has been
already confirmed in various studies, including a systematic analysis
based on previously published papers (Zuo & Xing, 2014). However,
the basis for this investigation was data acquired using standard field
strength MRI. It has been shown that altered ReHo values may relate
to disequilibrium in spontaneous neural activity within and between
corresponding brain regions (Chen et al, 2015). Indeed, aberrant
ReHo values, indicative of disrupted local functionality, have been
linked to several neurological and psychiatric disorders, such as
Alzheimer's disease (He et al., 2007), chronic pain attention-deficit
hyperactivity disorder {de Celis Alonso et al., 2014}, autism spectrum
disorders (Paakki et al., 2010), depression (Guo et al,, 2011), bipolar
disorder (Shan et al, 2020} and schizophrenia (Ma et al, 201%;
Mwansisya et al., 2017); as well as in first-degree relatives of patients
with schizophrenia (Liao et al,, 2012). In addition, a recent study dem-
onstrated a significant association between ReHo in the DMN and

times

resilience, as well as with the personality traits extroversion (in the
CEN and SN) and conscientiousness (in the SN) (Altinok et al., 2021).
Therefore, ReHo appears to be a valuable and powerful tool for
detecting aberrant RS brain activity, which can be associated with a
wide range of psychopathological abnormalities as well as with differ-
ent personality traits and varying levels of resilience in healthy
individuals,

The long-connectivity parameter (DC) also showed a strong level
of stability in all three networks, although the values of inter-
measurement stability were somewhat below the values for ALFF and
ReHo in all three networks. Divergent from our findings, previous
studies reported considerably lower test-retest reliability of the long-
range connectivity compared to the short-range connectivity parame-
ters (Braun et al,, 2012; Holiga et al., 2018; Telesford et al.,, 2010). In a
comprehensive meta y from previously published papers on
the test-retest reliability of voxel-wise metrics from non-UHF studies,
Zuo and Xing (2014) investigated the long-term (-6 months) test-
retest reliabilities measured as intraclass correlation (ICC). In this
study, the ICC values for DC ranged from approximately 0.25 in the
limbic network (that includes parts of the SN} to 0.5 in the dorsal
attentional network (that includes parts of the CEN). In the DMN and
the control network, the ICC values reached a value of 0.4, Similarly,
in a more recent study performed at a 3-Tesla MRI scanner; the
highest part of the observed voxel had a mean ICC value of about
0.35. In opposite to these reports, we obtained reliability for DC
which has exceeded the value of 0.7 in all three networks examined.
Our results indicate that, especially when investigating long-distance
connectivity, the use of 7-Tesla MRI scanners could provide results
that are more reliable and thus more reproducible than results from
standard field strength MRI. Similar to our findings, one other recent
work reports a significant increase of the test-retest reliability at the
intranetwork when comparing seed-based connectivity between
7 and 3 Tesla scans (Nemani & Lowe, 2021).

In our final analysis, we investigated the stability of the inter-
network connectivity between each pair of the three core RS net-
works, Earlier investigations indicate that a stabile synchronization of
these three networks plays a crucial role in higher cognitive functions.
Thereby, the functional connectivity between the DMN and the SN
appears to be important for cognitive control (Bonnelle et al., 2012;
Menon & Uddin, 2010), and the SN has a central role in switching
between the DMN and the CEN (Bonnelle et al, 2012; Liang, Zou,
He, & Yang, 2015; Menon & Uddin, 2010; Seeley, 2019). Accordingly,
aberrations in these intrinsically well-organized interactions have been
linked to pathological states with impaired cognition (Wang
et al., 2015}, and the observation of altered internetwork interactions
generally may be a valuable indicator of psychiatric symptoms.

In our study, the subregions of the DMN and the SN showed pre-
dominantly week positive correlations. Moderate correlations
included in both sessions the PCC, showing correlations in the range
of 42- 48 with three subregions of the SN (the ACC and the left and
right RPFC). Regarding the synchronization between the DMN and
the CEN, the correlations between the subregions were also mainly
week, We observed the strongest (moderate) correlations for PCC
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(with left and right LPFC in Session 1 and with the left LPFC and right
PPC in Session 2), for left LP (with left LPFC in Session 1 and with left
PPC in Session 2) as well as for the right LP (with right LPFC in Ses-
sion 1 and with right LPFC and PPC in Session 2).

In terms of the association between the SN and the CEN, the SN
subregions with the strongest positive associations with the CEN
were the RPFC, with the moderate correlations observed between
the RPFC(R) and the LPFC(R) in both sessions as well as moderate cor-
relations between the left RPFC and left and right LPFC.

The relative strength of the correlations between the specific
subregions remained widely constant when comparing the first and
the second sessions,

At the whole network level, the internetwork connectivity
showed a strong to moderate stability between the investigated net-
work pairs. This high reliability of the between-network connectivity
is consistent with the latest report by Nemani and Lowe (2021), who,
however, also showed that the high between-network reliability at
7 Tesla was not significantly improved compared to the 3 Tesla
results.

5 | CONCLUSION

More than 20 years since the first UHF-MRI scanners were approved
for use in human (Robitaille et al,, 1999; Yacoub et al., 2001), results
from various areas of medicine demonstrate numerous unambiguous
advantages of using this technology (Diizel et al., 2021; Platt et al.,
2021; Vachha & Huang, 2021). Nevertheless, numerous technical
challenges still need to be solved so that the applicability remains lim-
ited, especially in the field of clinical research (Diizel et al., 2021; Ladd
et al, 2018). In this context, especially considering the growing need
for the identification of reliable biomarkers for mental and neurologi-
cal diseases, the issue of reproducibility of results remains crucial
(Griffanti et al., 2016). In a recent work, a significantly increased reli-
ability of RS connectivity at UHF strengths over conventional field
strengths has been demonstrated (Nemani & Lowe, 2021). We com-
plement this report with our confirmation of a strong stability of the
three RS fMRI metrics (ALFF, ReHo and DC), representing the sponta-
neous brain activity, local- and long-range connectivity, respectively,
in three major RS networks. In opposite to previous investigations at
standard field strengths, our results have also revealed a strong reli-
ability for DC in all three networks examined. Thereby, DC could be
considered a measure of the long-distance connectivity and even
maore, it appears to be a very suitable measure to explore RS whole-
brain neural network connectivity, due to the reduction of the possi-
ble bias caused by selecting brain regions according to the priori
assumption (Guo et al., 2020; Buckner et al., 2009; Zuo et al., 2012),
Our observation suggests that for rsFMRI measurements at 7 Tesla,
long-range connectivity can also be considered a reliable parameter.
Taking into account all other advantages of UHF imaging, this technol-
ogy appears to be well suited for a versatile, reliable, and reproducible
characterization of RS networks and their interactions, as shown here
with the example of the three RS networks when investigating the
regional brain activity, short and long connectivities.
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Supporting information

Supplementary Figure 1 (S-Fig. 1)
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S-Fig. 1. Mean of the inter-measurement stability across 15 subjects (calculated from the
sample excluding one potential outlier subject) for the fMRI parameters (amplitude of low-
frequency fluctuations (ALFF), fractional ALFF (fALFF), regional homogeneity (ReHo), and
degree centrality (DC)) in each core network, i.e., the default mode network (DMN), the
central executive network (CEN), and the salience network (SN). The error bars represent

standard deviation.

Generally, the results did not differ noticeably from the findings from the whole sample with
16 participants. We observed the mean stability of ALFF parameter to be strong in all three
networks with highest in both, the DMN (0.91 + 0.05; range from 0.76 to 0.96), and the SN
(0.91 £ 0.05; range from 0.76 to 0.95) followed by the CEN (0.88 + 0.07; range from 0.69 to

0.95).



The mean stability of fALFF parameter was found to be moderate in all three networks:
DMN: 0.69 + 0.10 (range from 0.44 to 0.85); CEN: 0.63 + 0.12 (range from 0.44 to 0.90);
SN: 0.59 + 0.15 (range from 0.35 to 0.83).

The mean stability of ReHo parameter was found to be strong in all three networks: DMN:
0.87 £ 0.08 (range from 0.64 to 0.93); CEN: 0.84 £ 0.09 (range from 0.56 to 0.94); SN: 0.83
1 0.06 (range from 0.69 to 0.91).

The mean stability of DC parameter was found to be strong in all three networks with highest

in the SN: 0.77 + 0.09 (range from 0.64 to 0.92) followed by the CEN: 0.74 £ 0.08 (range
from 0.62 to 0.90); and the DMN: 0.72 £ 0.15 (range from 0.32 to 0.89).

Supplementary Figure 2 (S-Fig. 2)
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S-Fig.2. Mean of the inter-network correlations stability between the three core resting
state networks depicted as the mean correlations between the DMN/SN, the DMN/CEN,
and the SN/CEN. The error bars represent standard deviation. This calculation was
performed on the sample of 15 participants, i.e., without the one participant who was
considered as a potential outlier.

The inter-network connectivity showed a variant stability between the investigated
network-pairs: between DMN and SN: 0.70 + 0.17; (range from 0.36 to 0.94) strong
stability; between DMN and CEN: 0.62 + 0.21 (range from 0.12 to 0.94) moderate stability;
between CEN and SN: 0.78 + 0.11 (range from 0.60 to 0.91) strong stability.



Supplementary Table 1 (S-Tab. 1)

Subjects
number Subjects
in Excluding criteria number in
original this study
data set
27430 Included in study Sub 01
27431 Included in study Sub 02
27432 Included in study Sub 03
27433 Included in study Sub 04
27434 Included in study Sub 05
27435 Included in study Sub 06
27436 Included in study Sub 07
27437 Included in study Sub 08
27438 Excluded due to the motion (more than 2.0 mm in session 1) | ***
27439 Included to study Sub 09
Excluded due to the low-resolution of fMRI images in both
27440 sessions b
27441 Included in study Sub 10
27442 Included in study Sub 11
27443 Included in study Sub 12
27444 Excluded due to fMRI data missing in the right frontal region bl
27445 Excluded due to the motion (more than 2.5 mm in session 2) | ***
27446 Included in study Sub 13
27447 Included in study Sub 14
27448 Included in study Sub 15
27449 Included in study Sub 16
27450 Excluded due to motion (more than 3.0 mm in session 1) e
27451 Excluded due to the motion (more than 2.5 mm in session 2) | ***

S-Tab.1. Showing the included and excluded subjects in our study. Some subjects were
excluded due to motion, missing of the data, or low-resolution fMRI images.




Supplementary Table 2 (S-Tab. 2)

Subject number Pert_:entage_ volumes Pert_:entage_ volumes
left in Session 1 left in Session 2

1 91 99

2 100 100

3 99 95

4 99 99

5 93 99

6 99 99

7 98 100

8 100 90

9 98 87

10 96 88

11 100 100

12 100 100

13 99 100

14 99 100

15 98 100

16 91 79

S-Tab.2. Showing the percentage of volumes left for each subject and session after

scrubbing.




Supplementary Table 3 (S-Tab. 3)

DMN CEN SN
) ALFF fALFF ReHo Dc ALFF fALFF ReHo DC ALFF fALFF ReHo Dc
Sub01 0.72,C1{0.71,0.74) 0.19, CI [0.15, 0.22) 0.77, CI [0.75, 0.78] 0.4, C10.37, 2] CI[0.73,0.77) 0.02, CI [-0.03, 0.07] 0.75, C1(0.73,0.77) 0.25, CI[0.21, 0.29] 0.74, C1 (0.72, 0.76] -0.20), CI [-0.24, -0.15) 0.7, Cl[0.68, 0.73] 0.24,CI({0.21,0.27]
Sub02 | 093,CI(0.92,093) | 076,CI[0.74,077) | 0.87,CI[0.86,0.88] | 0.75,CI(0.73,0.76] | 088,CI(0.87.089) | 069,CI[067,0.71] | 088,CI[0.87,089) | 0.73,CI[0.71,0.75 | 092,CI(0.92,093] | 067 CI[065069) | 089 CI[0.69,090] | 0.81,CI[0.79,082)
Sub03 | 084,CI(0.83,085] | 044,CI[0.42,047) | 0.64,C1[0.62066) | 047,CI(0.44,049] | 069, CI[067,071) | 044,C1(0.40,0.48] | 056,CI[0.59,059) | 062 CI[0.59,065 | 087,CI(0.85088 | 035 CI[031,040] | 076, CI[0.74,0.77] | 0.78, CI[0.76,0.80)
Sub04 0.93, C1{0.92, 0.93) 0.8, C1[0.79, 0.81] 0.92, CI [0.92, 0.93] 0.74, C1[0.72, 0.75] 0.85, C1 [0.84, 0.87) 0.62, CI[0.59, 0.65] 0.89, C1[0.88, 0.90) 0.8, Cl[0.78, 0.82] 0.91, C1 (0.91, 0.92] 0.66, CI[0.64,0.69] 0.88, CI [0.87, 0.89] 0.84, CI(0.83, 0.86]
Sub05 0.76, C1(0.75, 0.78] 0.74, CI [0.73, 0.76] 0.93, CI (0.9, 0.94] , C1[0.86, 0.88] 0.83, C1[0.81, 0.84] 0.52, CI[0.48, 0.55] 0.84, CI[0.82, 0.85] 0.8, CI(0.78, 0.82) 0.76, CI (0.74, 0.78] 0.41, CI[0.37, 0.45) 0.84, CI [0.83, 0.85] 0.81, CI (0.79, 0.82)
Sub06 | 0.96,C1(0.95,096) | 0.7,C1(0.68,0.72] 09,CI(0.89,091) | 0.61,C1(059,063) | 09,CI[089,091] | 051,CI[047,054) | 084,CI(0.82 085 | 065 CI[0.61,088 | 003 CI(093,094] | 037,C1[034,041) | 085CI[0.84,086] | 067, CI[0.64,0.69)
Sub07 0.9, C1(0.89, 0.90] 0.61, CI (0,60 0.63) 0.84, C1 (0,83 0.85) 0.76, C1[0.75, 0.78] 0.85, C1 [0.84, 0.87) 0.56, CI[0.52, 0.59] 0.82, C1(0.80, 0.83) 0.77, C1[0.75, 0.79] 0.9, CI[0.89, 0.91) 0.41, C1[0.37,0.44] 0.79, CI[0.77, 0.80] 0.64, CI [0.61, 0.66]
Sub08 | 093,C1[0.93,093) | 062 CI[060,064] | 0.81,CI[080,0.82] | 0.71,CI[069,072 | 08,CI[089,081] | 050CI[046,053 | 073,CI[071,076] | 07.CI[068,073 | 0850095095 | 046 CI[0042 049 | 079,CI[0.77,081] | 0.64,CI062 0.68]
Sub09 | 096,CI[0.95096] | 085 CI[084,086 | 0.91,C1[0.90,091) | 0.89,CI(0.88,0.00] | 0.94,CI10.93,094] | 09,CI[0.69,091) | 094,C1[093,095 | 09,C1(088,090 | 092CI[0.92,093 | 075CI[073,077 | 0.84,CI[0.63,0.86] | 09,CI[0.69,091]
Sub10 | 093,C1(092,083) | 075CI[074,076] | 082,CI[0.91,092) | 0.83,CI(0.82.084] | 082 C1(091.083) | 063 CI(060,065 | 09,C1[089,091 | 071,01[0.69,073] | 095CI[095096 | 058 CI[055061] | 081,CI[0.79,082 | 067, CI[065069)
Sub11 | 095 CI[0.95095 | 075CI[073,076] | 0.91,C1[0.91,092] | 0.76,CI(0.74,0.77] | 095,CI(095 096 | 0.76,CI(0.74,079] | 093,CI[092,094) | 0.77,CI[0.75080] | 092,CI[0.91,092] | 069,CI[066,071) | 0.86 CI[0.65,0.87) | 0.78, CI[0.76,0.80)
Sub12 | 089,CI[0.69,090 | 0.59,CI[58,0.61] | 0.89,CI[0.88,0.88] | 0.75,CI[0.73,0.76] | 0.87,CI[0.86,088) | 061, CI[0.58,063] | 0.91,CI[090,092] | 067,CI[0.65070] | 09,CI[0.89,001] | 059 CI[056,061) | 087,CI[0.86,088] | 0.78, CI[076,0.79]
Sub13 | 093,C1[0.93,093) | 073,CI[072,075 | 0.92,C1[0.92,093 | 0.71,CI(069,073] | 093, CI092,093) | 069,CI[0.66,072) | 087,CI[0.86,089) | 0.71,CI[0.69,0.74] | 089,CI[0.88,090] | 073,CI[071,076) | 0.83 CI[0.62,0.85] | 0.66, Cl[064,0.69)
Sub14 | 091,C1(091,082) | 072.CI[071,074) | 081,C1[090,081) | 0.72,CI(0.70,073] | 081,CI(080.083) | 072CI(070,075 | 08,C1[078,082) | 073,01(0.70,0.75 | 09,C1(0.69,081) | 075CI[073,076] | 069, CI[0.67,072] | 087, CI[085,0.88)
Sub15 | 091,CI[0.91,092) | 060,CI[059,062) | 0.74,C1[0.78,0.75) | 0.82,CI(0.31,0.04] | 092 CI[091,093) | 073,CI{0.71,0.75] | 083,CI[0.82085 | 0.63,CI[0.61,065 | 095CI(0.95096 | 083 CI[082084] | 091,CI[0.90,001] | 072 CI[070,0.74)
Sub16 | 095 CI1[0.95 0.96] 0.68, CI [0.66, 0.70] 0.93,€1[0.92,0.93) | 0.88,CI[087,0.89] | 091, CI[0.90, 0.92) 0.64, C1[0.61, 0.67) 0.89, C1(0.88, 0.90) 0.88, CI [0.87, 0.89] 0.85, CI [0.94, 0.95] 0.61, C1[0.58,0.64) 0.91,CI[0.90,092] | 0.92, CI[0.81,0.82)
3 S-Tab.3. The concordance correlation coefficients and their 95 confidence interval level of significance for the IMRI parameters between the two sessions in the default mode network (DMN), the
4 central executive network (CEN), and the salience network (SN).




Supplementary Table 4 (S-Tab. 4)

S5-Tab.4. The average values of the inter-network interaction of the default mode network (DMN), the central executive network (CEN), and the salience network (SN) in session 1.
Networks DMN SN CEN

4 ew e @l "G | | lercw)| T

Sub-regions MPFC | LP(L) | LP(R) PCC ACC | Alnsula (L) | Alnsula (R) (L) RPFC (R) | SMG (L) | SMG (R) | LPFC (L) | PPC (L) LPFC (R) (R)
MPFC Inf 0.51 0.57 0.65 0.37 0.18 0.11 0.28 0.23 0.07 0.02 0.30 0.30 0.31 0.28
W LP (L) 0.51 Inf 0.89 0.71 0.14 0.05 -0.03 0.21 0.13 0.14 0.12 0.42 0.40 0.27 0.25
= LP (R) 0.57 0.89 Inf 0.73 0.21 0.15 0.08 0.25 0.21 0.25 0.24 0.35 0.30 0.41 0.39
PCC 0.65 0.71 0.73 Inf 0.45 0.28 0.20 0.48 0.42 0.23 0.23 0.42 0.34 0.47 0.39
ACC 0.37 0.14 0.21 0.45 Inf 0.89 0.82 0.87 0.79 0.54 0.50 0.35 0.22 0.41 0.28
Alnsula (L) 0.18 0.05 0.15 0.28 0.89 Inf 0.95 0.81 0.61 0.72 0.60 0.38 0.14 0.34 0.22
Alnsula (R) 0.11 -0.03 0.08 0.20 0.82 0.95 Inf 0.66 0.73 0.67 0.73 0.19 0.08 0.35 0.27

m RPFC (L) 0.28 0.21 0.25 0.48 0.87 0.81 0.66 Inf 1.02 0.62 0.52 0.49 0.30 0.45 0.36
RPFC (R) 0.23 0.13 0.21 0.42 0.79 0.61 0.73 1.02 Inf 0.52 0.62 0.29 0.15 0.56 0.43

SMG (L) 0.07 0.14 0.25 0.23 0.54 0.72 0.67 0.62 0.52 Inf 0.86 0.20 0.09 0.22 0.21

SMG (R) 0.02 0.12 0.24 0.23 0.50 0.60 0.73 0.52 0.62 0.86 Inf 0.09 0.01 0.22 0.22

LPFC (L) 0.30 0.42 0.35 0.42 0.35 0.38 0.19 0.49 0.29 0.20 0.09 Inf 0.88 0.84 0.56

m PPC (L) 0.30 0.40 0.30 0.34 0.22 0.14 0.08 0.30 0.15 0.09 0.01 0.88 Inf 0.53 0.79

o LPFC (R) 0.31 0.27 0.41 0.47 0.41 0.34 0.35 0.45 0.56 0.22 0.22 0.84 0.53 Inf 0.94
PPC (R) 0.28 0.25 0.39 0.39 0.28 0.22 0.27 0.36 0.43 0.21 0.22 0.56 0.79 0.94 Inf




Supplementary Table 5(S-Tab. 5)

S-Tab.5. The average values of the inter-network interaction of the default mode network (DMN), the central executive network (CEN), and the salience network (SN) in session 2.

Networks DMN SN CEN

7 7 _ RPFC _ 7 7 7 PPC 7 PPC

Sub-regions MPFC | LP(L) | LP(R) PCC ACC | Alnsula (L) | Alnsula (R) (L) RPFC(R) | SMG (L) | SMG (R) | LPFC (L) (L) LPFC (R) (R)
MPFC Inf 0.55 0.60 0.68 0.38 0.11 0.12 0.32 0.27 0.03 0.03 0.30 0.35 0.37 0.38
W LP (L) 0.55 Inf 0.94 0.68 0.18 0.00 -0.01 0.25 0.18 0.15 0.14 0.35 0.40 0.31 0.32
o LP (R) 0.60 0.94 Inf 0.75 0.21 0.09 0.05 0.27 0.25 0.18 0.20 0.32 0.31 0.47 0.50
PCC 0.68 0.68 0.75 Inf 0.45 0.20 0.21 0.48 0.47 0.14 0.21 0.34 0.31 0.50 0.44
ACC 0.38 0.18 0.21 0.45 Inf 0.81 0.72 0.90 0.79 0.46 0.45 0.36 0.21 0.38 0.24
Alnsula (L) 0.1 0.00 0.09 0.20 0.81 Int 0.94 0.72 0.60 0.66 0.55 0.31 0.09 0.23 0.13

Alnsula (R) 0.12 -0.01 0.05 0.21 0.72 0.94 Inf 0.62 0.72 0.55 0.63 0.19 0.07 0.28 0.21
QN... RPFC (L) 0.32 0.25 0.27 0.48 0.90 0.72 0.62 Inf 1.05 0.55 0.49 0.45 0.31 0.41 0.32
RPFC (R) 0.27 0.18 0.25 0.47 0.79 0.60 0.72 1.05 Inf 0.45 0.61 0.26 0.17 0.50 0.43

SMG (L) 0.03 0.15 0.18 0.14 0.46 0.66 0.55 0.55 0.45 Inf 0.79 0.16 0.09 0.13 0.11
SMG (R) 0.03 0.14 0.20 0.21 0.45 0.55 0.63 0.49 0.61 0.79 Inf 0.04 -0.01 0.14 0.14
LPFC (L) 0.30 0.35 0.32 0.34 0.36 0.31 0.19 0.45 0.26 0.16 0.04 Inf 0.83 0.77 0.45
W PPC (L) 0.35 0.40 0.31 0.31 0.21 0.09 0.07 0.31 0.17 0.09 -0.01 0.83 Inf 0.56 0.79
o LPFC (R) 0.37 0.31 0.47 0.50 0.38 0.23 0.28 0.41 0.50 0.13 0.14 0.77 0.56 Inf 0.93
PPC (R) 0.38 0.32 0.50 0.44 0.24 0.13 0.21 0.32 0.43 0.11 0.14 0.45 0.79 0.93 Inf
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