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capable of reliably portraying information of local dynamics at a single-subject level by using a

Resting state fMRI is a tool for studying the functional organization of the human brain. Ongoing
brain activity at “rest” is highly dynamic, but procedures such as correlation or independent component analysis treat functional connectivity (FC) as if, theoretically, it is stationary and therefore the
fluctuations observed in FC are thought as noise. Consequently, FC is not usually used as a singlesubject level marker and it is limited to group studies. Here we develop an imaging-based technique
whole-brain model of ongoing dynamics that estimates a local parameter, which reflects if each brain
region presents stable, asynchronous or transitory oscillations. Using 50 longitudinal resting-state
sessions of one single subject and single resting-state sessions from a group of 50 participants we
demonstrate that brain dynamics can be quantified consistently with respect to group dynamics
using a scanning time of 20 min. We show that brain hubs are closer to a transition point between
synchronous and asynchronous oscillatory dynamics and that dynamics in frontal areas have larger
heterogeneity in its values compared to other lobules. Nevertheless, frontal regions and hubs
showed higher consistency within the same subject while the inter-session variability found in primary visual and motor areas was only as high as the one found across subjects. The framework presented here can be used to study functional brain dynamics at group and, more importantly, at
individual level, opening new avenues for possible clinical applications.
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the analysis of brain dynamics for the description of brain states and the
changes during disease. Nevertheless, they did not deepen in the

Ongoing resting state activity is a powerful tool that enables a detailed

between-session and between-subjects consistency of these modeling-

exploration of the brain's functional organization at multiple spatial scales

based parameters. In this work, we make a progress and use this model

(Deco, Jirsa, & McIntosh, 2011; Singer, 2013). At the group level, many

to develop a multimodal processing method to provide new insights

studies have addressed the intrinsic functional architecture of the

about brain function at a single-subject level as well as to estimate con-

healthy brain (e.g., Damoiseaux et al., 2006; Honey, Thivierge, & Sporns,

sistency of local dynamics and to explore the minimum scan length and

2010) while many others have focused on the differences between con-

number of sessions required to have a robust estimation.

trol participants and patients suffering from a wide variety of brain disor-

We also demonstrated that the metrics derived from local

ders, such as schizophrenia (Damaraju et al., 2014; Lynall et al., 2010),

modeled dynamics provide a powerful framework that can be used to

Parkinson's Disease (Göttlich et al., 2013) and autism (Jones et al., 2010).

quantify localized brain activity consistently across participants and

Although these studies uncovered important information about the

sessions. Using 50 longitudinal resting state (rs-fMRI) sessions from a

functional principles of brain activity, few of them have focused on con-

single subject and by comparing the within-subject consistency to that

sistent methods applied at a single-subject level and in ways that infor-

estimated using 50 recordings from different participants we searched

mation is relevant when used in the clinical environment (but see Mueller

for the optimal number of sessions required for accurately estimate

et al., 2013; Laumann et al., 2015).

these parameters. Finally, we studied which brain regions exhibited

This represents a major issue given the well-known large anatomical
and functional variability across individuals (Frost & Goebel, 2012; Pan-

higher consistency within subjects compared with the consistency
across subjects.

nunzi et al., 2017). Moreover, functional variability is also expected
within a single subject depending on many factors such as the state of
the subject and environmental noise (Mueller et al., 2013). A reliable

2 | M A T E R I A L S A N D M ET H O D S

single-subject analysis of brain dynamics should then yield stable and
Xing, 2014), and be sensitive enough to show between-groups contrast

2.1 | Conceptual considerations of whole-brain
computational modeling

(Castellanos, Di Martino, Craddock, Mehta, & Milham, 2013; Ferreira &

Modeling of brain signals classically have been organized into two main

Busatto, 2013). Previous studies that analyzed the functional connectiv-

model families (a) noise-based and (b) oscillatory based (Cabral,

ity (FC) of the brain using a correlation matrix or using more advanced

Kringelbach, & Deco, 2017). To reconcile noise-based approaches with

statistical techniques such as independent component analysis (ICA)

models based on oscillators, Hopf bifurcation based models have been

(Damoiseaux et al., 2006; reviewed in Fox & Raichle, 2007) hypothesized

proposed. Based on the normal form of a Hopf bifurcation (Freyer et al.

that functional connectivity is constant over time, although it is now

2011, 2012), the behavior of the signal generator abruptly change after

becoming clear that even at rest, there are dynamical processes worth

trespassing the critical value of one or more parameters; in particular, a

considering (Hutchison, Womelsdorf, Gati, Everling, & Menon, 2013).

Hopf bifurcation occurs when a system characterized by a stable fixed

Conversely, numerous studies have postulated that brain dynamics are

point loses its stability by exhibiting oscillations. As such, this model

essential to explain both health and disease, placing fluctuation of phase

allows transitions between asynchronous noise activity and oscillations,

synchronization as one of the main features required to understand how

thus making it a good candidate to reproduce empirical data as observed

integration and segregation arise and modulate brain states (Tognoli &

with EEG, MEG, or fMRI (Cabral, Kringelbach, & Deco, 2017).

reproducible results across different sessions (Fiecas et al., 2013; Zuo &

Kelso, 2014). For this reason, some groups have proposed that functional

In this work, we developed and applied a supercritical Hopf model

connectivity dynamics (FCD) have to be taken into account to develop

(Deco, Kringelbach, et al., 2017; Jobst et al., 2017) that uses functional

FC-related metrics that properly reflect temporal aspects of brain func-

and structural connectivity (SC) information to simulate whole-brain

tion (Calhoun, Miller, Pearlson, & Adalı, 2014; Deco et al., 2014; Deco,

activity. Importantly, this model has been applied to disease (Saenger

Tononi, Boly, & Kringelbach, 2015; Hansen, Battaglia, Spiegler, Deco, &

et al., 2017) and altered states of consciousness (Jobst et al., 2017),

Jirsa, 2015).

revealing important characteristics of the resting brain architecture.

In this context, whole-brain computational models have been used

As shown in Figure 1, the model uses brain dynamics from fMRI data

as powerful tools to understand the relation between structural and

as well as the SC from diffusion weighted imaging (DWI) data to con-

functional brain connectivity by linking brain function with its physiologi-

struct an interconnected network (Figure 1a). In this network, each

cal underpinnings (Ponce-Alvarez, He, Hagmann, & Deco, 2015; Deco

node (brain region) presents supercritical Hopf bifurcation dynamics

et al., 2015; Kringelbach et al., 2015). In contrast to conventional resting

(Marsden & McCracken, 2012) that depending on the value of its

state analyses, studies based on brain models allow the exploration of

bifurcation parameter (BP) reflect if the region behaves either in a

brain dynamics (Deco et al., 2014; Deco & Kringelbach, 2016) both in

noisy asynchronous or stable oscillatory manner (Figure 1b). A nega-

health and disease (Cabral et al., 2013). Recent studies used a novel

tive BP means that the node is working as a noise generator, while a

whole-brain modeling technique to simulate brain dynamics estimating

positive BP generates stable oscillatory dynamics. Thus, when a

local parameters containing information about the oscillatory nature of a

node's BP is away from zero, it is expected to not respond to the envi-

given region (Deco, Kringelbach, Jirsa, & Ritter, 2017; Jobst et al., 2017).

ronmental conditions. Lastly, nodes that exhibit a BP around zero can

These previous works have shown modeling to be a powerful tool for

be understood as flexible systems on the edge of a bifurcation,
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FIGURE 1

Whole-brain model. (a) The whole-brain model is based on the structural connectivity (SC) matrix derived from tractography of
diffusion weighted imaging (DWI) (left) between the 90 regions of an automated anatomical labeling (AAL) parcellation (middle). The control
parameters of the model were tuned using the static FC and the FCD derived from fMRI blood oxygen level dependent (BOLD) data (right).
(b) For modeling local neural masses, we used the normal form of a Hopf bifurcation, where depending on the bifurcation parameter (BP in the
equations), the local model generates a noisy signal (left), a mixed noisy and oscillatory signal (middle) or an oscillatory signal (right) [Color figure
can be viewed at wileyonlinelibrary.com]

capable of changing their information profile depending on physiologi-

DynCore as a functional descriptor of the brain and analyzed its con-

cal demands. Therefore, a “flexible brain” at rest is expected to have a

sistency across subjects and sessions.

global mean of the bifurcation parameters centered around zero in
order to rapidly adapt to environmental or internal demands (Deco,

2.2 | Participants

Kringelbach, et al., 2017). An in-depth mathematical explanation of
this model and its optimization can be found in the Supporting Information. The fine-tuning of each BP allows the description of how each
brain region operates as a signal generator, engaged in a network
determined partially (but not exclusively) by the SC data. A model with
the right set of BPs allowed us to simulate brain signals, matching
dynamical properties of the brain. Therefore, we named the full set of
BPs as dynamical core (DynCore) of the brain (Deco, Kringelbach,
et al., 2017).
The model is fitted to the empirical data (blood oxygen level
dependent [BOLD] signal) of each subject using the DynCore and an
extrinsic global scaling factor G that determines the impact of the SC
on brain dynamics. In the fitting process, we iterate over G, to find

Fifty-one participants were recruited in total from which one participant volunteered to be included in the longitudinal part of the study
in which she was scanned 50 times over the course of 6 months
(female, aged 29). The remaining fifty participants (all female, mean
age 25, SD = 3.27, range: 18–32) underwent scanning with the same
MRI sequences only once.
The study was approved by the local ethics committee (Charité
University Clinic, Berlin). All participants gave written consent and
were asked whether they ever had a psychiatric disease during
recruitment. Other medical and neurological disorders were also reasons for exclusion. None of the participants showed structural abnormalities in the MRI scans.

(at each step of G) a single DynCore by using a gradient descendent
algorithm to fit nodal spectral distributions between empirical and

2.3 | fMRI data collection

simulated BOLD signals. Then, we use a similarity score to automati-

Images were collected on a 3 T Magnetom Trio MRI scanner system

cally find the optimal G and DynCore that allows simulating best the

(Siemens Medical Systems, Erlangen, Germany) using a 12-channel radio-

empirical data through the model. The similarity score we developed

frequency head coil. Structural images were obtained using a three-

unifies static and dynamical properties of the brain system into a sin-

dimensional T1-weighted magnetization-prepared gradient-echo sequence

gle metric, making it feasible to detect the subject's DynCore (see

(MPRAGE) based on the ADNI protocol (www.adni-info.org) (repetition

Supporting Information for more details). We then used this optimal

time (TR) = 2,500 ms; echo time (TE) = 4.77 ms; TI = 1,100 ms, acquisition
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matrix = 256 × 256 × 192 mm3, flip angle = 7 ; bandwidth = 140 Hz/

1.98 × 1.98 mm with slice thickness of 2 mm and a bandwidth of

pixel, 1 × 1 × 1 mm voxel size). Functional images were collected using a

1,745 Hz/Px. The data were recorded with 62 optimal nonlinear diffu-

T2*-weighted echo planar imaging (EPI) sequence sensitive to BOLD con-

sion gradient directions at b = 1,500 s/mm2. One non-diffusion

trast (TR = 2000 ms, TE = 30 ms, image matrix = 64 × 64, FOV = 216 ×

weighted image (b = 0) per 10 diffusion-weighted images was

3



216 × 129 mm , flip angle = 80 , bandwidth = 2042 Hz/pixel, voxel size

acquired. Additionally, the DWI images were recorded with different

3 × 3 × 3 mm3, 36 axial slices using parallel imaging [GRAPPA] with an

phase encoding directions. One set was collected applying anterior to

acceleration factor of 2, 5:08 min duration).

posterior phase encoding direction and the second one was acquired

3

in the opposite direction. To co-register the DWI image to the

2.3.1 | fMRI data preprocessing

T1-weighted structural image, we used the linear registration tool

The first 10 volumes were discarded to allow the magnetization to

from the FSL toolbox (www.fMRIb.ox.ac.uk/fsl, FMRIB, Oxford)

approach a dynamic equilibrium. Data preprocessing, including slice

(Jenkinson, Bannister, Brady, & Smith, 2002). We co-registered the

timing, head motion correction (the least squares approach and a

T1-weighted image to the T1 template of ICBM152 in MNI space.

6-parameter spatial transformation), linear trend removal, and spatial

The resulting transformations were concatenated and inversed and

normalization to the Montreal Neurological Institute (MNI) template

further applied to warp the AAL template (Tzourio-Mazoyer et al.,

(resampling voxel size of 3 × 3 × 3 mm3), were conducted using the

2002) from MNI space to the DWI native space, where we preserved

SPM5 and data processing assistant for resting-state fMRI (DPARSF,

the discrete labeling values by applying interpolation using nearest-

Chao-Gan & Yu-Feng, 2010). A spatial filter of 4 mm full-width at half

neighbor method. Accordingly, brain parcellation was conducted in

maximum (FWHM) was used. One fMRI recording with head motion

each participant's native space. The acquired DWI data were used to

above 2 mm of maximal translation (in any direction of x, y, or z) and

generate the SC maps for each participant. The two recorded datasets



more than 1.0 of rotation throughout the course of scanning was

were processed, each with different phase encoding to optimize signal

excluded. To reduce spurious fluctuations in functional connectivity

in difficult regions. To construct these SC maps we applied a three-

(Laumann et al., 2016) motion-induced noise was regressed out (three

step process. First, we defined the regions of the whole-brain network

rigid body rotations and translations, as well as their first three tempo-

with the AAL template as used in the functional MRI data. Second, we

ral derivatives, resulting in 24 motion regressors) from the functional

used probabilistic tractography to estimate the connections between

data using the least squares and retaining the residuals.

nodes in the whole-brain network (i.e., edges). Finally, the data were

The data were parcellated into regions of interest (ROIs) using the

averaged across participants.

automated anatomical labeling (AAL) atlas (Tzourio-Mazoyer et al., 2002).

In accordance with the procedure applied for analyzing the rs-fMRI

Each recording was represented by 90 nodes with 140 time points for

data, the AAL template was used to parcellate the entire brain into

each node. fMRI data were temporally band-pass filtered (0.01–0.25 Hz)

AAL90. In order to co-register the b0 image in diffusion MRI space to the

to reduce low-frequency drift and high-frequency respiratory and cardiac

T1-weighted structural image and then to the T1 template of ICBM152

noise (Biswal, Zerrin Yetkin, Haughton, & Hyde, 1995). Additionally, given

in MNI space (Collins, Neelin, Peters, & Evans, 1994), we used the FLIRT

that the whole-brain computational uses the relationship between the

tool from the FSL toolbox (www.fMRIb.ox.ac.uk/fsl, FMRIB, Oxford).

energy distribution in a narrow frequency band and a wide frequency

We concatenated and inversed the two transformation matrices from

band for the optimization, we estimated narrow band time signals, filtered

the described co-registration steps and applied them correspondingly to

in the range 0.04–0.07 Hz, by using a sixth order Butterworth band-pass

warp the AAL templates (Tzourio-Mazoyer et al., 2002) from MNI space

filter (Cordes et al., 2001). This frequency band has been mapped to the

to the diffusion MRI native space.

gray matter and it has been shown to be more reliable and functionally
relevant than other frequency bands (Achard, Salvador, Whitcher, Suck-

2.5 | Whole-brain model as a processing approach

ling, & Bullmore, 2006; Biswal et al., 1995; Buckner et al., 2009; Glerean,
Salmi, Lahnakoski, Jääskeläinen, & Sams, 2012).

We used the optimized BPs (see Supporting Information) to simulate
BOLD signals. To obtain the DynCore, we explored the simulated sig-

2.4 | DWI data used on the model

nals across the coupling parameter (G) between 0 and 12 using steps
of 0.1 to find at what point in the G space the optimal modeled activ-

We used an averaged structural connectome obtained using DWI in

ity becomes closely similar to empirical dynamics. For this, we used

16 different healthy right-handed participants (11 men and 5 women,

three metrics, namely metastability, grand average functional connec-

mean age: 24.75 ± 2.54), recruited through the online recruitment

tivity, and dynamical functional connectivity (explained in Supporting

system at Aarhus University. In this study, participants with psychiat-

Information). We then developed a global similarity (GS) score to auto-

ric or neurological disorders (or a history thereof) were excluded from

matically find the best point in the G space:

participation. The MRI data was recorded in a single session on a 3 T
Siemens Skyra scanner at CFIN, Aarhus University, Denmark. Struc-

GS½Gi  = ð1 − jðEmpMet− Met½Gi ÞjÞFit½Gi ð1 − KSDist½Gi Þ2 ,

tural T1-Weighted MRI scans were adquired with an isotropic voxel

where Met[Gi] and Fit[Gi] represent the Metastability and the Fitting

size of 1 mm3; a reconstructed matrix size of 256 × 256 pixels, TE of

Score (the correlation score between empirical and simulated grand

3.8 and TR of 2,300 ms.

average correlation matrices) for a given Gi and EmpMet is the meta-

ð1Þ

The DWI data were collected using a TR = 9,000 ms, TE = 84 ms,

stability of the empirical data. KSDist is the Kolmogorov–Smirnov dis-

flip angle = 90 , reconstructed matrix size of 106 × 106, voxel size of

tance between the empirical and modeled FCD. It can be noticed
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from the equation that GS gets larger than (a) the metastability of sim-

recording, (b) Concatenate 50 random sets of two fMRI recordings,

ulated and empirical signals become more alike (Tognoli & Kelso,

(c) Repeating this while increasing number of concatenated recordings

2014), (b) the fitting gets closer to one, and (c) KSDist gets closer to

until using 20 recordings by steps of 1, (d) For each of these steps (from

0. To give more weight to the oscillatory properties found in the FCD,

1 to 20) we obtained two types of DynCores, a set 50 raw DynCores and a

GS depends quadratically on KSDist, while it depends only linearly on

single median DynCore that was calculated by computing the median of

the Fitting and the Metastability.

the NBPs for each brain region.

Using this processing approach, we were able to identify an opti-

This combinatorial analysis allowed us to simulate the effect of

mal DynCore of single fMRI recordings and also of group of recordings,

having different scanning times and therefore to explore consistency

obtaining a mean DynCore by concatenating multiple recordings

as scanning time is progressively increased.

before the frequency filtering (as in Deco, Kringelbach, et al., 2017).
Finally, DynCores with a KSDist larger than 0.3 or a Fitting smaller

2.6.1 | Optimal scanning time estimation

than 0.25 were discarded as we considered the rs-fMRI recording to

We used the Euclidean distance (square root of the sum of squared

be noisy and unsuitable for the model to further generate acceptable

nodal-wise differences) to the reference mean DynCore (the one

simulations of brain dynamics. In this work, more than 4,000 simula-

obtained by concatenating all the recordings) to study how the consis-

tions were generated with a rejection rate of around 10%.

tency changes as more resting state functional magnetic resonance
(rs-fMRI) data is used in the calculation of the DynCore. In the first

2.5.1 | Normalization of BPs

place we looked for an optimal scanning time using the error to the

The main problem of using raw bifurcation parameters to study brain

median DynCore of each number of sessions (from 1 to 20). The

dynamics at a single subject level is that, depending on Gi, BPs can have

median DynCore was obtained by keeping the median for each

very different ranges (Figure 2a). Therefore, each set of BPs[Gopt] has

region's NBP.

values that cannot be directly compared between different datasets,
irrespective of whether they come from the same or different subjects.
In order to make different sets of BPs comparable, we applied a
normalization procedure that (a) produced a fixed range of values and
i
(b) generated BP change rate function near zero (dBP
dG ≈ 0) (Figure 2c),

2.6.2 | Within-subject and between-subjects reliability
comparison
In the clinical environment, each patient usually is scanned only once,
which makes difficult to calculate a median DynCore across different

making comparisons between subjects and sessions possible. To this

sessions. To analyze this, situation we studied Euclidean distances

aim we took each BPsi (set of BPs for a given Gi) and split them in two

between each raw DynCore (without using the median of each BP)

subsets, one containing all the positive values (pBPi) and another with

and the reference mean DynCore. We then compared within-subject

all negative ones (nBPi). To obtain the normalized bifurcation parame-

intersession variability with between-subject variability using the

ter set (NBPsi) we divided pBPi and nBPi by the largest absolute value

DynCores and its distance to the references DynCore and analyzed

on that subset. This procedure is given by Equations 2, 3, and 4,

how this distance changes as more rs-fMRI sessions are used in the

mpBPi = maximum of ðpBPi Þ,

ð2Þ

mnBPi = mininimum of ðnBPi Þ,

ð3Þ

where mpBPi represents the largest positive value for a given Gi, and
mnBPi the largest negative value for Gi. Finally, the normalized vector

2.6.3 | Region-wise consistency assessment
Local consistency was assessed by using the absolute error between
each BP from the combinatorial analysis and its correspondent value
from the reference mean DynCore constructed using all recordings.

of Normalized Bifurcation Parameters (NBPs) is given by Equation,
8
BPi
>
>
for each BPs belonging to pBPi
<
mpBP
,
NBPsi =
>
>
: BPi for each BPs belonging to nBPi
mnBP

estimation of the DynCore through the model.

We used DynCores from the combinatorial analysis to study the reliability at the region level as more data are used for the estimation of
ð4Þ

the DynCore through the model. Then, we compared the betweensubjects and within-subject local error profiles, that is, the mean error

where BPi represents the raw bifurcation parameter vector and NBPsi

of each region's NBP to its value in the reference mean DynCore, in an

the normalized vector for a given Gi. This simple normalization method

absolute and relative way. The absolute consistency measurement is

yields values between −1 and 1, which allows to directly compare

stated was calculated by:

local dynamics between sessions or subjects.

absolute nodal error difference ðANEÞ = mean local error bs −mean local errorws ,

ð5Þ

2.6 | Combinatorial analysis

whereas the relative local consistency measurement we used the rela-

An important issue we aimed to address is the minimum scanning time

tive nodal error difference given by:

required to obtain stable results, that is to say, the point at which the
error to a reliable measurement does not diminish as we add more scan-

relative nodal error difference ðRNEÞ =

mean local error bs −mean local errorws
:
mean local error ws

ð6Þ

ning time. For this, we implemented a combinatorial analysis in which we
gradually increased the number of concatenated resting state recordings.
The analysis consisted of: (a) Obtaining the DynCore for each single fMRI

This metric represents how many times the between-subject variability of a node is larger than that found within-subject.
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FIGURE 2

Bifurcation parameter normalization. (a) Bifurcation parameter as a function of coupling strength G for a single subject. Each yellow
line represents the parameter evolution in a single node. (b) The same dependency, but for normalized values (blue lines). Given that normalized
values are stable across G, they can be used to make comparisons across sessions or participants. (c) The mean change rate (derivative with
respect to G) for all normalized parameters of 50 different recordings depicted as gray lines, which portray a stable behavior (slight oscillations
around 0) of the average bifurcation parameter across G for each recording [Color figure can be viewed at wileyonlinelibrary.com]

3 | RESULTS

subject processing pipelines using the same data. We obtained a single DynCore concatenating all 50 rs-fMRI sessions from the same sub-

3.1 | Normalization of bifurcation parameters

ject, which is plotted in Figure 3 as a gray-dotted line and represents
the optimal baseline DynCore. Furthermore, we obtained a set of

To show the effect of the normalization, we started by exploring the

1,000 DynCores by using the combinatorial analysis described in

behavior of the intrinsic BPs across the extrinsic coupling factor G.

“Optimal scanning time estimation” section Boxplots in Figure 3 por-

Figure 2a illustrates how raw BPs depend on G in a nonlinear way,

tray the dispersion of the medians from each of the combinatorial

which makes comparison across subjects and sessions difficult. In con-

groups. Figure 3 also shows the within-subject “mean DynCore” (green

trast, when the normalization is performed, these values become sta-

lines) obtained by estimating the mean of each box. By looking into

bilized for G > 2 (Figure 2b), allowing the comparison across subjects

local values more closely, frontal regions (among others) exhibited a

and sessions. Figure 2c depicts the change rate of the mean BP for

large diversity of NBPs across all recordings (mean SD: 0.501),

50 different recordings of the same subject, demonstrating the

whereas temporal and occipital regions showed a smaller parameter

enhanced reliability of this normalization procedure for G > 2.

dispersion (mean SD: 0.284, 0.277, respectively.). It is worth noticing
that regions such as the precuneus, parietal cortices, posterior and

3.2 | Within-subject consistency of normalized
bifurcation parameters
An important goal is to demonstrate that the DynCore is a measure

anterior cingulate gyri, and the medial frontal cortex showed a mean
value near the bifurcation point (0.029 ± 0.016), all hubs with central
roles in information trafficking (Deco, Van Hartevelt, Fernandes,
Stevner, & Kringelbach, 2017; van den Heuvel & Sporns, 2013).

that reliably captures properties of brain dynamics, which can be used

We quantified the global reliability of the NBPs as the correlation

to compare both local and global brain dynamics within the same sub-

between DynCores obtained by the two analyses (r = 0.977, p < 0.001

ject. To this aim we compared the results of two different within-

and r = 0.936, p < 0.001 [for the right and the left hemisphere,
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FIGURE 3

Distribution of the normalized bifurcation parameter (NBP) in each region. Green whisker boxes represent the distribution of each
region medians over the combinatorial analysis using within-subject data. The mean of these values (reference DynCore) is represented in green,
whereas the gray dotted line is the DynCore obtained by concatenating all the 50 rs-fMRI recordings from the same subject. Region's names are
abbreviated as: G: gyrus; P: pole; Gy: gyri; orb: orbital; Inf: inferior; mid: middle; med: medial; sup: superior; S: sulcus [Color figure can be viewed
at wileyonlinelibrary.com]

respectively.]). We decided to use the mean DynCore of the combina-

distance between the reference DynCore and the DynCore estimated

torial analysis as our reference DynCore (green lines, Figure 3) for the

by concatenating all the 50 recordings from the same subject (gray

further analysis below.

dotted lines in Figure 3).

3.3 | Optimal scanning time estimation using wholebrain modeling

3.4 | Dynamical core's single estimation consistency

In order to determine a minimum scanning time large enough to pro-

ple estimations of the DynCore for each patient and then to use the

duce a reliable DynCore, we performed a combinatorial analysis of 1 to

median (as done in previous analyses). For this reason, we studied the

20 randomly-combined scans and assessed the Euclidean distance

Euclidean distance to the reference DynCore using each single DynCore

between the median DynCore at each step of the combinatorial analy-

estimation from the combinatorial analysis, that is, without computing

sis and the reference DynCore. Figure 4 shows this distance of the

each region's median as described above. We calculated the distance of

estimated DynCores as a function of the set size (or scan duration).

each of these DynCores to the reference DynCore. To study to what

For both hemispheres, we found that the error substantially decreases

extent a single estimation can capture subject's specific and also group-

as more sessions were added. Note that already after adding four

wise functional features of the brain, we performed the same combinato-

recordings this error reached asymptotic levels comparable to the

rial analysis using 50 rs-fMRI sessions from different participants

As stated before, the clinical environment does not allow to have multi-
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combinatorial analysis. We found that as more recordings were added,
the estimation of the NBP in each region became more reliable (this is
shown in Supporting Information Figure S1).
Then, we compared the overall between-subject and withinsubject absolute mean local errors (shown in Supporting Information
Figure S2), finding those regions where the within-subject mean local
error was lower than that found in the between-subjects analysis. Furthermore, we explored the degree of consistency and reliability of each
node by means of its relative nodal error difference (see Methods).
Using this difference, we then ranked them in descending order, from
high to low consistency (Figure 6a). After setting a minimum consistency threshold of 0.25, we found that 10 regions were simultaneously
consistent in both hemispheres (Figure 6a), specifically the orbitofrontal
cortex (superior frontal gyrus), olfactory cortex, anterior cingulate gyrus,
amygdala, inferior parietal lobe, precuneus, paracentral lobe, thalamus,
pallidum, and inferior temporal gyrus. The hippocampus showed an
asymmetric behavior, as the left portion was between the most consistent nodes while the right portion presented a consistency near to zero
(within-subject variability equal to between-subjects variability). Also,
FIGURE 4

Deviation from reference DynCore as measured by the
Euclidean distance. Analysis for the left hemisphere in dark colors and
for the right hemisphere in lighter colors. Blue (dark and light) lines
represent the distance between the reference DynCore and the
median DynCore while increasing the number of rsfMRI sessions used
in the estimation. Dotted lines represent the error to the reference
DynCore from the within-subject analysis using all 50 recordings, here
used as a threshold for consistency [Color figure can be viewed at
wileyonlinelibrary.com]

interesting is the fact that occipital regions seemed to have very low
consistency values across both hemispheres, indicating a large intersession variability.
Finally, we studied the spatial distribution of the RNE (Figure 6b),
finding a similar pattern in both hemispheres. Orbitofrontal and inferior temporal cortical parcels seemed to show increased RNE, while
primary motor and sensitive cortices showed a similar pattern of
decreased RNE.

(between-subjects analysis). Similar to what is shown in Figures 4 and 5
reveals that the Euclidean distance to the reference DynCore decreased

4 | DI SCU SSION

as more data was added to the analysis both for the within-subject analysis and also for the between-subjects analysis. Note that although the

In this study, we used whole-brain computational modeling (Deco &

distance never reached levels lower than those estimated using medians

Kringelbach, 2016) to address the consistency of nodal and global

(Figure 4), it became relatively low after four recordings. This is especially

metrics of multiple sessions of rs-fMRI from a single subject and single

true considering that in the within-subject analysis using all 50 recordings

sessions from multiple subjects. We have shown that the DynCore reli-

(dotted gray lines in Figure 3), the distance was ~0.5 for the left hemi-

ably represents brain dynamics of a single subject in resting state, and

sphere and ~1.0 for the right hemisphere (thresholds values in Figure 4),

that these parameters are consistent with group results. Additionally,

which suggests that using 20 min of data from a single subject, is enough

we found that as the recording time gets larger, the DynCore estima-

to study local brain dynamics of a single subject in a consistent way

tion converges after concatenating four sessions of 5 min. We there-

(as also suggested by Laumann et al., 2015).

fore propose that an optimal scan time for analysis of global and local

Interestingly, in the left hemisphere the difference between

brain dynamics on an individual level is in the order of 20 min. We

within and between distances required more recordings to lose statis-

have also shown that the proposed metrics not only capture the gen-

tical significance compared to that uncovered in the right hemisphere,

eral properties of brain dynamics, but also that the DynCore can be

which might indicate that the dynamics found in the left hemisphere

used at a local scale, suggesting an optimal methodological scenario to

are more individualized. Another observation supporting the notion of

study local and global brain dynamics consistently at a single-subject

asymmetric functional specialization is represented in Figures 4 and 5,

level, which is an important requirement to fully study neuropsychiat-

where the error in the left hemisphere using small number of sessions

ric disorders (Deco & Kringelbach, 2014).

is smaller than error in the right hemisphere.

This is not the first study trying to address reproducibility and
consistency in resting state sessions. Many studies have shown that

3.5 | Region-wise variability using the whole brain
model

the longer the scanning time is, the better the consistency and reliability of the analysis is (Pannunzi et al., 2017). Interestingly, some have
found that the optimal scanning time to have reproducible results is

To analyze how reliability is distributed in each brain region, we stud-

greater than 14 to 20 min (Anderson, Ferguson, Lopez-Larson, &

ied the mean local error, that is, the NBP absolute difference between

Yurgelun-Todd, 2011; Birn et al., 2013; Laumann et al., 2015), which

each DynCore estimation and the reference DynCore, through the

represents around three to four sessions in the present study,
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FIGURE 5

Euclidean distance between DynCore's single estimations in the combinatorial analysis and their correspondent reference DynCore
for within (light blue) and between (green) subject analysis. These distances represent the error to the reference DynCore and are plotted as a
function of the number of recordings used. Stars and circles represent significant difference values between the within and between subject
Euclidean distances using an unpaired t-test (with Bonferroni's correction for multiple comparisons) [Color figure can be viewed at
wileyonlinelibrary.com]

corroborating the idea of a minimal scanning time to have reproduc-

by fewer recordings and weakened by adding more (Supporting Infor-

ible results. To extend this, another study (Kalcher et al., 2012) found

mation Figure S1). This might suggest that although using multiple

that as the scanning time increases, the number of independent com-

sessions is better to obtain a highly consistent estimation of the

ponents found also increases monotonically also suggesting a better

underlying functional organization of brain at rest, a plausible very

estimation of resting state dynamics by longer scanning times. Our

slow

results are in line with many findings addressing these issues

(Taubert, Lohmann, Margulies, Villringer, & Ragert, 2011) of brain

(Anderson et al., 2011; Birn et al., 2013; Kalcher et al., 2012) and, in

states could be overlooked using this approach. This might indicate

contrast to what now has become a common practice, 5 min (van Dijk

that, to study very slow changes in the brain's functional organization,

et al., 2010) of scanning time may not be sufficient to produce reliable

longitudinal rs-fMRI sessions must be processed in series of small

results on an individual level. A major limitation to the suggested

batches. Like this, symmetry in variability patterns (error to grand-

20-min scan length is the movement of the subject over such period,

average DynCore and SDs) can reveal useful information to study

however, in this work we showed a good estimation of the DynCore

changes in the brain at rest that occur over long periods of time

can be obtained by using several shorter sessions (in this Case 4 ses-

(Taubert et al., 2011) that could ultimately be related to different, and

sions of 5 min).

not well studied physiological, cognitive, emotional, or even pharma-

Following this line of thinking, an interesting observation is that

physiological

and/or

environmental

mediated

variability

cological factors.

although we found symmetric profiles both for local standard devia-

At a whole-brain scale, the median value of the reference DynCore

tion and error, symmetry for standard deviation was better explained

is 0.017, which indicates a critical oscillatory behavior optimally
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(a)

(b)

FIGURE 6

Local consistency assessment. In (a) For both hemispheres, nodes are ordered according to their consistency levels such that nodes
with high within-subject consistency are ranked in the left. The green dotted lines represent a threshold of relative nodal error difference equal to
0.25. (b) Whole-brain consistency spatial representation by means of the RNE. Black regions present values below zero, while values over zero
are depicted with a color between red and yellow according to the RNE value. Regions with values above one are all colored in yellow. Brain
images were generated with BrainNet viewer (Xia, Wang, & He, 2013). Region's names are abbreviated as: G: gyrus; P: pole; Gy: gyri; orb: orbital;
Inf: inferior; mid: middle; med: medial; sup: superior; S: sulcus [Color figure can be viewed at wileyonlinelibrary.com]

operating at the edge of a bifurcation (Deco & Jirsa, 2012; Deco,

compared to occipital and temporal cortices, suggesting higher func-

Kringelbach, et al., 2017). By exploring bifurcation parameter values

tional variability in the frontal lobe. Interestingly, a study (Anderson,

from Figure 3 at a lobe scale, we were also able to identify that frontal

Kinnison, & Pessoa, 2013) found that functional diversity in terms of

lobe exhibited larger parameter dispersion (larger standard deviation)

cognitive domains varies across the brain. More importantly, frontal
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regions presented higher levels of diversity compared to other regions
such as temporal and parietal cortices. A more specific and causal

5 | LIM I TAT I ON S A N D FUTU RE
CONSIDERATIONS

interpretation of local bifurcation values is beyond the scope of this
study, but it is worth noticing that at least qualitatively, local NBPs

A primary limitation of the present study is the lack of single-subject

display patterns that seem to relate with functional segregation. Also,

structural connectivity matrices. Because current models (including

supporting this idea is the fact that after performing a simple post-hoc

the one presented here) of brain dynamics are based on the average

analysis, nodes from the default mode network (as in van den

structural information (Deco et al., 2014), it would be interesting to

Heuvel & Sporns 2011; van den Heuvel & Sporns, 2013) display a

investigate if the number of sessions required to optimally reach the

mean parameter value of 0.02, which is significantly closer to zero

reference DynCore is smaller by using single-subject structural matri-

(p = 0.041) compared with the same mean value of 10,000 randomly

ces. Finally, due to fMRI technical limitations, the temporal resolution

bootstrapped subnetworks of the same size. Given that all these

is relatively low. Further modeling of resting state activity using MEG

regions are considered hubs (van den Heuvel & Sporns, 2012; van den

(Nakagawa et al., 2014) at a single subject level should also give richer

Heuvel & Sporns, 2013; Tomasi & Volkow, 2010), this suggests that

insights into the behavior of local dynamics both in health and

local values closer to a transition or bifurcation state might also have

disease.

central key role in information transfer. Future studies should explore

The parcellation used in this study (AAL) also represents a limita-

with greater detail the functional role of local bifurcation dynamics in

tion because of the relative small number of regions in which the brain

information trafficking and cognition.

is parcellated and also the relative inhomogeneity inside each node,

Global consistency only makes sense in light of local consistency.
This is an important consideration as regions presenting high withinsubject consistency are not only better biomarker candidates, but
might indicate important functional properties. For example, we found
high consistency levels in the left and right orbitofrontal cortex
(Figure 6). Interestingly, this region has been tightly linked with hedonistic experience (Kringelbach, 2005) and described as a sensory integration hub with multiple anatomical domains (Kringelbach & Rolls,
2004). The heterogeneity of both structure and function of this region
might explain why at a single-subject level, its consistency is much
larger than that extracted from multiple subjects as these characteristics might be highly individualized (Finn et al., 2015). Furthermore, the
left superior orbitofrontal cortex was by far the most consistent of all
regions, with a between-subject mean error four times larger than the
within-subject mean error. This is interesting given that recently this
region was described as one of the most important for maintaining
brain dynamical organization (Deco, Van Hartevelt, et al., 2017).
Additionally, both precuneus and thalamus also showed high level
of consistency in both hemispheres, suggesting that highly centralized
cores (Deco, Van Hartevelt, et al., 2017; van den Heuvel & Sporns,
2011) might also be the ones reflecting higher consistency levels. This
was corroborated after exploring the consistency (from Figure 6a) of

nevertheless as only young control subjects where used in this study,
this should not be a mayor limitation (Gordon et al., 2014). However,
in future works more advanced parcellation schemes should be used,
combining surface based morphometry and multi-scale parcellation to
analyze whole brain modeling based metrics in health and disease
(Cammoun et al., 2012).
Additionally, as within-subject data was acquired in different days
in a period of 6 months, the estimation of consistency could lead to
an overestimation of the optimal minimum single-session scanning
time as day-to-day variability might play an important role. In a clinical
environment though, it seems more feasible to acquire 15–20 min in
a single session than to split it up in different scanning sessions. Moreover, this split across different days also means that the day-to-day
variability might not only produce an overestimation, but also produce
valuable information about changes in brain organization only captured over longer periods. Future works should then analyze the consistency between long-length single session DynCores and multiple
sessions DynCores.
Single subject dynamics as well as the shown variability of the
estimated local consistency might operate differently across subjects.
Because the aim of the current study was to address the consistency

the rich and binding club members (listed in Deco, Van Hartevelt,

of brain dynamics using multiple sessions in one subject, it would be

et al., 2017) where we found that 66% of the (8/12 nodes) rich club

valuable to assess the same long-term consistency in other subjects

while 41% (5/12) of the binding club exhibited high consistency levels

using multiple sessions. This is especially true in light of recent find-

(Supporting Information Figure S3).

ings showing accurate identification of subjects using functional fin-

At the other side of the spectrum, within-subject consistency of

gerprints (Finn et al., 2015).

visual and motor areas was as high or even lower as that found by

Dynamical properties of the brain, such as the neuronal variability

using multiple subjects (Figure 6a and Supporting Information

(SD) (by means of the variability of the amplitude in the BOLD signal)

Figure S2), indicating that the variability of these regional dynamics is

(Martino et al., 2016) have shown to be plausible biomarkers for neu-

high and less individualized. Under a cognitive perspective, this makes

ropsychiatric diseases, such as depression, mania, and bipolar disease

sense as primary sensory information might be processed in similar

(Magioncalda et al., 2015; Northoff et al., 2017). Additionally, other

ways across individuals. Finally, we found regions such as the hippo-

studies have shown that brain dynamics-based metrics, such as lead-

campus and the middle occipital gyrus that exhibited high consistency

ing eigenvector dynamics analysis (LEiDA) associated with the cogni-

for one hemisphere but low in the other (Figure 6a) and that interest-

tive performance in healthy older adults (Cabral et al., 2017).

ingly were in concordance with previous studies (Deco, Van Hartevelt,

Therefore, in future steps the DynCore should be analyzed and com-

et al., 2017). These asymmetric profiles and other consistency consid-

pared with other dynamics-based features to describe pathological

erations should be addressed carefully in future studies.

changes in the brain.
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6 | CO NC LUSIO NS
We presented a conceptual framework for analyzing local brain dynamics consistently at a single subject level by modeling resting state activity with a supercritical Hopf bifurcation model. The estimated intrinsic
parameter, the DynCore, allowed us to explore the amount of information required to minimize the error in order to estimate consistent brain
dynamics. Overall, including four sessions from the same subject
yielded highly consistent results. Importantly, we showed a heterogeneous consistency variability across the brain. Already known brain
hubs showed higher consistency within the same subject while the consistency found in primary visual and motor areas was only as high as
that found using recordings from multiple subjects. This heterogeneity
is a reflection of highly individualized dynamics that point toward useful
clinical applications. These methods open new avenues to analyze local
brain dynamics at a single subject level that may reveal individualized
aspects of the healthy and diseased brain.

ACKNOWLEDGMENTS
In this work, Patricio Donnelly-Kehoe was supported by a PhD grant
from the National Scientific and Technical Research Council—Argentina
(CONICET). Victor M Saenger was supported by the Research Personnel Training program (PSI2013-42091-P) funded by the Spanish Ministry of Economy and Competitiveness. Morten Kringelbach is supported
by the ERC Consolidator Grant CAREGIVING (no. 615539) and the
Center for Music in the Brain, funded by the Danish National Research
Foundation (DNRF117). Gustavo Deco was supported by the European
Research Council (ERC) Advanced Grant DYSTRUCTURE (no. 295129).
Simone Kühn has been funded by two grants from the German Science
Foundation (DFG KU 3322/1-1, SFB 936/C7), the European Union
(ERC-2016-StG-Self-Control-677804) and a Fellowship from the
Jacobs Foundation (JRF 2016-2018).

CONF LICT OF IN TE RE ST
None to declare.

ORCID
Patricio Donnelly-Kehoe
Victor M. Saenger

https://orcid.org/0000-0002-3738-9537

https://orcid.org/0000-0002-4654-0892

Nina Lisofsky

https://orcid.org/0000-0002-9428-8433

Simone Kühn

https://orcid.org/0000-0001-6823-7969

Morten L. Kringelbach
Jens Schwarzbach
Ulman Lindenberger
Gustavo Deco

https://orcid.org/0000-0002-3908-6898

https://orcid.org/0000-0002-0303-6979
https://orcid.org/0000-0001-8428-6453

https://orcid.org/0000-0002-8995-7583

RE FE R ENC E S
Achard, S., Salvador, R., Whitcher, B., Suckling, J., & Bullmore, E. D. (2006).
A resilient, low-frequency, small-world human brain functional network
with highly connected association cortical hubs. The Journal of Neuroscience, 26(1), 63–72.

Anderson, J. S., Ferguson, M. A., Lopez-Larson, M., & Yurgelun-Todd, D.
(2011). Reproducibility of single-subject functional connectivity measurements. American Journal of Neuro Radiology, 32, 548–555.
Anderson, M. L., Kinnison, J., & Pessoa, L. (2013). Describing functional
diversity of brain regions and brain networks. NeuroImage, 73, 50–58.
Birn, R. M., Molloy, E. K., Patriat, R., Parker, T., Meier, T. B., Kirk, G. R., …
Prabhakaran, V. (2013). The effect of scan length on the reliability of
resting-state fMRI connectivity estimates. NeuroImage, 83, 550–558.
Biswal, B., Zerrin Yetkin, F., Haughton, V. M., & Hyde, J. S. (1995). Functional connectivity in the motor cortex of resting human brain using
echo-planar mri. Magnetic Resonance in Medicine, 34(4), 537–541.
Buckner, R. L., Sepulcre, J., Talukdar, T., Krienen, F. M., Liu, H., Hedden, T.,
… Johnson, K. A. (2009). Cortical hubs revealed by intrinsic functional
connectivity: Mapping, assessment of stability, and relation to
Alzheimer's disease. The Journal of Neuroscience, 29(6), 1860–1873.
Cabral, J., Fernandes, H. M., Van Hartevelt, T. J., James, A. C., Kringelbach,
M. L., & Deco, G. (2013). Structural connectivity in schizophrenia and its
impact on the dynamics of spontaneous functional networks. Chaos: An
Interdisciplinary Journal of Nonlinear Science, 23(4), 046111.
Cabral, J., Kringelbach, M. L., & Deco, G. (2017). Functional connectivity
dynamically evolves on multiple time-scales over a static structural
connectome: Models and mechanisms. NeuroImage, 160, 84–96.
Cabral, J., Vidaurre, D., Marques, P., Magalhães, R., Moreira, P. S., Soares,
J. M., … Kringelbach, M. L. (2017). Cognitive performance in healthy older
adults relates to spontaneous switching between states of functional connectivity during rest. Scientific Reports, 7(1), 5135.
Calhoun, V. D., Miller, R., Pearlson, G., & Adalı, T. (2014). The chronnectome:
Time-varying connectivity networks as the next frontier in fMRI data discovery. Neuron, 84(2), 262–274.
Cammoun, L., Gigandet, X., Meskaldji, D., Thiran, J. P., Sporns, O., Do, K. Q., …
Hagmann, P. (2012). Mapping the human connectome at multiple scales
with diffusion spectrum MRI. Journal of Neuroscience Methods, 203(2),
386–397.
Castellanos, F. X., Di Martino, A., Craddock, R. C., Mehta, A. D., &
Milham, M. P. (2013). Clinical applications of the functional connectome.
NeuroImage, 80, 527–540.
Chao-Gan, Y., & Yu-Feng, Z. (2010). DPARSF: A MATLAB toolbox for
“pipeline” data analysis of resting-state fMRI. Frontiers in Systems Neuroscience, 4, 13.
Collins, D. L., Neelin, P., Peters, T. M., & Evans, A. C. (1994). Automatic 3D
intersubject registration of MR volumetric data in standardized Talairach
space. Journal of Computer Assisted Tomography, 18(2), 192–205.
Cordes, D., Haughton, V. M., Arfanakis, K., Carew, J. D., Turski, P. A.,
Moritz, C. H., … Meyerand, M. E. (2001). Frequencies contributing to
functional connectivity in the cerebral cortex in “resting-state” data.
American Journal of Neuroradiology, 22(7), 1326–1333.
Damaraju, E., Allen, E. A., Belger, A., Ford, J. M., McEwen, S., Mathalon, D. H.,
… Calhoun, V. D. (2014). Dynamic functional connectivity analysis reveals
transient states of dysconnectivity in schizophrenia. NeuroImage: Clinical,
5, 298–308.
Damoiseaux, J. S., Rombouts, S. A. R. B., Barkhof, F., Scheltens, P., Stam, C. J.,
Smith, S. M., & Beckmann, C. F. (2006). Consistent resting-state networks
across healthy subjects. Proceedings of the National Academy of Sciences,
103(37), 13848–13853.
Deco, G., & Jirsa, V. K. (2012). Ongoing cortical activity at rest: Criticality,
multistability, and ghost attractors. The Journal of Neuroscience, 32(10),
3366–3375.
Deco, G., Jirsa, V. K., & McIntosh, A. R. (2011). Emerging concepts for the
dynamical organization of resting-state activity in the brain. Nature
Reviews Neuroscience, 12(1), 43–56.
Deco, G., & Kringelbach, M. L. (2014). Great expectations: Using wholebrain computational connectomics for understanding neuropsychiatric
disorders. Neuron, 84(5), 892–905.
Deco, G., & Kringelbach, M. L. (2016). Metastability and coherence: Extending
the communication through coherence hypothesis using a whole-brain
computational perspective. Trends in Neurosciences, 39(3), 125–135.
Deco, G., Kringelbach, M. L., Jirsa, V. K., & Ritter, P. (2017). The dynamics of resting fluctuations in the brain: Metastability and its dynamical cortical core.
Scientific Reports, 7, 3095. https://doi.org/10.1038/s41598-017-03073-5
Deco, G., McIntosh, A. R., Shen, K., Hutchison, R. M., Menon, R. S.,
Everling, S., … Jirsa, V. K. (2014). Identification of optimal structural

DONNELLY-KEHOE ET AL.

connectivity using functional connectivity and neural modelling. The
Journal of Neuroscience, 34, 7910–7916.
Deco, G., Tononi, G., Boly, M. a. K., & Kringelbach, M. L. (2015). Rethinking
segregation and integration: Contributions of whole-brain modelling.
Nature Reviews. Neuroscience, 16, 430–439.
Deco, G., Van Hartevelt, T. J., Fernandes, H. M., Stevner, A., &
Kringelbach, M. L. (2017). The most relevant human brain regions for
functional connectivity: Evidence for a dynamical workspace of binding nodes from whole-brain computational modelling. NeuroImage,
146, 197–210.
Ferreira, L. K., & Busatto, G. F. (2013). Resting-state functional connectivity in normal brain aging. Neuroscience & Biobehavioural Reviews, 37(3),
384–400.
Fiecas, M., Ombao, H., van Lunen, D., Baumgartner, R., Coimbra, A., &
Feng, D. (2013). Quantifying temporal correlations: A test-retest evaluation of functional connectivity in resting-state fMRI. NeuroImage, 65,
231–241.
Finn, E. S., Shen, X., Scheinost, D., Rosenberg, M. D., Huang, J.,
Chun, M. M., … Constable, R. T. (2015). Functional connectome fingerprinting: Identifying individuals using patterns of brain connectivity.
Nature Neuroscience, 18, 1664–1671.
Fox, M. D., & Raichle, M. E. (2007). Spontaneous fluctuations in brain
activity observed with functional magnetic resonance imaging. Nature
Reviews Neuroscience, 8(9), 700–711.
Freyer, F., Roberts, J. A., Becker, R., Robinson, P. A., Ritter, P., &
Breakspear, M. (2011). Biophysical mechanisms of multistability in resting-state cortical rhythms. Journal of Neuroscience, 31(17), 6353–6361.
Freyer, F., Roberts, J. A., Ritter, P., & Breakspear, M. (2012). A canonical
model of multistability and scale-invariance in biological systems. PLoS
computational biology, 8(8), e1002634.
Frost, M. A., & Goebel, R. (2012). Measuring structural-functional correspondence: Spatial variability of specialised brain regions after macroanatomical alignment. NeuroImage, 59(2), 1369–1381.
Glerean, E., Salmi, J., Lahnakoski, J. M., Jääskeläinen, I. P., & Sams, M.
(2012). Functional magnetic resonance imaging phase synchronization
as a measure of dynamic functional connectivity. Brain Connectivity, 2
(2), 91–101.
Gordon, E. M., Laumann, T. O., Adeyemo, B., Huckins, J. F., Kelley, W. M., &
Petersen, S. E. (2014). Generation and evaluation of a cortical area
parcellation from resting-state correlations. Cerebral Cortex, 26(1),
288–303.
Göttlich, M., Münte, T. F., Heldmann, M., Kasten, M., Hagenah, J., &
Krämer, U. M. (2013). Altered resting state brain networks in
Parkinson's disease. PLoS ONE, 8(10), e77336.
Hansen, E. C. A., Battaglia, D., Spiegler, A., Deco, G., & Jirsa, V. K. (2015).
Functional connectivity dynamics: Modelling the switching behaviour
of the resting state. NeuroImage, 105, 525–535.
Honey, C. J., Thivierge, J.-P., & Sporns, O. (2010). Can structure predict
function in the human brain? NeuroImage, 52(3), 766–776.
Hutchison, R. M., Womelsdorf, T., Gati, J. S., Everling, S., & Menon, R. S.
(2013). Resting-state networks show dynamic functional connectivity
in awake humans and anesthetized macaques. Human Brain Mapping,
34(9), 2154–2177.
Jenkinson, M., Bannister, P., Brady, M., & Smith, S. (2002). Improved optimization for the robust and accurate linear registration and motion correction of brain images. NeuroImage, 17(2), 825–841.
Jobst, B. M., Hindriks, R., Laufs, H., Tagliazucchi, E., Hahn, G., PonceAlvarez, A., … Deco, G. (2017). Increased stability and breakdown of
brain effective connectivity during slow-wave sleep: Mechanistic
insights from whole-brain computational Modelling. Scientific Reports,
7(1), 4634. https://doi.org/10.1038/s41598-017-04522-x
Jones, T. B., Bandettini, P. A., Kenworthy, L., Case, L. K., Milleville, S. C.,
Martin, A., & Birn, R. M. (2010). Sources of group differences in functional connectivity: An investigation applied to autism spectrum disorder. NeuroImage, 49, 401–414.
Kalcher, K., Huf, W., Boubela, R. N., Filzmoser, P., Pezawas, L., Biswal, B. B., …
Windischberger, C. (2012). Fully exploratory network independent component analysis of the 1000 functional connectomes database. Frontiers
in Human Neuroscience, 6, 301.
Kringelbach, M. L. (2005). The human orbitofrontal cortex: Linking reward
to hedonic experience. Nature Reviews Neuroscience, 6(9), 691–702.

2979

Kringelbach, M. L., & Rolls, E. T. (2004). The functional neuroanatomy of
the human orbitofrontal cortex: Evidence from neuroimaging and neuropsychology. Progress in Neurobiology, 72(5), 341–372.
Kringelbach, M. L., McIntosh, A. R., Ritter, P., Jirsa, V. K., & Deco, G.
(2015). The rediscovery of slowness: exploring the timing of cognition.
Trends in cognitive sciences, 19(10), 616–628.
Kuznetsov, Y. A., Kuznetsov, L., & Marsde, J. (1998). Elements of applied
bifurcation theory springer-Verlag. New York: Springer Science & Business Media.
Laumann, T. O., Gordon, E. M., Adeyemo, B., Snyder, A. Z., Joo, S. J.,
Chen, M.-Y., … Petersen, S. E. (2015). Functional system and areal
organization of a highly sampled individual human brain. Neuron, 87(3),
657–670.
Laumann, T. O., Snyder, A. Z., Mitra, A., Gordon, E. M., Gratton, C.,
Adeyemo, B., … McCarthy, J. E. (2016). On the stability of BOLD fMRI
correlations. Cerebral Cortex, 27(10), 4719–4732.
Lynall, M.-E., Bassett, D. S., Kerwin, R., McKenna, P. J., Kitzbichler, M.,
Muller, U., & Bullmore, E. (2010). Functional connectivity and brain
networks in schizophrenia. The Journal of Neuroscience, 30(28),
9477–9487.
Magioncalda, P., Martino, M., Conio, B., Escelsior, A., Piaggio, N.,
Presta, A., … Ferri, F. (2015). Functional connectivity and neuronal variability of resting state activity in bipolar disorder—Reduction and
decoupling in anterior cortical midline structures. Human Brain Mapping, 36(2), 666–682.
Marsden, J. E., & McCracken, M. (2012). The Hopf bifurcation and its applications (Vol. 19). New York: Springer Science & Business Media.
https://books.google.com/books?hl=es&lr=&id=FTv0BwAAQBAJ&oi=
fnd&pg=PA1&dq=The+Hopf+bifurcation+and+its+applications+&ots=
PYqqeYXgJK&sig=fhcjYOSRyTaXFb1BMSpgIlJMpow#v=onepage&q=
The%20Hopf%20bifurcation%20and%20its%20applications&f=false
Martino, M., Magioncalda, P., Huang, Z., Conio, B., Piaggio, N.,
Duncan, N. W., … Inglese, M. (2016). Contrasting variability patterns in
the default mode and sensorimotor networks balance in bipolar
depression and mania. Proceedings of the National Academy of Sciences,
113(17), 4824–4829.
Mueller, S., Wang, D., Fox, M. D., Yeo, B. T. T., Sepulcre, J., Sabuncu, M. R.,
… Liu, H. (2013). Individual variability in functional connectivity architecture of the human brain. Neuron, 77(3), 586–595.
Nakagawa, T. T., Woolrich, M., Luckhoo, H., Joensson, M., Mohseni, H.,
Kringelbach, M. L., … Deco, G. (2014). How delays matter in an oscillatory whole-brain spiking-neuron network model for MEG alpharhythms at rest. NeuroImage, 87, 383–394.
Northoff, G., Magioncalda, P., Martino, M., Lee, H. C., Tseng, Y. C., &
Lane, T. (2017). Too fast or too slow? Time and neuronal variability in
bipolar disorder—A combined theoretical and empirical investigation.
Schizophrenia Bulletin, 44(1), 54–64.
Pannunzi, M., Hindriks, R., Bettinardi, R. G., Wenger, E., Lisofsky, N.,
Martensson, J., … Deco, G. (2017). Resting-state fMRI correlations:
From link-wise unreliability to whole brain stability. NeuroImage, 157,
250–262. https://doi.org/10.1016/j.neuroimage.2017.06.006
Ponce-Alvarez, A., He, B. J., Hagmann, P., & Deco, G. (2015). Task-driven
activity reduces the cortical activity space of the brain: Experiment and
whole-brain modelling. PLoS Computational Biology, 11(8), e1004445.
Saenger, V. M., Kahan, J., Foltynie, T., Friston, K., Aziz, T. Z., Green, A. L., …
Mancini, L. (2017). Uncovering the underlying mechanisms and wholebrain dynamics of deep brain stimulation for Parkinson's disease. Scientific Reports, 7, 9882.
Singer, W. (2013). Cortical dynamics revisited. Trends in Cognitive Sciences,
17(12), 616–626.
Taubert, M., Lohmann, G., Margulies, D. S., Villringer, A., & Ragert, P.
(2011). Long-term effects of motor training on resting-state networks
and underlying brain structure. NeuroImage, 57(4), 1492–1498.
Tognoli, E., & Kelso, J. S. (2014). The metastable brain. Neuron, 81(1), 35–48.
Tomasi, D., & Volkow, N. D. (2010). Functional connectivity density
mapping. Proceedings of the National Academy of Sciences, 107(21),
9885–9890.
Tzourio-Mazoyer, N., Landeau, B., Papathanassiou, D., Crivello, F., Etard, O.,
Delcroix, N., … Joliot, M. (2002). Automated anatomical labeling of activations in SPM using a macroscopic anatomical parcellation of the MNI MRI
single-subject brain. NeuroImage, 15(1), 273–289.

2980

Van Den Heuvel, M. P., & Sporns, O. (2011). Rich-club organization of the
human connectome. The Journal of Neuroscience, 31(44), 15775–15786.
van den Heuvel, M. P., & Sporns, O. (2013). Network hubs in the human
brain. Trends in Cognitive Sciences, 17(12), 683–696.
Van Dijk, K. R. A., Hedden, T., Venkataraman, A., Evans, K. C.,
Lazar, S. W., & Buckner, R. L. (2010). Intrinsic functional connectivity
as a tool for human connectomics: Theory, properties, and optimization. Journal of Neurophysiology, 103(1), 297–321.
Xia, M., Wang, J., & He, Y. (2013). BrainNet viewer: A network visualization tool for human brain connectomics. PLoS ONE, 8(7), e68910.
Zuo, X.-N., & Xing, X.-X. (2014). Test-retest reliabilities of resting-state
FMRI measurements in human brain functional connectomics: A systems neuroscience perspective. Neuroscience & Biobehavioural Reviews,
45, 100–118.

DONNELLY-KEHOE ET AL.

SUPPOR TI NG I NFORMATION
Additional supporting information may be found online in the
Supporting Information section at the end of this article.

How to cite this article: Donnelly-Kehoe P, Saenger VM,
Lisofsky N, et al. Reliable local dynamics in the brain across
sessions are revealed by whole-brain modeling of resting state
activity. Hum Brain Mapp. 2019;40:2967–2980. https://doi.
org/10.1002/hbm.24572

