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Abstract

In this review, we discuss critical dynamics of simple nonequilibrium models on large
connectomes, obtained by diffusion MRI, representing the white matter of the human brain. In the
first chapter, we overview graph theoretical and topological analysis of these networks, pointing out
that universality allows selecting a representative network, the KKI-18, which has been used for
dynamical simulation. The critical and sub-critical behaviour of simple, two- or three-state
threshold models is discussed with special emphasis on rare-region effects leading to robust
Griffiths phases (GP). Numerical results of synchronization phenomena, studied by the Kuramoto
model, are also shown, leading to a continuous analog of the GP, termed frustrated
synchronization. The models presented here exhibit dynamical scaling behaviour with exponents
in agreement with brain experimental data if local homeostasis is provided.

1. Introduction

The organization of resting-state activity (i.e. the dynamics of the brain that causes switching between different
‘functional modes’) presumably plays a critical role, because it requires a large part of the total energy budget [ 1,
2]. There is empirical and computational evidence showing that the resting organization facilitates task-based
information processing [3]. Resting brain networks, as captured by functional connectivity maps, consistently
show that functional connectivity can predict individual differences in task-evoked regional activity [4—6].
From a mechanistic perspective, whole-brain models can demonstrate that resting-state activity conforms to a
state of criticality that promotes responsiveness to external stimulation, i.e. organization of resting-state activ-
ity facilitates task-based processing [7—17]. We can explore the possible critical dynamics on connectomes,
using the methods of statistical physics and compare with experiments, but it is unknown what happens pre-
cisely. There are neuroscience studies, investigating the effects of illness, injury or chemicals on the state of
brain. However, it was found that personalized whole-brain dynamical models poised at criticality track neu-
ral dynamics [18]. Furthermore, all chemically altered states, showed some signs of persistent criticality, when
exponent relations and universal shape-collapse were tested. The maintenance of critical brain dynamics may
be important for regulation and control of conscious awareness [19].

Neuronal avalanches are cascading sequences of increasing activations that reveal critical behaviour, in
which brain functions are optimized by enhancing, for example, input sensitivity and dynamic range [20].
This criticality-based optimization is sustained, thanks to the underlying particular operating regime perched
at the brink between phases of order and disorder. Criticality is explicitly reflected by the scaling invariance of
the sizes and durations of neuronal avalanches. A signature of criticality is the fact that the sizes and durations of
neuronal avalanches follow power-law (PL) statistics with exponents that depend on each other. Furthermore,
in the context of experimental neuronal avalanches, Friedman et al [21] demonstrated another signature of
criticality, namely self-similar scaling of avalanches, by showing that the dynamics of long-duration avalanches
are similar to those of short-duration avalanches when they are properly rescaled. Earlier, scaling behaviour of
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avalanches has also been found in signals of ruptures, earth-quakes and in magnets, like in the random filed
Ising model [22] and in many systems with phase transition to absorbing states [23, 24].

On one hand in neuroscience, avalanches are usually considered to be discrete events, obtained by a tempo-
ral binning of LFP signals, introducing a certain degree of uncertainty. On the other hand, in models, other than
simple branching processes, can exhibit continuous order parameter ‘avalanches’, which can also be defined
via the spreading of growth of the order parameter, if the system is started from an atypical state of the control
parameters. At the critical point this dynamical behaviour is the so called initial slip scaling phenomena (see for
example [24]), and the corresponding dynamical exponents can be related to the exponents of the ‘avalanches
[23]. Thresholding of continuous signals, to define avalanches, may also introduce some uncertainty.

The criticality hypothesis has been proposed because information processing, sensitivity, long-range and
memory capacity is optimal in the neighbourhood of criticality [25-28]. Criticality in statistical physics is
defined by diverging correlation lengths and times as we tune a control parameter to the critical value. As a
consequence, microscopic details are irrelevant, and universal critical scaling exponents appear in general.

During the last decade, criticality was shown in neuronal recordings (spiking activity and local field poten-
tials, LFPs) of neural cultures in vitro [21, 29-31], LEP signals in vivo [32], field potentials and functional
magnetic resonance imaging (fMRI) blood-oxygen-level-dependent (BOLD) signals in vivo [33, 34], volt-
age imaging in vivo [35], and 10—100 single-unit or multi-unit spiking and calcium-imaging activity in vivo
[36—39]. Furthermore, source reconstructed magneto- and electroencephalographic recordings (MEG and
EEG), characterizing the dynamics of ongoing cortical activity, have also shown robust PL scaling in neuronal
long-range temporal correlations (LRTC). These are at time scales from seconds to hundreds of seconds and
describe behavioural scaling laws consistent with concurrent neuronal avalanches [40]. However, the mea-
sured scaling exponents do not seem to be universal. Instead, they are scattered around the mean-field values
of the directed percolation (DP) universality class [24]. It is worth mentioning that LRTC allow investigating
scaling at different time scales than avalanche measurements, which span only the 0.001-0.1 secundum range.
Similarly, recent calcium imaging recordings of dissociated neuronal cultures show that the exponents are not
universal, and significantly different exponents arise with different culture preparations [41]. Very recently it
has been found that in dissociated cortex cultures, which lack the differentiation into cortical layers, a first-
order phase transition is expected not following the universal mean-field exponents [42]. Thus, the single
mean-field universality class hypothesis has been challenged and different explanations have been suggested,
ranging from subsampling of the branching DP model [43] to external source effects [44]. External sources,
leading to the well known Widom line phenomena have been studied both by experiments and simulations.
Quasicriticality, generated by external excitations, was suggested to explain the lack of universality observed
in different experiments [44]. However, it was discovered earlier that heterogeneity can cause non-universal
exponents as a consequence of rare regions and Griffiths phases (GP) in brain models [45-48].

Nevertheless, at the whole-brain level, criticality remains still an open question. Mesoscopic local mea-
surements (e.g. LFP or spiking activity) might introduce a bias due to the limited number of neurons and,
consequently, are sensitive to subsampling effects [36, 43, 49, 50]. Furthermore, in electrode experiments, there
is uncertainty about partitioning and binning of activity spots into avalanches. Earlier, temporal closeness of
measured spikes was used to determine the beginning and the end of activity spikes [51], but later this method
was criticized [36], and data analysis has become more careful. However, BOLD or MEG signals might not
capture the global dynamics if the parcellation used is too coarse. Therefore, to study criticality in the nervous
system, it is necessary to monitor whole-brain dynamics with high resolution.

Until now, structural network studies were performed on much smaller-sized connectomes. For example,
the data obtained by Sporns and collaborators, using diffusion imaging techniques [52, 53], consist of a highly
coarse-grained mapping of anatomical connections in the human brain, comprising N = 998 cortical areas
and the fibre tract densities between them. On the other hand, connectome-based epidemic models may also
bring us information about a particular disease, for clinical applications see [54].

In order to prove real power laws, valid for several decades, one needs to consider larger-sized systems, lack
of corrections to scaling and size cutoff [45]. For example the autocorrelation function near to a critical point is
of the form:

A() = (Aot + Ar™ 4 - )Flexp(—t/7)], (1)

thus besides the leading order PL singularity Aot~ faster decaying, sub-leading scaling correction terms A;t i
and an exponential cutoff can occur at large times.

Therefore, we have downloaded the largest available human connectomes and run numerical simulations to
test the criticality hypothesis, with a focus on heterogeneity effects and the possibility of emergence of dynam-
ical criticality sub-critically. Since this graph has a graph (also called topological) dimension d < 4 [55], a
real synchronization phase transition is not possible in the thermodynamic limit [56]. Still, we could locate a
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transition between partially synchronized and de-synchronized states. In this review, we show simulation
results based on direct measurements of characteristic times and sizes instead of using avalanche spot binning.

It has been debated how a neural system is tuned to criticality. At first, self-regulatory mechanisms [57],
leading to self-organized criticality [58], were proposed. Let us remark that, as a consequence of heterogeneity,
extended dynamical critical regions with non-universal scaling emerge naturally in spreading models [45-48].
If quenched heterogeneity (i.e. disorder with respect to a homogeneous system) is present, rare-region effects
[59] and an extended semi-critical region where spatial correlations do not diverge, known as GP [60], can
emerge. Rare regions are very slowly relaxing domains that remain, for a long time, in the phase that is the
opposite of the phase of the whole system, causing slow evolution of the order parameter. In the entire GP,
which is an extended control parameter region around the critical point, the susceptibility diverges, providing
a high sensitivity to stimuli, which is beneficial for information processing. Auto-correlations follow fat-tailed
PLs, resulting in burstiness [61], which is a frequently observed phenomenon in human behaviour [62]. Even
in infinite-dimensional systems, where mean-field behaviour is expected, Griffiths effects [63] may occur in
finite time windows. As real systems are mostly inhomogeneous, one must assess whether the heterogeneity
is weak enough to justify the usage of homogeneous models for describing them. Also one must assess if the
heterogeneity can be considered quasistatic with respect to the time scale of the neuronal activity. It was also
proposed that a GP might be the reason for the working memory in the brain [64].

As individual neurons in vitro emit periodic signals [65], it is tempting to use oscillator models and
to investigate criticality at the synchronization transition point. Recently, a brain model analysis using
Ginzburg—Landau type equations concluded that empirically reported scale-invariant avalanches can possibly
arise if the cortex is operated at the edge of a synchronization phase transition, where neuronal avalanches and
incipient oscillations coexist [66]. Several oscillator models have been used in biology. The simplest one is the
Hopf model [67], which has been used frequently in neuroscience because it can describe a critical point with
scale-free avalanches that have a sharpened frequency response and enhanced input sensitivity.

Another complex model, describing more non-linearity, is the Kuramoto model [68, 69] that was studied
analytically and computationally in the absence of frequency heterogeneity on a human connectome graph
with 998 nodes and on hierarchical modular networks, in which moduli exist within moduli in a nested way at
various scales [70]. Because of quenched, purely topological heterogeneity, an intermediate phase was found
between the standard synchronous and asynchronous phases, showing ‘frustrated synchronization’, meta-
stability and chimera-like states [71]. This complex phase was investigated further in the presence of noise
[72] and on a simplicial complex model of manifolds with finite and tunable spectral dimension [73] as a
simple model for the brain.

The dynamical behaviour of the heterogeneous Kuramoto model, especially for local interactions, is a
largely unexplored field to the best of our knowledge. In case of identical oscillators, heterogeneous phase
lags or couplings have been shown to result in partial synchronization and stable chimera states [74—77]. Real-
istic models of the brain, however, require oscillators [78] to be heterogeneous. Consequently, one of the main
focuses of this review is to discuss criticality at the whole-brain level from the perspective of synchronization
in the heterogeneous Kuramoto model. We also compare the emerging dynamical behaviour with those of a
discrete threshold models on the same large human connectomes.

2. Human connectome topology

The connectome is defined as the structural network of neural connections in the brain [79]. The human
brain has 210! neurons, which current imaging techniques cannot comprehensively resolve at the scale of
single neurons. Studies must, therefore, work with coarse-grained data. Early studies, based on 998 large-scale
cortical regions, gave some insights into the relation between structural and functional connectivity [52, 53].
They found that, although strong functional connections exist between regions that have no direct structural
connection, resting state functional connectivity is constrained by the connectome structure. Here, we review
results about the human connectome at a more fine-grained level (=~ 10° nodes). The results are based on
diffusion tensor imaging data by Landman et al [80]. Diffusion tensor imaging has generally been found to be
in good agreement with ground-truth data from histological tract tracing [81]. Inferred networks of structural
connections were made available by the Open Connectome Project and previously analysed by Gastner and
Odor [55]. These graphs are symmetric, weighted networks, where the weights measure the number of fibre
tracts between nodes.

2.1. Degree distribution

Since the early days of complex network science, it has often been hypothesized that structural and functional
brain networks have PL degree distributions [82—84]. In statistical physics, power laws occur at transitions
between ordered and disordered phases. Because circumstantial evidence supported the hypothesis that the




10P Publishing

J.Phys.Complex. 2 (2021) 045002 (16pp) G Odor et al

brain operates near such a critical point [13, 31, 51], a PL degree distribution appeared to be a plausible
assumption. However, observational data of structural brain networks did not support the PL hypothesis for
the degree distribution [85-87].

In [55], we applied model selection based on the Akaike information criterion to determine which prob-
ability distributions fit the Open Connectome data best. The investigated candidate distributions for model
selection were PL, exponential, log-normal and Weibull distributions. In the case of the PL and Weibull dis-
tributions, we also considered three-parameter generalizations: a truncated power law, P(degree > k) b
(k+ «) Pe % and a generalized Weibull distribution [88], P(degree > k) expla(y? — (k+7)?)], where
k is the degree, and «, 5 and ~y are parameters to be fitted to data. We also allowed each candidate model to
be valid only for sufficiently large degree k because corrections may, in practice, need to be applied to small
degrees. The Akaike information criterion imposes a penalty for every additional parameter in the model that
must be fitted to data. In [55], we applied the criterion by Burnham and Anderson [55, 89] that there is only
empirical support for a statistical model if the corresponding Akaike information criterion differs by less than
10 from the minimum for all candidate models.

In [55], we fitted parameters to ten human connectomes and found that, in nine cases, there was at least
some empirical support for a generalized Weibull distribution. In seven cases, there was a similar level of evi-
dence for a truncated power law. There was little or no empirical support for any other candidate model, which
excludes power law tails from the set of plausible assumptions. Given empirical brain data, the Akaike informa-
tion criterion generally favoured models with a larger number of parameters, which implies that it is difficult
to mimic the true complexity of the connectome topology with simple models. Therefore, we recommend that
simulations of brain dynamics are performed on empirical, rather than modelled, networks if possible.

2.2. Small-world topology
Apart from the degree distribution, dynamic processes on networks also depend on the paths between nodes. A
common feature of many real-world complex networks is their small-world topology [90]. A network is called
a small world if there is, on one hand, a tendency for nodes to form local clusters, but, on the other hand, there
are also long-distance links that significantly reduce the average of the shortest path lengths L between all pairs
of nodes. The large-scale network backbone of the brain regions is a small world [91], but it remains an open
question whether the connectome is also a small-world network at a cellular level [92].

To shed light on this issue, we quantified the small-world coefficient o, defined in [93], for Open Connec-
tome networks [55]. The small-world coefficient compares the clustering coefficient C and the average path
length L with the corresponding values C, and L, of an Erdos—Rényi random graph according to the formula

c/c,
g = .
L/L,

(2)

By definition, a small-world network satisfies & > 1. For the Open Connectome data, we found that ¢ is in the
range from 750 to 890 if the clustering coefficient is measured with the Watts—Strogatz formula [90]. We found
no significant dependence of ¢ on the number of nodes (as shown in table 4 of [55]). Thus, connectomes are
small-world networks, and o can be treated as scale-independent.

2.3. Graph (topological) dimension
The small-world coefficient o captures the relation between local clustering and the mean topological distance
(i.e. the average of the minimum number of edges on a path between two nodes). Another measure of interest is
the so called topological or graph dimension D [94], which characterizes how quickly neighbourhoods increase
as a function of distance. Here the distance r is the number of edges along the shortest path connecting two
nodes. If N, is the number of node pairs within a distance < 1, then the topological dimension D is the exponent
that fits best to the relation N, o . It has been conjectured that a finite dimension D is indicative of GPs and
rare-region effects, which might explain PLs and scale invariance observed in brain network dynamics [45].
For the Open Connectome data, PL fits in the range 1 < r < 5 (figure 1) suggest topological dimensions
between D = 3 and D = 4 [55]. For larger r, N, saturates because the number of nodes in the network is
finite, so the range over which log(N,) increases linearly in log(r) is small. In the inset of figure 1, we plot the

discretized derivative
In Nr —In Nr+1

In(r) = In(r+1)° (3)

Deg(r+1/2) =

We estimated D in the limit of large network size by extrapolating D.g (dashed lines in figure 1). We detected
a tendency that larger networks have larger values of D. However, the increase is small so that Griffith phases
in brain dynamics are plausible.
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Figure 1. Number of nodes within graph distance r in four different KKI connectomes. Dashed lines show PL fits. Inset: local
slopes defined in equation (3). Crosses correspond to measurements on a regular 100° lattice. Reproduced from [55]. CC BY 4.0.

2.4. Universality and homeostasis

The network topology study exhibits a certain level of universality in the topological features of the 10 large
human connectomes investigated: degree distributions, graph dimensions, clustering and small world coef-
ficients. These can be observed in tables 3 and 4 of [55]. It is outside the scope of this review, to compare
our previous results with the results of other brain studies. Instead, we use our previous results in the forth-
coming simulations. One may expect the same dynamical behaviour to occur in dynamical simulations on
human connectome graphs. Therefore, one of the graphs, called KKI-18, was selected to be the represen-
tative in further studies. The graphs, downloaded in 2015 from the Open Connectome project repository
[95], was generated via the MIGRAINE pipeline [96], publicly available from [97]. It comprises a large com-
ponent with N = 804092 nodes connected via 41 523 908 undirected edges and several small disconnected
sub-components, which were ignored in the modelling. The large number of nodes is because of other par-
cellations closer to voxel resolution being used. For instance, there are approximately 1.8 million voxels in the
brain mask of a 1 mm resolution standard-aligned MRI.

The KKI-18 graph exhibits hierarchical modular structure, because it is constructed from cerebral regions
of the Desikan—Killany—Tourville parcellation, which is standard in neuroimaging [98, 99] providing (at least)
two different scales. The graph topology is shown in figure 2, in which modules were identified by the Leiden
algorithm [100]. It found 153 modules, with sizes varying between 7 and 35 332 nodes. Note, that state of the
art tractography results in a structural connectome, representing real white-matter tracts of a little more than
1000 ROT’s; see for example [101-103].

Weights between nodes i and j of this graph vary between 1 and 854. The probability density function is
shown in figure 2. Following a sharp drop, one can observe a PL region for 20 < w;; < 200 with cutoff at large
weights. The average weight of the links is ~5. Note that the average degree of this graph is (k) = 156 [55],
whereas the average number of the incoming weights of nodes is (W;) = 1/N3_, > w;; = 448.

In references [104, 105], it was shown that dynamical models, running on the KKI-18 graph do not exhibit
critical transition. Due to the large weight differences and graph dimensionality, the hubs cause discontinuous
transitions. Nodes with high degrees/weights influence many nodes with low degrees/weights. If their state is
changed the whole systems turns into another state, causing a jump or jumps in the order parameter, thus the
transition will be discontinuous.

However, it was found that certain degree of local homeostasis occur in real brain via inhibitory neurons
[16, 106—109]. This has been modelled by normalizing the incoming interaction strengths [104]. To keep the
local sustained activity requirement for the brain [110] and to avoid nodes, which practically cannot affect the
activity propagation, the incoming weights were renormalized by their sum:

wi=wy/ > W (4)
j € neighb. of i

This renormalization makes the system locally homeostatic, and simulations have showed the occurrence of
criticality as well as Griffiths effects. Indeed, there is some evidence that neurons have a certain adaptation
to their input excitation levels [111] and can be modelled by variable thresholds [112]. Recent theoretical
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Figure 2. Probability distribution function of link weights in the KKI-18 connectome. Dashed line: a PL fit for intermediate
weights. Inset: network of the modules of the KKI-18 human connectome graph obtained through Leiden community analysis.
The areas of the circles is proportional to the number of nodes. Each circle’s colour indicates its membership in one of seven
modules of the displayed graph of modules, illustrating the hierarchical nature of KKI-18.

studies have also suggested that homeostatic plasticity mechanisms may play a role in facilitating criticality
[16, 107—109]. Recently, a comparison of modelling and experiments arrived at a similar conclusion: equal-
ized network sensitivity improves the predictive power of a model at criticality in agreement with the fMRI
correlations [113]. It is important to realize, that depending on the conditions (relative threshold, inhibitory
interactions, ...etc), models on the human KKI-18 graph can describe first, second or perhaps mixed order
transitions.

3. Critical dynamics of discrete threshold models on the connectome

To understand the collective behaviour of a large amount of neurons, simple discrete models have been used
in computer simulations [110, 114]. The KKI-18 connectome was first studied using a two-state threshold
model, in which sites could be inactive or active: x; = 0 or 1 [104]. Later, this study was extended to a three-
state model [115] in which sites could become refractory (x; = —1) for one time step, when the activity of the
state was lost, before becoming inactive. This prevents activated neighbours from immediately reactivating the
source, which can lead to propagating fronts, resembling to dynamical percolation [116]. However, this critical
behaviour can occur only in the infinitely long refractory state limit. The application of refractory states is a
common feature in brain modelling [117]. It was used in the pioneering brain model by [114], as well as
in a recent numerical work [113]. These studies obtained critical behaviour, but due to the 998 node sized
connectome used they could not resolve the heterogeneity effects and found a GP. Note, that [113] applied the
same weight normalization as [104].

Dynamical processes, mimicking neuronal avalanches, were initiated by activating a randomly selected
‘seed’ node. This was done once at the beginning of the time loop of the simulations. At each network update,
every node (i) was visited and tested if the sum of incoming weights Wj; of active neighbours reached a given
threshold value

> 6, Wy > K, (5)
j

where 6(1, 7) is the Kronecker delta function. If this condition was met, activation of x; = 0 was attempted with
probability A. Alternatively, an active node was deactivated with probability v. For the refractory version, the
intermediate state (x; = 1 — x; = —1) was set with probability 1 and deactivation to x; = 0 was done only at
the following graph update.

New states of the nodes were overwritten only after a full network update. Until then, they were stored in
a temporary state vector. This procedure means that synchronous updates were performed at discrete time
steps. The updating process continued as long as active sites were available or up to a maximum time limit
of t = 10° to 10’ Monte Carlo sweeps. For this stochastic cellular automaton, synchronous updating is not
expected to affect the dynamical scaling behaviour [46] because there are no activity currents. Synchronous
updating makes it possible to implement parallel algorithms. In fact, the code was implemented on GPUs,
which resulted in a 12 x speedup with respect to contemporary CPU cores.
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In case the system had fallen into the inactive state, the actual time step was recorded in order to calculate
the survival probability p(#) of runs. The average activity

N
p(t) =1/N> 8(x;1) (6)

i=1

and the total number of activated nodes

T
s=> > dx1) (7)

i=1 t=1

during the avalanche of duration T was calculated at the end of the simulations.

By varying the control parameters (K, A and v), one can locate the transition point between active and
absorbing steady states. At critical phase transition points, the avalanche survival probability is expected to
scale asymptotically as

P(t) o t°, (8)

where ¢ is the survival probability exponent [118]. This scaling law is connected to the avalanche-duration
scaling

plt) o t™ ™. 9)

Integration in time imposes the exponent relation

m=1+6. (10)
In seed simulations, the number of active sites initially grows as

N(t) o< t", (11)
with the exponent 7, related to the avalanche size distribution

pls) oxs77, (12)

via the exponent relation [23]
T=(14+n+20)/A+n+9). (13)

To analyse corrections to scaling, one can calculate the local slopes of the dynamical exponents ¢ and 7 as the
discretized, logarithmic derivatives of (8) and (11). For example, the effective exponent of § is measured as

In P(t) — In P(¢'

Oest(t) = —W> (14)
using t — ' = 8 or 4. These difference selections have been found to be optimal in noise reduction versus
effective exponent range [116]. Similarly, one can also define 7. (?).

In reference [104], results were obtained for two-state threshold models on directed, randomly diluted edge
variants of the KKI-18 network. The results were compared with those of the original, undirected graph and
showed qualitative invariance of the GP for those changes. Figure 3 shows the activity avalanche survival prob-
ability P(¢) for the threshold K = 0.25 and deactivation probability v = 0.9, 0.95 on the KKI-18 connectome.
One can see PL tails for more than three decades with continuously changing exponents as we vary A and v.

The critical point, above which P(t) signals persistent activity, is around v, = 0.90(5) for A = 1, the most
efficient activity propagating branching process. However, it is difficult to locate the critical point exactly
because the evolution slows down and exhibits oscillating as well as logarithmic corrections. The decay at
the critical point is slower than the mean-field decay, characterized by § = 0.5. It may even be ultra-slow
(i.e. logarithmic) as in disordered directed percolation in d < 4 dimensions [59].

Below the transition point, the avalanche survival exponent changes continuously in the range
0.2 < § < 0.7 as shown in the inset of figure 3. These effective exponents exhibit stabilization of Jeg(#)
for 102 < t < 10°. Using the scaling relation (10), we get dynamical scaling exponents in the GP region:
1.2 < 1, < 1.7, overlapping with the human brain experimental values 1.5 < 7 < 2.4 of [40].

At and below the critical point, the avalanche size distributions also exhibit non-universal PL tails, as shown
in figure 4, characterized by 7 > 1.25(2), overlapping with the experiments 1 < 7 < 1.6 of [40]. Note, that
log-periodic oscillations are superimposed on the PLs, as a consequence of the modular graph topology, thus
even in the last decade of the simulation data 10* < s < 10° we may see an upbending, instead of a cutoff.
The collapse of averaged avalanche distributions I1(#) for fixed temporal sizes T as in [21] was also studied.
The inset of figure 4 displays a good a collapse, obtained for avalanches of temporal sizes T = 25, 63,218, 404,
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Figure 3. Avalanche survival probability of the two-state threshold model using K = 0.25, v = 0.90,0.95 and A = 0.8, 0.85, 0.90,
0.95, 1 (as shown by the legends). Inset: local slopes of the same curves in opposite order showing saturation of the non-universal
exponents in the GP. Reprinted figure with permission from [115], Copyright (2019) by the American Physical Society.

2

10

Figure 4. Avalanche size distribution of the two-state threshold model at K = 0.25, v = 1 and A = 1,0.9, 0.8. Dashed line: PL fit
to the A = 0.8 case. Inset: avalanche shape collapse for T = 25, 63,218,404 at A = 0.86 and v = 0.95. Reprinted figure with
permission from [104], Copyright (2016) by the American Physical Society.

using a vertical scaling TI(¢)/T%*, which is near the experimental findings reported in [21]. Note also the
asymmetric shape which is in agreement with the experiments but could not be reproduced by the model of
reference [21].

In reference [104], the connectome modifications included random removal of up to 20% of directed con-
nections and flipping the signs of the weights Wj; of randomly selected edges. The random link removal affects
the long-range connections more, as they are less frequent, than the short-range ones. Thus, this modification
makes the connectome closer to reality in the sense of statistics, as it introduces asymmetry in the connections
in an expected fraction and compensates the distortion of the MRI diffusion tensor imaging method, which
underestimates local fibre tracts [119]. However, this edge thinning made the dynamics slower and the expo-
nents a little bit smaller than the experimental values, suggesting that additional factors should also be taken
into account.

In reference [115], the two-state model study was extended to a three-state, refractory threshold version as
well as to a time-dependent threshold version with a binary distribution {K, K — AK}. Numerical evidence
was provided for the robustness of the GP for both modifications. However, the GP shrank if the amplitude
of time dependence was stronger because, for large AK, the system could jump over the control-parameter
region where the GP occurs.

This robustness was studied with and without the presence of negative-weighted edges. Figure 5 shows
refractory model results for the avalanche sizes in case of 5% randomly flipped inhibitory links at K = 0.2.
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Figure 5. Avalanche size distributions in the sub-critical phase of the three-state threshold model with 5% inhibitory links at
K=0.2,v =1and A = 0.8, 0.85, 0.89, 0.92, 0.94, 0.98 (bottom to top curves). Dashed lines show PL fits for the tails of the
A = 0.85 and the A = 0.98 curves with 7 = 1.63(1) and 7 = 2.36(2) respectively.
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Figure 6. Avalanche size distributions of the two-state threshold model with 30% inhibitory links using time varying threshold:
K=0.1, AK=0.01,at v = 0.95 and A\ = 0.473, 0.478, 0.480, 0.483, 0.493, (bottom to top curves). Dashed lines show PL fits
57198 and s for the tails of the A = 0.493 and A\ = 0.473 curves. Reprinted figure with permission from [115], Copyright
(2019) by the American Physical Society.

Non-universal scaling is evident in the GP sub-critically for 0.8 < v < 0.98, characterized by exponent values
1.63 < 7 < 2.63. These values are close to the characteristic times of human experiments [40]: 1 < 7 < 1.6.
The model results do not change much if inhibitory links are absent [115].

Figure 6 shows some results for the time-dependent two-state model, where the threshold K = 0.1 was low-
ered to K = 0.09 at randomly selected time steps with probability 0.5. In this case, the GP shrank approximately
to the region 0.483 < A < 0.513. Thus, the critical point moved down to A ~ 0.51(1) with respect to the time
independent model. Therefore, the avalanche size exponent in the GP varies as 1.36(1) < 7 < 1.58(1), well
inside the experimental range 1 < 7 < 1.6 of [40].

4. Critical synchronization dynamics on the connectome

One of the most fundamental models showing phase synchronization is the Kuramoto model of interacting
oscillators [68]. It was originally defined on full graphs, corresponding to mean-field behaviour [120]. The
critical dynamical behaviour has recently been explored on random graphs [121, 122]. A phase transition in
the Kuramoto model can happen only above the lower critical dimension dy = 4 [56]. In lower dimensions,
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a true, singular phase transition in the N — oo limit is not possible, but partial synchronization can emerge
with a smooth crossover if oscillators are strongly coupled.

The Kuramoto model describes interacting oscillators with phases 6;(t) located at N nodes of a network,
which evolve according to the dynamical equation

0i(t) = wip + KZWI‘]‘ sin[60;(£) — 0:(£)] + s&i(1). (15)
j

Here, summation is performed over neighbouring nodes of i. w;y is the intrinsic frequency of the ith oscil-
lator, drawn from a g(wjp) distribution. For distributions with flat top the transition becomes discontinuous
[123, 124]. Usually, a Gaussian distribution with zero mean and unit variance is used to study a continuous syn-
chronization transition. Oscillatory behaviour is possible in the presence of quenched g(wi) self-frequencies.
In their absence, equation (15) describes a nonequilibrium XY model (e.g. see [116]). We can also add an
annealed noise &;(t) process, to emulate thermal fluctuations, which is a Gaussian white noise in general,
coupled by the amplitude s [124].

The global coupling K is the control parameter of this model by which we can tune the system between
asynchronous and synchronous states. One usually follows the synchronization transition through studying
the Kuramoto order parameter defined by

N
_ 1 3 e
R(t)_ﬁ : leJ 5 (16)
p

which is non-zero above a critical coupling strength K > K. or tends to zero for K < K. as R o< 1/1/N. At K.,
R exhibits growth as i
R(t,N) = N~V2 7 £,(¢t/N?), (17)

with the dynamical exponents z and 7, if the initial state is incoherent. Otherwise, the initial state decays as
R(t,N) = t°f,(t/N?), (18)

characterized by the dynamical exponent d. Here f, and f| denote different scaling functions.

The (noiseless) Kuramoto equation exhibits Galilean symmetry [69, 125]. It is invariant to the global shift
of a mean rotation frame @ — @' and the oscillation-size dependence can also be gauged out by the following
transformation: w; — aw’, t — (1/a)t" and K — aK’. Therefore, for small values of a, necessary to transform a
normal Gaussian w; distribution with o = 1, to another Gaussian with ¢ = 0.02, corresponding to real empir-
ical data, we can obtain the same results as for o = 1 at late times and small global couplings [124]. This scale
invariance is an important technical benefit, which can be exploited to simulate ultra-slow oscillations at time
scales <0.01 Hz, shown by human-brain fMRI measurements [126, 127].

To locate the transition from de-synchronized to synchronized states, one can increase the global coupling K
and determine R(t) by averaging over thousands of realizations with different, independent initial conditions.
The computer experiments are done by applying random initialization of phases with uniform distribution
0:(0) € (0, 27]. Using the parallelized Runge—Kutta-4 algorithm for NVIDIA graphic cards (GPU), a 40-fold
increase in the throughput could be achieved with respect to a single 12-core CPU. Figure 7 shows an example
for the growth of the Kuramoto order parameter on the KKI-18 connectome. The crossover is smooth, but
the transition point can be estimated visually via the inflexion condition, which separates up (convex) and
down (concave) bending curves for times ¢ < 20 before finite size causes saturation of R(¢). Looking at the
local slopes, we can estimate this crossover at K. = 1.60(5), with an effective scaling exponent 7,4 >~ 0.6(1).
This is smaller than the 77 = 0.75 mean-field value of the Kuramoto model [121]. The lower inset in figure 7
shows that the steady state values R(t — 00, K) exhibit a low level of synchronization even above the transition
point.

To define synchronization ‘avalanches’ in terms of the Kuramoto order parameter, we can consider pro-
cesses, starting from fully de-synchronized initial states by a single phase perturbation (or by an external phase
shift at a node), followed by growth and return to R(t,) = 1/+/N, corresponding to the disordered state of N
oscillators. In the simulations one can measure the first return, crossing times ¢, in many random realizations of
the system. In [105, 124], the return time was estimated by t, = (# + t,_1)/2, where f; was the first measured
crossing time, when R fell below 1/ VN = 0.001 094, see figure 8, which is just a demonstration, showing the
evolution of independent realizations, slightly above the estimated transition point. These independent sam-
ple evolutions and their average at a critical point follow the so called initial slip phenomena (see for example
[24]), followed by a fallback to the disordered state, providing a possibility to estimate critical exponents.

Following a histogramming procedure, one can obtain distributions of p(t.), which exhibit PL tails for
1.2 < K < 1.7, characterized by the exponents 1 < 7, < 2 (see figure 9), which are in the range of the in
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Figure 7. Growth of the average R on the KKI-18 graph near the synchronization transition point for K = 1.5, 1.6, 1,65, 1.7, 1.8,
1.9 (bottom to top curves). Upper left inset: effective exponents, defined as (14) for the same data, down inset: steady state
R(t — 00) as the function of the global coupling. Reproduced from [105]. CC BY 4.0.
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Figure 8. Evolution of R(¢) for many single realizations on the KKI-18 graph at K = 1.7. The dashed line shows the threshold
value R = 1/4/N = 0.001 094, used for the characteristic time measurements. Reproduced from [105]. CC BY 4.0.

vivo human neuro-experiments: 1.5 < 7, < 2.4 of [40]. At K = 1.6 (i.e. near the transition point), we find
7: = 1.2(1). Above the transition point, the decay p(t,) ~ 1/t marks a synchronized phase, where return
to de-synchronization can take long. The exponent value 7, = 1.2(1) at the transition suggests that the
real brain works in the sub-critical phase, where we can still observe dynamical criticality. The phase with
the non-universal power laws is reminiscent of GPs, but modules create frustrated synchronization regions
[70, 72, 73] with meta-stability and chimera-like states [71]. For comparison, on a large two-dimensional
lattice with additional random, long-range links, the mean-field value 7, ~ 1.6(1) was obtained [122].

The addition of weak noise does not change these results as can be seen fors = 1 at K = 1.4 in figure 9. How-
ever, stronger noise causes deviations, which are difficult to investigate as numerical precision of the applied
Runge—Kutta-4 integration breaks down in case of large differences that are generated by strong fluctuations
and produced by annealed noise.

Additionally, when the signs of the weights on a randomly selected 5% of links are flipped as Wjj = —WJ,
dynamical scaling was found to be invariant. Such links suppress local synchronization and can thus be con-
sidered as an inhibition mechanism. The crossover to synchronization occurs at K. = 1.9(1), slightly higher
than for the original KKI-18 network. The tails of the p(t,) probability distributions exhibit power laws with
1 <7,<2inthe 1.4 < K < 1.8 region.
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Figure 9. Duration distribution of , on the KKI-18 model for growth K = 1.7 (boxes), 1.6 (diamonds), 1.4 (bullets), 1.3 (up
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Figure 10. Duration distribution of #, on the KKI-18 model if 5% of the nodes are inhibitory and K = 1.35 (diamonds),
K = 1.45 (bullets), 1.55 (boxes), 1.75 (triangles). The dashed line shows PL fits to the tail region: t, > 20. Reproduced from
[105]. CC BY 4.0.

In [104], the robustness of the GP with threshold-model dynamical behaviour was tested by randomly
neglecting 20% of links in one direction. In [105], the neglect of all links in one direction (W;/ = —W,
Wj’i’ = () was investigated. Even in this extremely an-isotropic situation, an extended scaling region emerges
below the smooth transition point.

Finally, graphs with 5%, 10% and 20% inhibitory nodes were created by flipping the signs of (outward or
inward) link weights of these randomly selected sites. Below the synchronization transition point, which is at
K. = 1.7(1) for 5%, we can find again a frustrated synchronization region, where PL-tailed de-synchronization

durations occur as before (see figure 10). The exponent values are in the range 1 < 7, < 2.

5. Conclusions and outlook

Neural variability makes the brain more efficient [128], and one must, therefore, consider its effect in mod-
elling. To study this effect, extended dynamical simulations have been performed on large human connectome
models. Weight heterogeneity of such structural graphs is too strong to allow critical behaviour to appear.
Note, that the ‘weights’ of the connectome edges are coming from MRI techniques and estimate the number
of tracks between regions of interest. But, the real strength or the type (excitatory or inhibitory) of the node
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interactions is not encoded in the graphs we could access. Thus, weight normalized versions were considered,
which model local homeostasis by synaptic inhibition mechanisms.

Inhibitions were modelled by interactions with negative couplings among nodes. We found that there is no
qualitative difference between the inhibitory link and node models, GPs with non-universal exponents close
to experiments were detected in both cases. This is not surprizing from the point of view of statistical physics,
but it is also known that inhibitory neurons are not homogeneously distributed across the cortex. There is
a correlation between inhibition and connectivity. For example, inhibition often serves to balance excitation
in specific circuits [129]. However, this is far from being understood at the whole-brain level, except for the
hippocampus [130].

After comparing available human brain connectomes using network topology analysis, one network,
called KKI-18, was selected as a representative. For the threshold model, critical exponents in the range
1.4 <7,<1.7and 1.5 < 7 < 2, close to neural experimental values [29], were found.

Regarding the oscillatory Kuramoto model, we conclude that quenched disorder in the self-frequencies
causes PL tails in the dynamical behaviour of chimera-like states at the edge of criticality. These non-universal
power laws resemble GP effects. The scaling laws also resemble results for the second-order Kuramoto model
on power grids below the synchronization transition [131]. We found characteristic dynamical time exponents
1 < 71, < 2, overlapping with LRTC experiments.

A recent analysis [132] on new and publicly available data from both anaesthetised and freely moving
animals concluded that, if the cortex demands both extreme modes of operation (synchronized and de-
synchronized) for different functions, it may be advantageous to self-organize near and hover over the critical
point between the two modes. Note, however, that the same group reported lately that their results were arte-
facts of sampling [43]. Our large scale simulation results show that the characteristic time exponents of [29]
and of [29] can be reproduced with the assumption of GP sub-critically.

It is important to note, that while some rough tuning of the control parameters might be necessary to get
closer to the critical point, one can see dynamical criticality even below a phase transition point without external
activation, which is a safe expectation for brain systems [36]. Recent experiments suggest slightly sub-critical
brain states in vivo, devoid of dangerous over-activity linked to epilepsy.

The dynamical scaling behaviour has been found to be robust, supporting universality. Although the
Kuramoto model could be considered too simplistic to describe the brain; in the weak-coupling limit
quantitative agreement was found among various classes of oscillators: integrate-and-fire, Winfree, and
Kuramoto—Daido type for a fully connected network of identical units [133]. Assuming this holds for het-
erogenous models in the sub-critical region, this would provide support for the edge-of-criticality hypothesis
for oscillating systems near and below the synchronization transition point. Additive weak annealed noise,
added to the Kuramoto equation also resulted in invariance of the scaling [124]. Gaussian noises with ampli-
tudes not larger than those of the quenched Gaussian self-frequencies do not affect the previous results within
numerical precision. This means that time-dependent, thermal-like noise does not destroy or alter the dynam-
ical scaling behaviour of this model. We also pointed out that the empirical results with ultra-slow oscillations
can be transformed onto zero-mean Gaussian frequencies as a consequence of the Galilean symmetry of the
Kuramoto equation [124]. Positiveness of the g(w;) distribution is necessary in the brain, as we do not expect
neural oscillators to ‘rotate backwards’. This corresponds to the question of an asymmetric distribution of
natural frequencies, such that for g(w;) = 0 for w; < 0. It has been shown that, in the case of uni-modal
g(wj)-s, only the first derivative, the flatness of g(w;), matters. Without a flat top, like an asymmetric trian-
gle, one obtains the same universal critical behaviour (8 = 1/2) as for the original Kuramoto model with
zero-centered symmetric Gaussian [134]. Thus we expect the same dynamical behaviour for an asymmetric,
truncated Gaussian with g(w;) = 0 for w; < 0.

An interesting continuation could be the study of the effect of phase shifts, caused by finite signal propa-
gation in the neural network or the introduction of a threshold, as in integrate-and-fire models, although by
universality of critical systems we do not expect qualitative changes in the scaling behaviour.

Although these connectomes do not provide a true network of the brain, as for example the nodes them-
selves are built from thousands of neurons and may not map the grey matter links well, they can still lead to
the best meso-level approximation for critical brain dynamics. Further research is under way to extend our
approaches to large, exact, but still not full connectomes available at present.

Sub-sampling ambiguities may also cause differences from the experiments. Our mesoscopic model could
also open up the possibility to clarify this with the possibility of changing the scale of averaging of simulation
results.

Meta-stability and hysteresis are also common in brain behaviour. They are related to the ability to sustain
stimulus-selective persistent activity for working memory [135]. The brain rapidly switches from one state to
another in response to stimulus, and it may remain in the same state for along time after the end of the stimulus.
Meta-stability and hysteresis occur in general at first-order phase transitions. However, at hybrid type or mixed
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order transitions dynamical criticality can coexist with them. Using synthetic hierarchical modular networks, it
has recently been shown that even GPs can be found below the discontinuous transition using threshold type
models, where the excitation level are high enough to cause fragmentation of the possible activity patterns
[136]. In brain science language, this means that the structural and the functional networks are different.
This allows GPs in high dimensional, small-world graphs, which for simpler systems was hypothesized to be
impossible, leaving out only mean-field like behaviour [137]. An interesting direction would be to extend such
model analysis using real connectome graphs.

Finally, the mechanistic studies reviewed here offer a causal account of the role of synchronization and
specifically of heterogeneity for criticality at the whole-brain level. This mechanistic framework is extremely
promising and relevant not only to deepen our understanding of healthy brain functions but also for its break-
down in neuropsychiatric diseases. Our whole-brain model perspective might help to improve the diagnosis,
and design of therapies after understanding the subtle synchronization effects relevant in mental diseases.

Acknowledgments

GO is supported by the National Research, Development and Innovation Office NKFIH under Grant No.
K128989 and the Project HPC-EUROPA3 (INFRAIA-2016-1-730897) from the EC Research Innovation
Action under the H2020 Programme. MTG was supported by the Singapore Ministry of Education (MOE)
and Yale-NUS College (through Grant No. R-607-263-043-121). GD is supported by Spanish national research
projects (ref. PID2019-105772GB-100 MCIU AEI) funded by the Spanish Ministry of Science, Innovation and
Universities (MCIU), State Research Agency (AEI); HBP SGA3 Human Brain Project Specific Grant Agreement
3 (Grant Agreement No. 945539), funded by the EU H2020 FET Flagship Programme; SGR Research Sup-
port Group support (ref. 2017 SGR 1545), funded by the Catalan Agency for Management of University and
Research Grants (AGAUR); Neurotwin Digital twins for model-driven non-invasive electrical brain stimula-
tion (Grant Agreement ID: 101017716) funded by the EU H2020 FET Proactive programme; euSNN European
School of Network Neuroscience (Grant Agreement ID: 860563) funded by the EU H2020MSCA-ITN Innova-
tive Training Networks; CECH The Emerging Human Brain Cluster (Id. 001-P-001682) within the framework
of the European Research Development Fund Operational Program of Catalonia 2014-2020; Brain-Connects:
Brain Connectivity during Stroke Recovery and Rehabilitation (id. 201725.33) funded by the Fundacio La
Marato TV3; Corticity, FLAGERA JTC 2017, (ref. PCI2018-092891) funded by the Spanish Ministry of Sci-
ence, Innovation and Universities (MCIU), State Research Agency (AEI). JK is supported by the Helmholtz
Initiative and Networking Funds via the W2/W3 Programme, Project Number W2/W3-026. We gratefully
acknowledge computational resources provided by the Hungarian National Supercomputer Network, the BSC
Barcelona and the HZDR computing centre.

Data availability statement

The data that support the findings of this study are available upon reasonable request from the authors.

ORCID iDs

Géza Odor https://orcid.org/0000-0001-9259-5352
Michael T Gastner & https://orcid.org/0000-0002-1097-8833
Jeffrey Kelling © https://orcid.org/0000-0003-1761-2591
Gustavo Deco @ https://orcid.org/0000-0002-8995-7583

References

] Attwell D and Laughlin S B 2001 J. Cerebr. Blood Flow Metabol. 21 113345
] Raichle M E 2010 Sci. Am. 302 44—9
] Fiser J, Berkes P, Orbdn G and Lengyel M 2010 Trends Cognit. Sci. 14 119-30
] Tavor I, Jones O P, Mars R B, Smith S M, Behrens T E and Jbabdi S 2016 Science 352 21620
] Cole M W, Ito T, Bassett D S and Schultzz H D 2016 Nat. Neurosci. 19 1718-26
] Osher D E, Brissenden J A and Somers D C 2019 J. Neurophysiol. 122 232—40
[7] Chialvo D and Bak P 1999 Neuroscience 90 113748
] Chialvo D R 2004 Physica A 340 756—65 complexity and criticality: in memory of Per Bak (1947-2002)
] Chialvo D R 2006 Nat. Phys. 2 3012
] Chialvo D R 2007 AIP Conf. Proc. 887 1-12
] Chialvo D R, Balenzuela P and Fraiman D 2008 AIP Conf. Proc. 1028 28—45
] Fraiman D, Balenzuela P, Foss ] and Chialvo D R 2009 Phys. Rev. E 79 061922

14


https://orcid.org/0000-0001-9259-5352
https://orcid.org/0000-0001-9259-5352
https://orcid.org/0000-0002-1097-8833
https://orcid.org/0000-0002-1097-8833
https://orcid.org/0000-0003-1761-2591
https://orcid.org/0000-0003-1761-2591
https://orcid.org/0000-0002-8995-7583
https://orcid.org/0000-0002-8995-7583
https://doi.org/10.1097/00004647-200110000-00001
https://doi.org/10.1097/00004647-200110000-00001
https://doi.org/10.1097/00004647-200110000-00001
https://doi.org/10.1097/00004647-200110000-00001
https://doi.org/10.1016/j.tics.2010.01.003
https://doi.org/10.1016/j.tics.2010.01.003
https://doi.org/10.1016/j.tics.2010.01.003
https://doi.org/10.1016/j.tics.2010.01.003
https://doi.org/10.1126/science.aad8127
https://doi.org/10.1126/science.aad8127
https://doi.org/10.1126/science.aad8127
https://doi.org/10.1126/science.aad8127
https://doi.org/10.1038/nn.4406
https://doi.org/10.1038/nn.4406
https://doi.org/10.1038/nn.4406
https://doi.org/10.1038/nn.4406
https://doi.org/10.1152/jn.00174.2019
https://doi.org/10.1152/jn.00174.2019
https://doi.org/10.1152/jn.00174.2019
https://doi.org/10.1152/jn.00174.2019
https://doi.org/10.1016/s0306-4522(98)00472-2
https://doi.org/10.1016/s0306-4522(98)00472-2
https://doi.org/10.1016/s0306-4522(98)00472-2
https://doi.org/10.1016/s0306-4522(98)00472-2
https://doi.org/10.1016/j.physa.2004.05.064
https://doi.org/10.1016/j.physa.2004.05.064
https://doi.org/10.1016/j.physa.2004.05.064
https://doi.org/10.1016/j.physa.2004.05.064
https://doi.org/10.1038/nphys300
https://doi.org/10.1038/nphys300
https://doi.org/10.1038/nphys300
https://doi.org/10.1038/nphys300
https://doi.org/10.1063/1.2709580
https://doi.org/10.1063/1.2709580
https://doi.org/10.1063/1.2709580
https://doi.org/10.1063/1.2709580
https://doi.org/10.1063/1.2965095
https://doi.org/10.1063/1.2965095
https://doi.org/10.1063/1.2965095
https://doi.org/10.1063/1.2965095
https://doi.org/10.1103/physreve.79.061922
https://doi.org/10.1103/physreve.79.061922

10P Publishing J.Phys.Complex. 2 (2021) 045002 (16pp) G Odor et al

] Expert P, Lambiotte R, Chialvo D R, Christensen K, Jensen H J, Sharp D J and Turkheimer F 2011 J. R. Soc. Interface 8 472—9
] Fraiman D and Chialvo D 2012 Front. Physiol. 3 307
[15] Deco G and Jirsa V K 2012 J. Neurosci. 32 3366—75
] Deco G, Ponce-Alvarez A, Hagmann P, Romani G, Mantini D and Corbetta M 2014 J. Neurosci. 34 7886—98
] Senden M, Reuter N, van den Heuvel M P, Goebel R and Deco G 2017 Neurolmage 146 56174
] Rocha R P, Kogillari L, Suweis S, Grazia M D F D, de Schotten M T, Zorzi M and Corbetta M 2020 (accessed 20 September 2021)
bioRxiv https://doi.org/10.1101/2020.12.17.423349
[19] Varley T F, Sporns O, Puce A and Beggs J 2020 PLoS Comput. Biol. 16 ¢1008418
[20] Shew W L and Plenz D 2013 Neuroscientist 19 88—100
[21] Friedman N, Ito S, Brinkman B A W, Shimono M, DeVille R E L, Dahmen K A, Beggs ] M and Butler T C 2012 Phys. Rev. Lett.
108 208102
Sethna J P, Dahmen K A and Myers C R 2001 Nature 410 242—50
Munoz M A, Dickman R, Vespignani A and Zapperi S 1999 Phys. Rev. E 59 6175
Odor G 2008 Universality in Nonequilibrium Lattice Systems: Theoretical Foundations (Singapore: World Scientific)
Kinouchi O and Copelli M 2006 Nat. Phys. 2 34852
Chialvo D R 2010 Nat. Phys. 6 744—50
Larremore D B, Shew W L and Restrepo ] G 2011 Phys. Rev. Lett. 106 058101
Muioz M A 2018 Rev. Mod. Phys. 90 031001
Beggs ] and Plenz D 2003 J. Neuroscience 23 11167
Mazzoni A, Broccard F D, Garcia-Perez E, Bonifazi P, Ruaro M E and Torre V 2007 PLoS One 2 1-12
Pasquale V, Massobrio P, Bologna L, Chiappalone M and Martinoia S 2008 Neuroscience 153 1354—69
Hahn G, Petermann T, Havenith M N, Yu S, Singer W, Plenz D and Nikoli¢ D 2010 J. Neurophysiol. 104 3312—22
Shriki O, Alstott J, Carver F, Holroyd T, Henson R N, Smith M L, Coppola R, Bullmore E and Plenz D 2013 J. Neurosci. 33
7079-90
[34] Tagliazucchi E, Balenzuela P, Fraiman D and Chialvo D 2012 Front. Physiol. 3 15
[35] Scott G, Fagerholm E D, Mutoh H, Leech R, Sharp D J, Shew W L and Knéopfel T 2014 J. Neurosci. 34 1661120
[36] Priesemann V, Wibral M, Valderrama M, Propper R, Le Van Quyen M, Geisel T, Triesch J, Nikoli¢ D and Munk M H J 2014
Front. Syst. Neurosci. 8 108
] Bellay T, Klaus A, Seshadri S and Plenz D 2015 Elife 4 07224
] Hahn G, Ponce-Alvarez A, Monier C, Benvenuti G, Kumar A, Chavane F, Deco G and Frégnac Y 2017 PLoS Comput. Biol. 13 1-29
] Seshadri S, Klaus A, Winkowski D E, Kanold P O and Plenz D 2018 Transl. Psychiatry 8 3
[40] Palva J, Zhigalov A, Hirvonen J, Korhonen O, Linkenkaer-Hansen K and Palva S 2013 Proc. Natl Acad. Sci. USA 110 3585-90
] Yaghoubi M, De Graaf T, Orlandi J, Girotto F, Colicos M and Davidsen J 2018 Sci. Rep. 8 3417
] Plenz D, Ribeiro T L, Miller S R, Kells P A, Vakili A and Capek E L 2021 Front. Phys. 9 365
] Carvalho T T A, Fontenele A J, Girardi-Schappo M, Feliciano T, Aguiar L A A, Silva T P L, de Vasconcelos N A P, Carelli P V and
Copelli M 2021 Front. Neural Circ. 14 83
] Fosque L J, Williams-Garcia R V, Beggs ] M and Ortiz G 2021 Phys. Rev. Lett. 126 098101
] Moretti P and Mufioz M A 2013 Nat. Commun. 4 2521
] Odor G, Dickman R and Odor G 2015 Sci. Rep. 5 14451
] Girardi-Schappo M, Bortolotto G S, Gonsalves ] ], Pinto L T and Tragtenberg M H R 2016 Sci. Rep. 6 29561
] Girardi-Schappo M and Tragtenberg M H R 2018 Phys. Rev. E 97 042415
[49] StumpfM P H, Wiuf C and May R M 2005 Proc. Natl Acad. Sci. 102 42214
] Levina A and Priesemann V 2017 Nat. Commun. 8 15140
] Beggs ] M and Plenz D 2003 J. Neurosci. 23 1116777
] Hagmann P, Cammoun L, Gigandet X, Meuli R, Honey C J, Wedeen V ] and Sporns O 2008 PLoS Biol. 6 €159
] Honey CJ, Sporns O, Cammoun L, Gigandet X, Thiran ] P, Meuli R and Hagmann P 2009 Proc. Natl Acad. Sci. 106 2035—40
] Girardi-Schappo M, Fadaie F, Lee H M, Caldairou B, Sziklas V, Crane J, Bernhardt B C, Bernasconi A and Bernasconi N 2021
Epilepsia 62 1022-33
Gastner M T and Odor G 2016 Sci. Rep. 6 27249
Hong H, Park H and Choi M 2005 Phys. Rev. E 72 036217
Stassinopoulos D and Bak P 1995 Phys. Rev. E 51 5033—9
Pruessner G 2012 Self-Organised Criticality: Theory, Models and Characterisation (Cambridge: Cambridge University Press)
https://doi.org/10.1017/CB0O9780511977671
Vojta T 2006 J. Phys. A: Math. Gen. 39 R143-205
Griffiths R B 1969 Phys. Rev. Lett. 23 17-9
Odor G 2004 Phys. Rev. E 89 042102
Karsai M, Jo H H and Kaski K 2018 Bursty Human Dynamics SpringerBriefs in Complexity (Cham: Springer)
https://doi.org/10.1017/CB0O9780511977671
Cota W, Ferreira S C and Odor G 2016 Phys. Rev. E 93 032322
Johnson S, Marro ] and Torres ] ] 2013 PloS One 8 €50276
Penn Y, Segal M and Moses E 2016 Proc. Natl Acad. Sci. USA 113 3341-6
Di Santo S, Villegas P, Burioni R and Mufoz M 2018 Proc. Natl Acad. Sci. USA 115 E1356-65
Freyer F, Roberts ] A, Becker R, Robinson P A, Ritter P and Breakspear M 2011 J. Neurosci. 31 6353—61
Kuramoto Y 2012 Chemical Oscillations, Waves, and Turbulence Springer Series in Synergetics (Berlin: Springer)
Acebrén J, Bonilla L, Vicente C, Ritort F and Spigler R 2005 Rev. Mod. Phys. 77 137-85
Villegas P, Moretti P and Mufioz M 2014 Sci. Rep. 4 5990
Abrams D M and Strogatz S H 2004 Phys. Rev. Lett. 93 174102
Villegas P, Hidalgo ], Moretti P and Mufioz M A 2016 Complex synchronization patterns in the human connectome network
Proceedings of ECCS 2014 69—80
Millén A, Torres ] and Bianconi G 2018 Sci. Rep. 8 9910
Feng Y E and Li H H 2015 Chin. Phys. Lett. 32 060502
Pikovsky A and Rosenblum M 2008 Phys. Rev. Lett. 101 264103
Laing C R 2009 Physica D 238 156988

15


https://doi.org/10.1098/rsif.2010.0416
https://doi.org/10.1098/rsif.2010.0416
https://doi.org/10.1098/rsif.2010.0416
https://doi.org/10.1098/rsif.2010.0416
https://doi.org/10.3389/fphys.2012.00307
https://doi.org/10.3389/fphys.2012.00307
https://doi.org/10.1523/jneurosci.2523-11.2012
https://doi.org/10.1523/jneurosci.2523-11.2012
https://doi.org/10.1523/jneurosci.2523-11.2012
https://doi.org/10.1523/jneurosci.2523-11.2012
https://doi.org/10.1523/jneurosci.5068-13.2014
https://doi.org/10.1523/jneurosci.5068-13.2014
https://doi.org/10.1523/jneurosci.5068-13.2014
https://doi.org/10.1523/jneurosci.5068-13.2014
https://doi.org/10.1016/j.neuroimage.2016.10.044
https://doi.org/10.1016/j.neuroimage.2016.10.044
https://doi.org/10.1016/j.neuroimage.2016.10.044
https://doi.org/10.1016/j.neuroimage.2016.10.044
https://doi.org/10.1101/2020.12.17.423349
https://doi.org/10.1371/journal.pcbi.1008418
https://doi.org/10.1371/journal.pcbi.1008418
https://doi.org/10.1177/1073858412445487
https://doi.org/10.1177/1073858412445487
https://doi.org/10.1177/1073858412445487
https://doi.org/10.1177/1073858412445487
https://doi.org/10.1103/physrevlett.108.208102
https://doi.org/10.1103/physrevlett.108.208102
https://doi.org/10.1038/35065675
https://doi.org/10.1038/35065675
https://doi.org/10.1038/35065675
https://doi.org/10.1038/35065675
https://doi.org/10.1103/physreve.59.6175
https://doi.org/10.1103/physreve.59.6175
https://doi.org/10.1038/nphys289
https://doi.org/10.1038/nphys289
https://doi.org/10.1038/nphys289
https://doi.org/10.1038/nphys289
https://doi.org/10.1038/nphys1803
https://doi.org/10.1038/nphys1803
https://doi.org/10.1038/nphys1803
https://doi.org/10.1038/nphys1803
https://doi.org/10.1103/physrevlett.106.058101
https://doi.org/10.1103/physrevlett.106.058101
https://doi.org/10.1103/revmodphys.90.031001
https://doi.org/10.1103/revmodphys.90.031001
https://doi.org/10.1523/jneurosci.23-35-11167.2003
https://doi.org/10.1523/jneurosci.23-35-11167.2003
https://doi.org/10.1371/journal.pone.0000439
https://doi.org/10.1371/journal.pone.0000439
https://doi.org/10.1371/journal.pone.0000439
https://doi.org/10.1371/journal.pone.0000439
https://doi.org/10.1016/j.neuroscience.2008.03.050
https://doi.org/10.1016/j.neuroscience.2008.03.050
https://doi.org/10.1016/j.neuroscience.2008.03.050
https://doi.org/10.1016/j.neuroscience.2008.03.050
https://doi.org/10.1152/jn.00953.2009
https://doi.org/10.1152/jn.00953.2009
https://doi.org/10.1152/jn.00953.2009
https://doi.org/10.1152/jn.00953.2009
https://doi.org/10.1523/jneurosci.4286-12.2013
https://doi.org/10.1523/jneurosci.4286-12.2013
https://doi.org/10.1523/jneurosci.4286-12.2013
https://doi.org/10.1523/jneurosci.4286-12.2013
https://doi.org/10.3389/fphys.2012.00015
https://doi.org/10.3389/fphys.2012.00015
https://doi.org/10.1523/jneurosci.3474-14.2014
https://doi.org/10.1523/jneurosci.3474-14.2014
https://doi.org/10.1523/jneurosci.3474-14.2014
https://doi.org/10.1523/jneurosci.3474-14.2014
https://doi.org/10.3389/fnsys.2014.00108
https://doi.org/10.3389/fnsys.2014.00108
https://doi.org/10.7554/elife.07224
https://doi.org/10.7554/elife.07224
https://doi.org/10.1371/journal.pcbi.1005543
https://doi.org/10.1371/journal.pcbi.1005543
https://doi.org/10.1371/journal.pcbi.1005543
https://doi.org/10.1371/journal.pcbi.1005543
https://doi.org/10.1038/s41398-017-0060-z
https://doi.org/10.1038/s41398-017-0060-z
https://doi.org/10.1073/pnas.1216855110
https://doi.org/10.1073/pnas.1216855110
https://doi.org/10.1073/pnas.1216855110
https://doi.org/10.1073/pnas.1216855110
https://doi.org/10.1038/s41598-018-21730-1
https://doi.org/10.1038/s41598-018-21730-1
https://doi.org/10.3389/fphy.2021.639389
https://doi.org/10.3389/fphy.2021.639389
https://doi.org/10.3389/fncir.2020.576727
https://doi.org/10.3389/fncir.2020.576727
https://doi.org/10.1103/physrevlett.126.098101
https://doi.org/10.1103/physrevlett.126.098101
https://doi.org/10.1038/ncomms3521
https://doi.org/10.1038/ncomms3521
https://doi.org/10.1038/srep14451
https://doi.org/10.1038/srep14451
https://doi.org/10.1038/srep29561
https://doi.org/10.1038/srep29561
https://doi.org/10.1103/physreve.97.042415
https://doi.org/10.1103/physreve.97.042415
https://doi.org/10.1073/pnas.0501179102
https://doi.org/10.1073/pnas.0501179102
https://doi.org/10.1073/pnas.0501179102
https://doi.org/10.1073/pnas.0501179102
https://doi.org/10.1038/ncomms15140
https://doi.org/10.1038/ncomms15140
https://doi.org/10.1523/jneurosci.23-35-11167.2003
https://doi.org/10.1523/jneurosci.23-35-11167.2003
https://doi.org/10.1523/jneurosci.23-35-11167.2003
https://doi.org/10.1523/jneurosci.23-35-11167.2003
https://doi.org/10.1371/journal.pbio.0060159
https://doi.org/10.1371/journal.pbio.0060159
https://doi.org/10.1073/pnas.0811168106
https://doi.org/10.1073/pnas.0811168106
https://doi.org/10.1073/pnas.0811168106
https://doi.org/10.1073/pnas.0811168106
https://doi.org/10.1111/epi.16864
https://doi.org/10.1111/epi.16864
https://doi.org/10.1111/epi.16864
https://doi.org/10.1111/epi.16864
https://doi.org/10.1038/srep27249
https://doi.org/10.1038/srep27249
https://doi.org/10.1103/physreve.72.036217
https://doi.org/10.1103/physreve.72.036217
https://doi.org/10.1103/physreve.51.5033
https://doi.org/10.1103/physreve.51.5033
https://doi.org/10.1103/physreve.51.5033
https://doi.org/10.1103/physreve.51.5033
https://doi.org/10.1017/CBO9780511977671
https://doi.org/10.1088/0305-4470/39/22/r01
https://doi.org/10.1088/0305-4470/39/22/r01
https://doi.org/10.1088/0305-4470/39/22/r01
https://doi.org/10.1088/0305-4470/39/22/r01
https://doi.org/10.1103/physrevlett.23.17
https://doi.org/10.1103/physrevlett.23.17
https://doi.org/10.1103/physrevlett.23.17
https://doi.org/10.1103/physrevlett.23.17
https://doi.org/10.1103/physreve.89.042102
https://doi.org/10.1103/physreve.89.042102
https://doi.org/10.1017/CBO9780511977671
https://doi.org/10.1103/physreve.93.032322
https://doi.org/10.1103/physreve.93.032322
https://doi.org/10.1371/journal.pone.0050276
https://doi.org/10.1371/journal.pone.0050276
https://doi.org/10.1073/pnas.1515105113
https://doi.org/10.1073/pnas.1515105113
https://doi.org/10.1073/pnas.1515105113
https://doi.org/10.1073/pnas.1515105113
https://doi.org/10.1073/pnas.1712989115
https://doi.org/10.1073/pnas.1712989115
https://doi.org/10.1073/pnas.1712989115
https://doi.org/10.1073/pnas.1712989115
https://doi.org/10.1523/jneurosci.6693-10.2011
https://doi.org/10.1523/jneurosci.6693-10.2011
https://doi.org/10.1523/jneurosci.6693-10.2011
https://doi.org/10.1523/jneurosci.6693-10.2011
https://doi.org/10.1103/revmodphys.77.137
https://doi.org/10.1103/revmodphys.77.137
https://doi.org/10.1103/revmodphys.77.137
https://doi.org/10.1103/revmodphys.77.137
https://doi.org/10.1038/srep05990
https://doi.org/10.1038/srep05990
https://doi.org/10.1103/physrevlett.93.174102
https://doi.org/10.1103/physrevlett.93.174102
https://doi.org/10.1007/978-3-319-29228-1_7
https://doi.org/10.1007/978-3-319-29228-1_7
https://doi.org/10.1007/978-3-319-29228-1_7
https://doi.org/10.1038/s41598-018-28236-w
https://doi.org/10.1038/s41598-018-28236-w
https://doi.org/10.1088/0256-307x/32/6/060502
https://doi.org/10.1088/0256-307x/32/6/060502
https://doi.org/10.1103/physrevlett.101.264103
https://doi.org/10.1103/physrevlett.101.264103
https://doi.org/10.1016/j.physd.2009.04.012
https://doi.org/10.1016/j.physd.2009.04.012
https://doi.org/10.1016/j.physd.2009.04.012
https://doi.org/10.1016/j.physd.2009.04.012

10P Publishing J.Phys.Complex. 2 (2021) 045002 (16pp) G Odor et al

] ZhuY, Zheng Z and Yang ] 2014 Phys. Rev. E 89 022914
] Cabral J, Hugues E, Sporns O and Deco G 2011 Neurolmage 57 130—9
] Sporns O, Tononi G and Kétter R 2005 PLoS Comput. Biol. 1 e42
] Landman B A et al 2011 Neurolmage 54 2854—66
] Delettre C et al 2019 Netw. Neurosci. 3 1038—50
] Eguiluz V M, Chialvo D R, Cecchi G A, Baliki M and Apkarian A 'V 2005 Phys. Rev. Lett. 94 018102
[83] van den Heuvel M P, Stam C J, Boersma M and Hulshoff P H E 2008 Neurolmage 43 528—39
] Kaiser M 2011 Neurolmage 57 892—907
] Humphries M, Gurney K and Prescott T 2006 Proc. R. Soc. B 273 503-11
] Ivkovi¢ M, Kuceyeski A and Raj A 2012 PLoS One 7 €35029
] Allard A and Serrano M A 2020 PLoS Comput. Biol. 16 ¢1007584
] Teimouri M and Gupta A K 2013 J. Data Sci. 11 403—14
] Burnham K P and Anderson D R 2002 Model Selection and Multimodel Inference: A Practical Information-Theoretic Approach 2nd
edn (New York: Springer)
] Watts D J and Strogatz S H 1998 Nature 393 4402
] Vaessen M J, Hofman P A M, Tijssen H N, Aldenkamp A P, Jansen ] F A and Backes W H 2010 Neurolmage 51 1106—16
] Hilgetag C C and Goulas A 2016 Brain Struct. Funct. 221 2361-6
[93] Humphries M D and Gurney K 2008 PLoS One 3 0002051
] Newman M E ] and Watts D ] 1999 Phys. Rev. E 60 733242
] Vogelstein J T 2021 Neurodata https://neurodata.io/ (accessed 20 September 2021)
] Roncal W G et al 2013 Migraine: mri graph reliability analysis and inference for connectomics 2013 IEEE Global Conf. Signal and
Information Processing pp 313—6
[97] Kiar G 2021 Stable ndmg-DWI Pipeline Release https://github.com/neurodata/m2g/releases/tag/v0.1.0 (accessed 20 September
2021)
] Desikan R S et al 2006 Neurolmage 31 968—80
] Klein A and Tourville ] 2012 Front. Neurosci. 6 171
[100] Traag V A, Waltman L and van Eck N J 2019 Sci. Rep. 9 5233
] Misic B, Betzel R, Nematzadeh A, Goni J, Griffa A, Hagmann P, Flammini A, Ahn Y Y and Sporns O 2015 Neuron 86 1518—-29
] Zhang F, Daducci A, He Y, Schiavi S, Seguin C, Smith R, Yeh C H, Zhao T and O’Donnell L J 2021 Quantitative mapping of the
brain’s structural connectivity using diffusion mri tractography: a review (arXiv:2104.11644)
Wedeen V ], Hagmann P, Tseng W Y [, Reese T G and Weisskoff R M 2005 Magn. Reson. Med. 54 1377-86
Odor G 2016 Phys. Rev. E 94 062411
Odor G and Kelling J 2019 Sci. Rep. 9 19621
Remme M and Wadman W 2012 PLoS Comput. Biol. 8 ¢1002494
Droste F, Do A L and Gross T 2013 J. R. Soc. Interface 10 20120558
Hellyer P, Jachs B, Clopath C and Leech R 2016 Neurolmage 124 85-95
Hellyer P, Clopath C, Kehagia A, Turkheimer F and Leech R 2017 PLoS Comput. Biol. 13 1005721
Kaiser M and Hilgetag C 2010 Front. Neuroinf. 4 8
Azouz R and Gray C 2000 Proc. Natl Acad. Sci. USA 97 81105
Hiitt M T, Jain M, Hilgetag C and Lesne A 2012 Chaos Solitons Fractals 45 6118
Rocha R, Kogillari L, Suweis S, Corbetta M and Maritan A 2018 Sci. Rep. 8 15682
Haimovici A, Tagliazucchi E, Balenzuela P and Chialvo D R 2013 Phys. Rev. Lett. 110 178101
Odor G 2019 Phys. Rev. E99 012113
Odor G 2004 Rev. Mod. Phys. 76 663—724
Kandel E R 2013 Principles of Neural Science 5th edn (New York: McGraw-Hill)
Grassberger P and de la Torre A 1979 Ann. Phys. 122 373
[119] Jbabdi S and Johansen-Berg H 2015 Brain Connectivity 1 169
[120] Hong H, Chaté H, Park H and Tang L H 2007 Phys. Rev. Lett. 99 184101
[121] Choi C, Ha M and Kahng B 2013 Phys. Rev. E 88 032126
[122] Juhész R, Kelling J and Odor G 2019 J. Stat. Mech. 053403
[123] Pazd D 2005 Phys. Rev. E 72 046211
[124] Odor G, Kelling J and Deco G 2021 Neurocomputing 461 696704
[125] Pikovsky A, Kurths J, Rosenblum M and Kurths J 2003 Synchronization: A Universal Concept in Nonlinear Sciences Cambridge
Nonlinear Science Series (Cambridge: Cambridge University Press)
[126] Ponce-Alvarez A, Deco G, Hagmann P, Romani G, Mantini D and Corbetta M 2015 PLoS. Comput. Biol. 11 1004100
[127] Deco G, Kringelbach M, Jirsa V and Ritter P 2017 Sci. Rep. 7 3095
[128] Orban G, Berkes P, Fisher ] and Lengyel M 2016 Neuron 92 530—43
] Deneve S and Machens C K 2016 Nat. Neurosci. 19 375-82
] Hainmueller T and Bartos M 2020 Nat. Rev. Neurosci. 21 153—68
] Odor G and Hartmann B 2018 Phys. Rev. E 98 022305
] Fontenele A J et al 2019 Phys. Rev. Lett. 122 208101
[133] Politi A and Rosenblum M 2015 Phys. Rev. E 91 042916
] Basnarkov L and Urumov V 2008 Phys. Rev. E78 011113
] Durstewitz D, Seamans ] K and Sejnowski T ] 2000 Nat. Neurosci. 3 1184
] Odor G and de Simoni B 2021 Phys. Rev. Res. 3 013106
] Mufioz M A, Juhész R, Castellano C and Odor G 2010 Phys. Rev. Lett. 105 128701

16


https://doi.org/10.1103/physreve.89.022914
https://doi.org/10.1103/physreve.89.022914
https://doi.org/10.1016/j.neuroimage.2011.04.010
https://doi.org/10.1016/j.neuroimage.2011.04.010
https://doi.org/10.1016/j.neuroimage.2011.04.010
https://doi.org/10.1016/j.neuroimage.2011.04.010
https://doi.org/10.1371/journal.pcbi.0010042
https://doi.org/10.1371/journal.pcbi.0010042
https://doi.org/10.1016/j.neuroimage.2010.11.047
https://doi.org/10.1016/j.neuroimage.2010.11.047
https://doi.org/10.1016/j.neuroimage.2010.11.047
https://doi.org/10.1016/j.neuroimage.2010.11.047
https://doi.org/10.1162/netn_a_00098
https://doi.org/10.1162/netn_a_00098
https://doi.org/10.1162/netn_a_00098
https://doi.org/10.1162/netn_a_00098
https://doi.org/10.1103/physrevlett.94.018102
https://doi.org/10.1103/physrevlett.94.018102
https://doi.org/10.1016/j.neuroimage.2008.08.010
https://doi.org/10.1016/j.neuroimage.2008.08.010
https://doi.org/10.1016/j.neuroimage.2008.08.010
https://doi.org/10.1016/j.neuroimage.2008.08.010
https://doi.org/10.1016/j.neuroimage.2011.05.025
https://doi.org/10.1016/j.neuroimage.2011.05.025
https://doi.org/10.1016/j.neuroimage.2011.05.025
https://doi.org/10.1016/j.neuroimage.2011.05.025
https://doi.org/10.1098/rspb.2005.3354
https://doi.org/10.1098/rspb.2005.3354
https://doi.org/10.1098/rspb.2005.3354
https://doi.org/10.1098/rspb.2005.3354
https://doi.org/10.1371/journal.pone.0035029
https://doi.org/10.1371/journal.pone.0035029
https://doi.org/10.1371/journal.pcbi.1007584
https://doi.org/10.1371/journal.pcbi.1007584
https://doi.org/10.1016/b978-0-12-386932-6.09988-9
https://doi.org/10.1016/b978-0-12-386932-6.09988-9
https://doi.org/10.1016/b978-0-12-386932-6.09988-9
https://doi.org/10.1016/b978-0-12-386932-6.09988-9
https://doi.org/10.1038/30918
https://doi.org/10.1038/30918
https://doi.org/10.1038/30918
https://doi.org/10.1038/30918
https://doi.org/10.1016/j.neuroimage.2010.03.011
https://doi.org/10.1016/j.neuroimage.2010.03.011
https://doi.org/10.1016/j.neuroimage.2010.03.011
https://doi.org/10.1016/j.neuroimage.2010.03.011
https://doi.org/10.1007/s00429-015-1035-6
https://doi.org/10.1007/s00429-015-1035-6
https://doi.org/10.1007/s00429-015-1035-6
https://doi.org/10.1007/s00429-015-1035-6
https://doi.org/10.1371/journal.pone.0002051
https://doi.org/10.1371/journal.pone.0002051
https://doi.org/10.1103/physreve.60.7332
https://doi.org/10.1103/physreve.60.7332
https://doi.org/10.1103/physreve.60.7332
https://doi.org/10.1103/physreve.60.7332
https://neurodata.io/
https://github.com/neurodata/m2g/releases/tag/v0.1.0
https://doi.org/10.1016/j.neuroimage.2006.01.021
https://doi.org/10.1016/j.neuroimage.2006.01.021
https://doi.org/10.1016/j.neuroimage.2006.01.021
https://doi.org/10.1016/j.neuroimage.2006.01.021
https://doi.org/10.3389/fnins.2012.00171
https://doi.org/10.3389/fnins.2012.00171
https://doi.org/10.1038/s41598-019-41695-z
https://doi.org/10.1038/s41598-019-41695-z
https://doi.org/10.1016/j.neuron.2015.05.035
https://doi.org/10.1016/j.neuron.2015.05.035
https://doi.org/10.1016/j.neuron.2015.05.035
https://doi.org/10.1016/j.neuron.2015.05.035
https://arxiv.org/abs/2104.11644
https://doi.org/10.1002/mrm.20642
https://doi.org/10.1002/mrm.20642
https://doi.org/10.1002/mrm.20642
https://doi.org/10.1002/mrm.20642
https://doi.org/10.1103/physreve.94.062411
https://doi.org/10.1103/physreve.94.062411
https://doi.org/10.1038/s41598-019-54769-9
https://doi.org/10.1038/s41598-019-54769-9
https://doi.org/10.1371/journal.pcbi.1002494
https://doi.org/10.1371/journal.pcbi.1002494
https://doi.org/10.1098/rsif.2012.0558
https://doi.org/10.1098/rsif.2012.0558
https://doi.org/10.1016/j.neuroimage.2015.08.069
https://doi.org/10.1016/j.neuroimage.2015.08.069
https://doi.org/10.1016/j.neuroimage.2015.08.069
https://doi.org/10.1016/j.neuroimage.2015.08.069
https://doi.org/10.1371/journal.pcbi.1005721
https://doi.org/10.1371/journal.pcbi.1005721
https://doi.org/10.3389/fninf.2010.00008
https://doi.org/10.3389/fninf.2010.00008
https://doi.org/10.1073/pnas.130200797
https://doi.org/10.1073/pnas.130200797
https://doi.org/10.1073/pnas.130200797
https://doi.org/10.1073/pnas.130200797
https://doi.org/10.1016/j.chaos.2011.12.011
https://doi.org/10.1016/j.chaos.2011.12.011
https://doi.org/10.1016/j.chaos.2011.12.011
https://doi.org/10.1016/j.chaos.2011.12.011
https://doi.org/10.1038/s41598-018-33923-9
https://doi.org/10.1038/s41598-018-33923-9
https://doi.org/10.1103/physrevlett.110.178101
https://doi.org/10.1103/physrevlett.110.178101
https://doi.org/10.1103/physreve.99.012113
https://doi.org/10.1103/physreve.99.012113
https://doi.org/10.1103/revmodphys.76.663
https://doi.org/10.1103/revmodphys.76.663
https://doi.org/10.1103/revmodphys.76.663
https://doi.org/10.1103/revmodphys.76.663
https://doi.org/10.1016/0003-4916(79)90207-0
https://doi.org/10.1016/0003-4916(79)90207-0
https://doi.org/10.1089/brain.2011.0033
https://doi.org/10.1089/brain.2011.0033
https://doi.org/10.1103/physrevlett.99.184101
https://doi.org/10.1103/physrevlett.99.184101
https://doi.org/10.1103/physreve.88.032126
https://doi.org/10.1103/physreve.88.032126
https://doi.org/10.1088/1742-5468/ab16c3
https://doi.org/10.1103/PhysRevE.72.046211
https://doi.org/10.1103/PhysRevE.72.046211
https://doi.org/10.1016/j.neucom.2020.04.161
https://doi.org/10.1016/j.neucom.2020.04.161
https://doi.org/10.1016/j.neucom.2020.04.161
https://doi.org/10.1016/j.neucom.2020.04.161
https://doi.org/10.1371/journal.pcbi.1004100
https://doi.org/10.1371/journal.pcbi.1004100
https://doi.org/10.1038/s41598-017-03073-5
https://doi.org/10.1038/s41598-017-03073-5
https://doi.org/10.1016/j.neuron.2016.09.038
https://doi.org/10.1016/j.neuron.2016.09.038
https://doi.org/10.1016/j.neuron.2016.09.038
https://doi.org/10.1016/j.neuron.2016.09.038
https://doi.org/10.1038/nn.4243
https://doi.org/10.1038/nn.4243
https://doi.org/10.1038/nn.4243
https://doi.org/10.1038/nn.4243
https://doi.org/10.1038/s41583-019-0260-z
https://doi.org/10.1038/s41583-019-0260-z
https://doi.org/10.1038/s41583-019-0260-z
https://doi.org/10.1038/s41583-019-0260-z
https://doi.org/10.1103/physreve.98.022305
https://doi.org/10.1103/physreve.98.022305
https://doi.org/10.1103/physrevlett.122.208101
https://doi.org/10.1103/physrevlett.122.208101
https://doi.org/10.1103/physreve.91.042916
https://doi.org/10.1103/physreve.91.042916
https://doi.org/10.1103/physreve.78.011113
https://doi.org/10.1103/physreve.78.011113
https://doi.org/10.1038/81460
https://doi.org/10.1038/81460
https://doi.org/10.1103/physrevresearch.3.013106
https://doi.org/10.1103/physrevresearch.3.013106
https://doi.org/10.1103/physrevlett.105.128701
https://doi.org/10.1103/physrevlett.105.128701

	Modelling on the very large-scale connectome
	1.  Introduction
	2.  Human connectome topology
	2.1.  Degree distribution
	2.2.  Small-world topology
	2.3.  Graph (topological) dimension
	2.4.  Universality and homeostasis

	3.  Critical dynamics of discrete threshold models on the connectome
	4.  Critical synchronization dynamics on the connectome
	5.  Conclusions and outlook
	Acknowledgments
	Data availability statement
	ORCID iDs
	References


