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Significance 

Nested neuronal networks exhibit 
scale-free activity in vivo, but 
there is a shortage of mechanistic 
models linking such hierarchical 
architectures with measurable 
dynamics. We advance here a 
Hierarchical Kuramoto model that 
directly links local and interareal 
synchronization dynamics with 
neuroimaging observables. The 
model revealed an extended 
regime of critical-like dynamics 
with in-vivo like long-range 
temporal correlations, avalanche 
dynamics, and functional 
connectivity. We found unique 
forms of structure–function 
coupling, maximization of 
model-experiment similarity, and 
emergence of multifrequency 
balance in this regime. These 
results suggest that resting-state 
brain activity operates largely on 
the subcritical side of an 
extended critical regime and 
show how anatomical hierarchy 
and heterogeneous coupling 
shape large-scale dynamics. 

The brain operates at the critical transition between order and disorder which supports 
optimal information processing. Whole-brain computational modeling is a powerful 
tool for uncovering the system-level mechanisms behind large-scale brain activity in 
both healthy and pathological states. However, most previous approaches have focused 
on either functional connectivity or criticality, making it difficult to capture both aspects 
simultaneously. Here, we introduce a method based on a Hierarchical Kuramoto model 
that incorporates two levels of hierarchy. In our model, each node contains a large 
number of coupled oscillators, which allows us to examine both local synchronization 
and long-distance interactions between brain regions. The model produces critical-
like dynamics marked by emergent long-range temporal correlations (LRTCs) and 
both interareal phase synchronization and amplitude cross-correlations (CC) during 
the transition from asynchronous to synchronous states. Notably, structure–function 
coupling shows distinct patterns: correlations with structural connectivity peak at 
criticality for LRTCs and CC, but decay for local and interareal phase synchronization. 
Comparisons with human resting-state magnetoencephalography (MEG) data reveal 
that the model’s behavior most closely resembles MEG phase synchronization and 
multipeak power spectra on the subcritical side of an extended critical regime, 
supporting the hypothesis that the human brain operates in this state. 

brain oscillations | criticality | computational modeling | kuramoto | MEG 

Electrophysiological brain activity is characterized by neuronal oscillations—rhythmic 
excitability fluctuations arising with frequency-specific synaptic mechanisms in neuronal 
micro- and macrocircuits (1). Human brains in vivo exhibit moderate levels of long-range 
phase synchronization of neuronal oscillations in both intracerebral stereo-EEG (iSEEG) 
(2, 3) and noninvasive magneto- and electroencephalographic (M/EEG) recordings 
(4–6). Synchronization plays a mechanistic role in regulating neuronal communication 
in distributed brain networks (7–9) underlying cognitive functions (10–12). In contrast, 
both hypo- and hypersynchronization constitute core pathophysiological mechanisms in 
neurological disorders including epilepsy (3, 13), Parkinson’s disease (14), as well as in 
neuropsychiatric diseases, e.g., depression (15). 

Electrophysiological methods such as M/EEG and SEEG in humans (Fig. 1A) provide 
millisecond-scale temporal resolution required to observe oscillations in frequency 
ranges from 1 to >200 Hz. Typically, data from these recordings are filtered to 
obtain narrow-band analytic time series (Fig. 1B) and observables, such as local 
power spectra (Fig. 1C ), and amplitude time series are then used as proxy measures 
for local (within-parcel) neuronal synchronization. Functional connectivity (FC) of 
interareal interactions could be estimated with pairwise interareal amplitude correlation 
(Fig. 1 D and F ) and phase synchronization (Fig. 1 E and G), or their multivariate 
counterparts. Neuronal oscillations exhibit remarkable variability across individuals 
in their power and levels of interareal coupling. This variability is functionally 
significant as it explains, e.g., difference in cognitive performance (16) and neurological 
state (13). 

The framework of criticality provides a statistical physics perspective to understanding 
these neuronal dynamics and their variability. The “critical brain” hypothesis (17–20) 
proposes that the operating point (OP) of neuronal systems in vivo lies at the phase 
transition between subcritical (disordered) and supercritical (ordered) phases in the 
system’s state space. Operation at this critical point leads to the emergence of scale-free 
spatiotemporal correlations, observable both as long-range temporal correlations [LRTCs, 
(18)] and power-law scaled avalanches (19), and yields several functional advantages, 
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Fig. 1. General representation of an experimental pipeline. (A) Summary of imaging and data processing methods, with T1-weighted MRI (MRI) for anatomical 
parcellation, Diusion-weighted imaging (DWI) MRI for structural connectome reconstruction, and MEG for functional data acquisition. (B1) MEG signals from 
the two representative parcels in (A) showing the broadband signal (gray) overlaid with the narrow-band filtered signal at 10 Hz, its phase and envelope. (B2) 
Phase heatmap of MEG signals across channels, with low-amplitude regions shown as transparent. (C) Power spectral density (PSD) for the two parcels. (D) 
Two-dimensional histogram of amplitudes for the 10 Hz parcel signals in (B). (E) Distribution of phase dierences between a pair of MEG signals, with a weighted 
phase lag index (wPLI) of 0.39. (F ) Heatmap of pairwise orthogonalized amplitude correlations (oCC) of alpha-band MEG signals (10 Hz). (G) Pairwise wPLI matrix 
of alpha-band MEG signals (10 Hz). Modeling pipeline. (H) On top level, the model is made of multiple interconnected nodes where each node represents a 
single brain region. Each node comprises a large amount of Kuramoto oscillators with central frequency 𝜔 and intranodal coupling strength of Kn. The complex 
average across oscillators yields the node time series of which the absolute value is node order (R) that is comparable with oscillation amplitude in MEG (B). 
I1 Node time series and corresponding phase I2 for two model nodes. (J) Power spectral density of the real part of simulated time series. (K ) Two-dimensional 
histogram of amplitudes for two simulated signals. (L) Phase dierence distribution for two simulated signals, with an example PLV value of 0.35. (M) Pairwise 
amplitude correlation heatmap for simulated time series. (N) Pairwise PLV matrix of simulated signals. 

including maximized information capacity (20), complexity (21), 
dynamic range (22), and transmission rate (23). 

OP indicates the system’s position in the state space and 
is regulated by underlying control parameters including the 
excitation–inhibition (E/I) balance that is maintained both by 
fast neurotransmission (24–26), slow neuromodulation (27, 28) 
where the ascending reticular arousal system is a potent dynamic 
modulator (29), and the topology of structural connectivity (SC) 
between brain areas (30, 31). A given OP is associated with 
specific emergent dynamics, which can be operationalized with 
a range of synchronization and criticality observables (18, 19, 
25, 32–34). Because neither the control parameters nor the 
system’s states are observable from measurement data, their rela-
tionships with observables have remained a topic of interest (35), 

whereas computational modeling is a useful method for studying 
the effect of system control parameters on its dynamics. 

Numerous computational models have been developed to 
investigate the principles underlying whole-brain neural dynam-
ics (36–39). These models are made “whole-brain” relevant 
by connecting the model’s nodes into a network with weights 
obtained from the structural connectome of human white-
matter connections measured with diffusion tensor spectrum 
(40). Whole-brain scale neural dynamics has been modeled, e.g., 
with the Wilson–Cowan model (41), neural mass models (42), 
and the Kuramoto model (43). In particular, patterns of interareal 
functional connectivity have been addressed with neural mass 
models (44) and Hopf models (45), and have also been used as a 
neuronal correlation proxy for functional MRI (fMRI) (46, 47). 
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Computational models in criticality research have traditionally 
focused on neuronal avalanches using branching-process formu-
lations (48), Ising models from statistical physics (49) or spiking 
models (50), which do not capture oscillatory phenomena such as 
synchronization dynamics. Models such as the critical oscillations 
(CROS) model, show that networks of excitatory and inhibitory 
neurons may also exhibit oscillations with emergent LRTCs 
and avalanche dynamics (25, 51, 52). Nevertheless, neuron-level 
models have been largely used to represent local populations 
rather than whole-brain-scale dynamics, and synchronization 
therein is an emergent phenomenon rather than an explicitly 
modeled mechanism. On a whole-brain scale, neurophysiology-
inspired population models based on oscillators with intrinsic 
amplitude dynamics (53–55) have been shown to give rise 
to synchronization phenomena and can be tuned to operate 
in a region with metastable dynamics. However, evidence for 
criticality in these models, e.g., emergence of LRTCs, has 
remained limited. 

The Kuramoto model is one of the foundational models of 
critical synchronization dynamics and captures the emergence 
of self-organized synchrony in a system of coupled oscillators 
(56). The model exhibits a phase transition between subcritical 
(asynchronous) and supercritical (synchronous) phases, which 
is characterized by emergence of critical-like dynamics, such 
as LRTCs (32) and avalanches (57). Prior research using 
Kuramoto modeling in the neuroscience context has repre-
sented the activity of neuronal populations within cortical 
areas with single Kuramoto oscillators coupled by realistic 
interareal SC (58). This approach thus provides insight into 
whole-brain network dynamics but does not yield node-level 
observables, such as order fluctuations or LRTCs, which are 
essential markers for critical dynamics. Another approach for 
using the Kuramoto model represents a neuronal system as 
either a single (59, 60) or two large populations (61, 62) of 
oscillators, which captures critical-like dynamics at a “local” level 
similarly to the CROS model, but does not extend the model 
into structural-connectivity defined whole-brain scale networks. 
Therefore, there has remained a shortage of models that a) are 
directly comparable with large-scale recordings such as MEG 
or EEG in terms of scales and observables, b) capture local 
and interareal synchronization dynamics concurrently, and c) 
exhibit critical-like dynamics including LRTCs and avalanche 
dynamics. 

We present here a hierarchical extension of the classic 
Kuramoto model. Hierarchical Kuramoto consists of a whole-
brain network where each node itself is a system of a large number 
of oscillators. This two-level architecture yields separable local 
and interareal synchronization dynamics, and consequently also 
interareal order/amplitude correlation dynamics, which are not 
available in the classical “flat” Kuramoto model where a single 
population yields only either interareal phase synchronization 
(between oscillators) or local order dynamics (across oscillators). 
The hierarchical configuration is thus essential for enabling 
direct comparability with the local and interareal brain dynamics 
observables in neuroimaging data. We first established the 
emergence of LRTCs and avalanche dynamics in the Hierarchical 
Kuramoto model at criticality. We then used this model to 
investigate how structure–function coupling depends on the 
operating point of the system. Finally, to estimate the likely range 
of operating points in human brain dynamics, we asked where in 
the parameter space the emergent model dynamics best match the 
experimental multiscale dynamics and the power spectra observed 
with MEG. 

Results 

Whole-Brain Model of Critical Oscillations. Brain activity 
emerges through interactions on both micro- and macroscopic 
scales from small neuronal assemblies to large neuronal systems 
observable with noninvasive electrophysiological methods such 
as MEG (Fig. 1A). Complex interactions across micro to large 
scale dynamics give rise to oscillatory phenomena with the rich 
phase and amplitude dynamics at different time-scales (Fig. 1B), 
which are measurable, e.g., with observables such as power spectra 
(Fig. 1C ), amplitude correlation (Fig. 1 D and F ), and phase 
synchronization typically operationalized with phase locking 
value (PLV) or weighted phase-lag index (wPLI) (Fig. 1 E and G). 

Synchronous postsynaptic currents in tens of thousands of 
pyramidal neurons in the cerebral cortex are the key generators 
of MEG and EEG signals, of which the amplitude reflects 
the degree of neuronal synchronization. It has been estimated 
that synchronization of these postsynaptic potentials accounts 
between 90 and 99% of the oscillation amplitude in MEG/EEG 
recordings (63–65). To concurrently capture and dissect intra-
and interareal synchronization dynamics, we designed a two-
level model where each node was a full system of Kuramoto 
oscillators (56), analogously to each cortical area containing a 
large population of neurons. The oscillators were directionally 
coupled within each node with coupling weighted by the local 
control parameter K (Fig. 1H , see Materials and Methods for 
details). These local synchronization dynamics, internal to each 
node (Fig. 1 H and I ), were similar to the local neocortical 
synchronization dynamics observable in vivo MEG oscillation 
amplitude fluctuations (Fig. 1B) both phenomenologically and in 
terms of their observables. Because noninvasive electrophysiologi-
cal methods primarily resolve only local and interareal dynamics, 
two levels represent the maximum hierarchical depth inferable 
with MEG/EEG data. 

On the whole-brain level of hierarchy, we defined the inter-
action between the nodes with the directional phase-difference 
of respective complex node time series weighted by node order 
and strength of white-matter structural connections between 
the nodes (Materials and Methods). The local synchronization 
fluctuations (Fig. 1I ) were paralleled by interareal FC in the 
forms of amplitude (order) correlations (Fig. 1 K and M ) and 
phase synchrony (Fig. 1 L and N ), again with phenomenological 
similarity with those observed in MEG data. 

Although both empirical and modeling work indicates that 
conduction delays shape large-scale phase relations (66–68), 
we focused here on how local and global coupling strengths 
control oscillatory dynamics to limit the scope of the present 
study. Nonetheless, the flexible architecture of the model readily 
allows the inclusion of conduction delays and an implementation 
supporting them is available in the public repository. 

Local and Global Control Parameters Shape the Model Critical– 
Like Dynamics. The critical brain hypothesis posits that neural 
networks in vivo operate near a critical point between order and 
disorder characterized by moderate levels of synchronization to 
optimize computational capabilities and adaptability (20, 24, 69). 
Such critical region in the state space emerges from a position in 
parameter space. In network models, these parameters could be 
local and global coupling strengths (Fig. 2A). A phase transition 
spans desynchronization to near-complete synchronization at 
both node and interareal levels, which is operationalized with 
node order and internode phase synchronization, respectively. 
The critical dynamics emerge at the phase transitions where 
oscillations are characterized by LRTCs, operationalized using 
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Fig. 2. Phase transition and emergence of critical-like dynamics in Hierarchical Kuramoto Model. (A) Simplified representation of the parameter space of 
two-level Hierarchical Kuramoto, illustrating two key control parameters: local coupling strength (K) and global coupling strength (L). Colored dots indicate 
three distinct parameter combinations giving rise to unique operating points in the subcritical, critical, and supercritical parts of the state space, leading to 
observables such as synchronization and long-range temporal correlations (LRTCs). (B) Exemplar time series generated with the model from subcritical, critical, 
and supercritical regimes states. (C) Detrended fluctuation analysis (DFA) fits and their exponents (DFAexp) for each regime. (D) An average model order as a 
function of local coupling strength (K). One line represents a single model node. (E) DFA exponent (DFAexp) as a function of local coupling strength (K), where 
each line represents a single model node. The red dashed line indicates a 95-th percentile of DFA exponent obtained from surrogate data (white noise). (F ) 
Average model order (blue) and DFAexp (red) as a function of local coupling strength (K). Dashed black lines indicate the critical ridge with average DFAexp ≥ 0.6. 
Shaded areas represent SE CI (± SD√

N 
, where N = 24 models). (G) Heatmaps of average order (Left) and DFAexp (Right) across model nodes as functions of local 

(K) and global (L) coupling strengths. Dashed white lines indicate the critical ridge, defined as a region where average DFAexp ≥ 0.6. (H) Average Phase Locking 
Value (PLV, green) and cross-correlation (CC, purple) as functions of local coupling strength (K). (I) Heatmaps of PLV (Left) and CC (Right) averaged across edges, 
as functions of local (K) and global (L) coupling strengths. (J) CDF for the reference power-law distribution with scaling exponent = −3 

2 , subcritical, critical, and 
supercritical models. (K ) 𝜅-index and DFAexp as a function of K. The horizontal black line indicates where 𝜅-index equals 1, the vertical dashed black line indicates 
where DFA exponent peaks. (L) Heatmap of average 𝜅-index as a function of both model control parameters. The dashed black lines indicate the critical region 
defined the same as in previous panels. 

Detrended Fluctuation Analysis (DFA, Fig. 2 B and C ) these 
peaking at the critical phase transition. 

To assess the emergence of critical dynamics in our model, we 
first used a single-subject SC matrix to define interareal coupling 
weights (SC-informed model). We then simulated resting-state 
activity (see SI Appendix for details) and computed the DFA 
exponent for each node of the simulated time series as a function 
of the local coupling coefficient (K). 

We found that the hierarchical approach effectively modeled 
the critical transition at the individual node level from low to 

high local synchronization (Fig. 2D). This transition featured a 
peak in the DFA scaling exponent near 1, indicating critical-like 
dynamics (Fig. 2E). Notably, LRTCs emerged across a range of 
model control parameters rather than at a single point. We define 
this range as an extended critical regime where more than 10% 
of nodes exhibit DFAexp ≥ 0.65. 

Next, we extended the analysis by varying global coupling 
(L) and local coupling (K) strength simultaneously. We created a 
cohort of structural-connectome-informed models (N = 24) and 
analyzed the behavior of intra- and internode level observables. 
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At the nodal level, we found that the DFA exponent peaks 
during the phase transition of the node order (Fig. 2F ). On the 
K-L surface defined as the DFA exponent as a function of both 
control parameters, the critical region was represented by a linear 
critical ridge (defined as a region where average DFAexp ≥ 0.6) 
and reached a maximum when local coupling was slightly higher 
than global (Fig. 2G). 

Internodal interaction dynamics showed a transition from near 
zero synchronization to almost perfect synchrony, albeit the cross-
correlation between node order time series peaking during the 
transition period and its peak matching the critical region assessed 
with LRTCs (Fig. 2 H and I ). Unlike the DFA exponent that 
was maximized when K > L, the cross-correlation achieved the 
highest values when L > K . 

In addition to LRTCs (18), neuronal avalanches with power-
law size and lifetime distributions are another key hallmark of 
critical-like dynamics (19). To assess avalanche dynamics in the 
Hierarchical Kuramoto model, we first extracted the zero phase 
crossing events for each node oscillator (57), then defined a 
neuronal avalanche as any contiguous period during which this 
series exceeded its median, and finally the avalanche size as the 
total number of events during this period (SI Appendix, Fig. 
S1A, (70)). To estimate proximity to criticality, we computed 
the 𝜅-index that is a similarity metric between the observed 
cumulative distribution function (CDF) of avalanche sizes and an 
ideal power-law distribution with a scaling exponent of 𝛼 = −3 

2
(Fig. 2J , see SI Appendix for details) (25, 71). 

In line with studies on the branching process and spiking 
models (19, 72), we found that the model exhibited avalanches 
with power-law scaling with an exponent of −3 

2 at criticality. 
In the subcritical phase, the avalanche size distributions decayed 
exponentially for large avalanches while the supercritical phase 
exhibited a clear characteristic scale (SI Appendix, Fig. S1B). 
Avalanche size distributions approached the reference power 
law yielding 𝜅 < 1 in the subcritical regime, 𝜅 ≈ 1 near 
criticality, and 𝜅 > 1 in the supercritical regime (Fig. 2 K 
and L), which is well aligned with prior studies on avalanche 
dynamics in several kinds of systems, including the branching 
process, spiking neuronal systems, and the mean-field directed 
percolation universality class (20, 25, 33). 

To verify robustness of the results to alterations in the 
internodal connectome, we employed two control models: in 
the first model, the SC was log-transformed to verify that rare 
strong connections do not bias the results. Using the second 
model, we tested how sparseness in a connectome affects the key 
observables and randomly set K% (0–10–20–30–40%) of edges 
to zero preserving connectome symmetry. We found these control 
models to be phenomenologically identical to the models based 
on the original connectome, with very similar phase transition 
from disorder to order and emergence of LRTCs at the transition 
(SI Appendix, Figs. S2 and S3). 

Interaction-Specific Breakdown or Maximization of In Silico 
Structure–Function Coupling at Criticality. The SC is a back-
bone of functional relations in the brain and previous studies 
have shown that models initialized with the human structural 
connectome can reconstruct patterns of resting-state networks 
(31, 73). Although their primary focus was specific features of 
activity, such as FC, they did not investigate behavior of multiple 
observables at once and impact of operating point on structure– 
function correlations. 

To analyze relationships between the model’s structural 
architecture and oscillatory dynamics, we employed the in 

silico pipeline and computed the Pearson correlation coefficient 
between internode connection weights of a SC-informed model 
and observables of oscillatory dynamics. We correlated node 
strength (NS, average SC of a node) with node-level observables 
(e.g., order, DFA exponent), and internode statistics [e.g., 
edge strength of PLV/amplitude cross-correlation (CC)] were 
correlated with edge weights (Fig. 3A). 

Investigating the structure–function coupling in the model 
at the individual node level, we found that node order was 
positively correlated with node strength, increasing slightly from 
the subcritical to the critical region, dipping at criticality, and 
then increasing sharply in the supercritical region (Fig. 3B). The 
correlation between the DFA exponent and NS, on the other 
hand, fluctuated around zero in the subcritical region, peaked 
at criticality, and became strongly negative in the supercritical 
zone (Fig. 3C ). A similar phenomenon was observed on the K-L 
surface where DFA vs. structure correlation was maximized in 
the critical region (Fig. 3C ). 

At the edge level, the correlation between edge strength and 
CC resembled the patterns observed with the DFA exponent, 
peaking at criticality while remaining low in both subcritical 
and supercritical zones (Fig. 3E). The correlation between PLV 
and edge strength exhibited a unimodal shape, with a wide 
peak on the subcritical side and a drop around the critical 
peak (Fig. 3D). Unlike other observables, PLV showed higher 
correlation with SC in regions where global coupling was stronger 
than local coupling (Fig. 3D). Phenomenologically similar results 
were observed with control models computed obtained with log-
transformed internode connectome and for different degrees of 
connectome sparsiness (SI Appendix, Figs. S4 and S5). 

These results demonstrated that synchronization and criticality 
in oscillatory dynamics were associated with unique correlation 
regimes between structural and functional properties. In the 
critical regime, the correlations between edge weights and intra-
or interareal synchronization decreased, whether LRTCs and 
cross-correlations reached their peak. 

Brain Dynamics During the Resting-State Are the Most Cor-
related with Observables on Subcritical Side of the Extended 
Critical Regime. Having mapped how local and global coupling 
shape oscillatory dynamics in silico (Figs. 2 and 3), we next tested 
where in the K-L surface the model observables best match those 
of resting-state MEG. To answer this question we computed key 
observables of oscillatory dynamics for resting-state MEG data, 
including the weighted Phase Lag Index (wPLI), DFA exponents, 
and orthogonalized amplitude cross-correlation (oCC, Fig. 4A, 
see SI Appendix for details). For wPLI and oCC we also included 
in the analysis the average value across edges that belonged to the 
same node (node strength). 

Next, we computed analogous observables for simulated data 
but operationalized phase synchronization with PLV instead of 
wPLI (Fig. 4B). Finally, to evaluate the model-data similarity, we 
estimated Pearson’s correlation coefficients between observables 
from model nodes/edges and MEG parcels/edges corresponding 
to the same anatomical regions. 

We first assessed the MEG similarity as a function of narrow-
band data frequency. The model showed the most similar 
dynamics to the low-frequency activity, particularly in the theta 
frequency range (3 to 8 Hz) for the DFA exponent and node- and 
edge-level phase-synchronization (Fig. 4C ). However, the ampli-
tude correlation exhibited several significant peaks including at 
theta (4.75 Hz), alpha (12.3 Hz), and beta frequencies (28.3 Hz). 

To test whether the similarities were a product of the realistic 
structural connectome, we computed the same model-MEG 
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Fig. 3. Modeling reveals diverse forms of Structure–Function coupling around the phase transition. (A) Analysis pipeline: The SC matrix of an individual is used 
to construct an SC-informed Kuramoto model, where edge coupling weights are derived from the SC. The model generates time series, from which observables 
such as Phase Locking Value (PLV), DFA exponent (DFAexp), order, and amplitude cross-correlation (CC) are computed. Structure–function coupling is quantified 
as the correlation between these observables and structural measures (e.g., node strength or edge fiber count). (B–E) Correlation between model order and 
SC node strength (B), DFAexp and SC node strength (C), PLV and SC edge weight (D), node order cross-correlation and edge weight (E) as a function of local 
coupling strength (K). The orange line indicates Pearson correlation coeicient (𝜌), other colored lines represent a model observable. Shaded areas represent 
CIs based on SE. On the bottom, heatmaps showing the Pearson correlation coeicient between the respective observables and structural measures (node 
strength or edge strength) as functions of local (K) and global (L) coupling strengths. The white contour outlines the critical ridge, defined as a region where 
average DFAexp ≥ 0.6, consistent with Fig. 2. 

correlations for data simulated with two null models: using 
the shuffled structural connectome and a random uniform. For 
these null models, the correlations were nonsignificant (Fig. 4C ) 
showing that realistic architecture of node connectivity was 
crucial to produce in vivo-like dynamics. 

Second, we asked how the similarity between simulations and 
MEG behaved as a function of model control parameters. For 
each observable, we investigated the frequency with the highest 
correlation between the model and MEG data. We found that 
the significant correlation for all observables included in the 
analysis was found along the critical ridge (Fig. 4 D–H ), which 
supports the notion that the human brain operates primarily on 
a subcritical side of the extended critical regime. 

The Spectral Properties of Oscillatory Activity Are Shaped by 
the Distribution of Underlying Frequencies and Position in the 
Critical State Space. Traditionally, oscillations are quantified by 
their magnitude, often using power spectral methods. Different 
system properties, such as interaction delays (45) or cortical layer 
organization (74), have been shown to regulate the shape of the 
spectra and the emergence of oscillatory modes. However, the 
role of a system operating point remains an open question. 

To replicate individual power spectral properties in the model, 
we aligned the oscillator frequency distribution with the shape of 
the recorded power spectrum (see Fig. 5A and SI Appendix for 
details). We first verified whether a model using a data-driven fre-
quency distribution would exhibit critical-like dynamics. Indeed, 
we found that initializing the model with a nonparametric distri-
bution of oscillator frequencies produced critical-like dynamics, 
with LRTCs emerging at the phase transition while preserving 
multifrequency activity (see SI Appendix, Fig. S6 A and B). 

Next, to assess the similarity between the real and simulated 
data, we computed PSD of the simulated and MEG data using the 
Welch method and estimated the Pearson correlation coefficient 
between them. In addition, we estimated the model frequency 
shift calculated by the absolute distance between the alpha peak 
in the model and the MEG spectra. 

Regions with low intranodal and high internodal coupling in 
the subcritical regime showed weak, almost absent peaks in the 
power spectrum. As the model approached the critical regime, 
oscillatory peaks gradually emerged and became dominated by the 
alpha band, closely matching those observed in the real MEG data 
(Fig. 5B). In the supercritical regime, a pronounced alpha peak 
appeared together with a slight spectral drift toward the weighted 
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Fig. 4. The model observables on the subcritical side of the extended critical regime most closely match the patterns seen in human MEG recordings. (A) 
MEG analysis pipeline: MEG recordings are source-modeled to derive parcel-level time series, filtered into narrowband signals (e.g., using Morlet wavelets), 
and used to compute observables such as phase synchronization matrices. (B) Modeling pipeline: using the SC-informed Kuramoto model, we simulated time 
series and derived observables—such as phase synchrony (PLV/wPLI) and LRTCs (DFA exponent)—comparable to those obtained from MEG data. (C) The 95th 
percentile of the Pearson correlation coeicient across the K-L surface between MEG and model observables as a function of frequency. The dashed horizontal 
line indicates the statistical significance threshold determined via spin-permutation tests. The dash-dotted line indicates the 95th percentile of correlations in 
null model obtained by shuling the structural connectome. The vertical dashed line highlights the frequency at which the correlation peaks. (D–H) Correlation 
maps and K-L surface slices for observables at the peak frequency identified in C. The Pearson correlation coeicient between simulated and MEG-derived DFA 
exponent (D), average phase-synchronization of a node (E), average cross-correlation of a node (F, edge phase synchrony (G), and edge cross-correlation (H) 
as a function of local (K) and global (L) coupling coeicients for frequency with maximum 95th percentile (C). Black dashed contours in the heatmaps indicate 
regions with statistically significant correlations (P < 0.01) based on spin-permutation tests. Black dashed contours delineate the critical ridge, defined as a 
region where average DFAexp ≥ 0.6, consistent with Figs. 2 and 3. The line plots at the bottom represent a slice of the K-L surface for the same L = 4. 

average of alpha (9.8 Hz) and beta (19.5 Hz) frequencies, yielding 
a weighted mean of 12.85 Hz (Fig. 5E). 

Quantifying the similarity between the model and the MEG-
derived power spectrum, we found that the highest correlation 
was achieved on the subcritical side of the extended critical 
regime, with high local and low global coupling strength, and 
decayed after the critical ridge (Fig. 5 C and D). To test whether 
data-driven initialization of oscillator frequencies improves the 
model-data similarity, we compared it to the null-model where 
oscillator frequencies were drawn from the Gaussian distribution 
with mean value set to the highest peak in the PSD of each node. 
We found that although such a model can reproduce the primary 
peak in the alpha peak frequency, the secondary peak in the beta 

band is absent (SI Appendix, Fig. S6C ). Quantitatively, among 
the top-10% model parameters selected by correlation, model-
data similarity is lower with the Gaussian initialization (mean 
0.81 vs. 0.92; SI Appendix, Fig. S6D). 

Discussion 

We present here a Hierarchical Kuramoto model that captures 
concurrently both functional-connectivity and brain-criticality 
phenomena and enables linking them across meso- and macro-
scopic scales of brain synchronization dynamics. Synchronization 
and criticality are interconnected in emergent brain activity so 
that their in vivo interindividual and -regional variability is 
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Fig. 5. Critical-like state supports multifrequency spectral properties. (A) Oscillator frequency distribution derived from parcel-level power spectral density 
(PSD) of real MEG recordings (Left panel), with the 1/f component subtracted (Middle panel) and are individually set for mode node that corresponds a brain 
area (Right panel). (B) Average PSD across model nodes (blue) compared with MEG-derived PSD (gray) for three regimes: subcritical, critical, and supercritical. 
Dashed vertical lines indicate the alpha (∼9.8 Hz) and beta (∼19.5 Hz) frequency peaks. The critical model aligns closely with MEG-derived PSD, while subcritical 
and supercritical regimes deviate. (C) Pearson correlation coeicient between MEG-derived and simulated PSD as a function of local (K) and global (L) coupling 
strengths (Upper panel). The black contour highlights the critical ridge defined as a region, where average DFAexp ≥ 0.6. The semitransparent area indicates 
regions without significant spectral peaks. Bottom panel: Correlation coeicient (blue) and average DFAexp (red) as functions of local coupling (K) for a fixed global 
coupling (L = 20). (D) Model PSD for dierent combinations of local (K) and global (L) coupling strengths, color-coded by their correlation with MEG-derived PSD, 
as shown in C. Simulated spectra with critical-like dynamics exhibit the most realistic multipeak structure. (E) Dierence between simulated and MEG alpha 
peak frequencies (ΔFalpha) averaged across model nodes as a function of control parameters. The white contour highlights regions with significant alignment of 
alpha peaks. Bottom panel: ΔFalpha (blue) and average DFAexp (red) as functions of local coupling (K), indicating the region of optimal alpha frequency alignment 
with critical-like dynamics. 

likely driven by variability in the underlying individual and local 
operating points (32). Thus, a generative model that integrates 
these two aspects is essential for studying brain dynamics and 
developing experimentally testable, mechanistic predictions. 

We assessed the plausibility of the model with three lines of 
inquiries. First, we found that the structure–function coupling in 
the model was both strongly dependent on the operating point 
in an opposing manner for phase synchronization and amplitude 
dynamics. Next, we tested the anatomical similarity between the 
model and resting-state MEG observables and found moderate to 
large correlations that peaked in the subcritical-side of the model’s 
extended critical regime across all observables. Finally, initializing 
oscillator frequencies from the MEG-derived PSD enabled the 
model to reproduce concurrent multifrequency oscillations that 
peaked at criticality and most closely matched MEG resting-state 
dynamics on the subcritical side of the extended critical regime. 
These findings thus establish a modeling framework for assessing 
how local and global operating points regulate emergent brain 
dynamics, opening avenues for mechanistic understanding of 
macroscale brain activity. 

Concurrent Modeling of Local and Global Critical Synchro-
nization Dynamics. Brain dynamics arise across scales, from 
microcircuits to macroscopic populations. Therefore, concurrent 
consideration of local and interareal dynamics is essential for 
modeling brain activity. Hierarchical methods have recently 
gained traction in modeling neuronal activity, where they 
have been used to combine models at different scales (75). 
For example, they can integrate both spiking and mean-field 
activity simultaneously to accurately predict the effects of deep 
brain stimulation (76) or simulate local and network-level 
interactions (77). 

Building on these advances, our framework adapts the 
Kuramoto approach to model synchronization directly, rather 
than through modeling the putative underlying biophysical 
mechanisms. Unlike neural-mass models or oscillators with in-
trinsic amplitude dynamics (e.g., Hopf or Stuart-Landau), where 
amplitude reflects the distance from equilibrium, expressing the 
node “amplitude” via the Kuramoto order parameter provides 
a direct and explicit measure of local synchronization. This is 
essential in the context of electrophysiological neuroimaging, 
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including MEG and EEG, where the local signal amplitude is 
primarily determined by local synchronization (1, 63–65). 

Extending a two-level hierarchical implementation of the 
Kuramoto model to the whole-brain scale, we found that 
simultaneous modeling of local and interareal synchronization 
dynamics reveals a multiscale transition from an asynchronous 
to a synchronized phase in both node order and interareal 
phase synchrony. With high-resolution multichannel data such 
as modern electrophysiological or imaging recordings that can 
capture massive amounts of individual neuronal signals, neuronal 
microcircuits, and larger meso- and macroscale population 
activities concurrently, this framework could be extended to three 
or more hierarchical levels, linking microcircuit, local, and large-
scale network dynamics. 

In biological networks, transitions from order to disorder are 
governed by the balance of excitation and inhibition, which 
controls the emergence and stability of synchronization. E/I 
balance is thus thought to be a key control parameter regulating 
synchronization in in vivo neuronal systems (24, 26, 71). 
While the Kuramoto model does not express synaptic neuronal 
interactions, such as the spiking and postsynaptic dynamics as 
in the CROS model (25, 52), it models the synchronization 
phenomenon itself. Indeed, both frameworks produce systems 
that exhibit a phase transition between disordered (asynchronous) 
and ordered (synchronized) states, with critical dynamics emerg-
ing at this transition. In addition, the emergence of amplitude 
cross-correlation peaked at criticality in both CROS (51) and 
Hierarchical Kuramoto frameworks show convergent discovery 
of unmodeled, emergent phenomena in both modeling ap-
proaches. Thus, although the coupling mechanisms and control 
parameters are distinct, spiking neuron and Kuramoto systems 
exhibit homologous dynamics and phenomenology across the 
phase transition. 

At the node level, the phase transition was associated with 
emergence of long-range temporal correlations (LRTCs) that 
evidence local critical-like dynamics (18, 33, 78). In interareal 
coupling, this phase transition in synchronization was associ-
ated with maximized node-order correlations, i.e., amplitude 
correlations of the local oscillations that largely reflect interareal 
coupling of local synchronization fluctuations in experimental 
data. Together with phase synchrony (3, 4, 10), amplitude 
correlations are a key mode of “functional connectivity” in human 
brain dynamics both at macro- (79) and mesoscopic levels (2). 

Although the structural phase-synchronization and amplitude-
correlation networks show considerable anatomical overlap (80), 
their underlying mechanisms may be distinct. Recent in vivo 
studies suggest that differences in phase and amplitude coupling 
can be explained by burst dynamics (81) or from regional 
variations in neurotransmitter density (82). Here, we extend these 
findings by showing that the two measures depend differently on 
the operating point: phase synchrony increases monotonically, 
whereas amplitude correlations follow a quadratic-like relation-
ship peaking at criticality. 

Unique Profiles of Structure–Function Coupling Across the 
Critical Phase Transition. Large-scale brain activity is shaped and 
constrained by interareal structural connectivity (SC) defined 
especially by white-matter axonal projections (83). Both fMRI 
and MEG studies have shown that functional connectivity 
networks are correlated with the SC networks but with notable 
anatomical variability in this structure–function coupling (SFC) 
(84–86). The relationship of SFC with brain criticality and the 
operating point of neuronal systems has, however, remained 
controversial. On one hand, computational modeling suggests 

that SC and FC decouple at criticality due to the emergence 
of correlations (functional connectivity) between areas that are 
not directly structurally connected (30). On the other hand, 
comparisons between modeled and fMRI resting-state networks, 
suggest that FC emerges directly from SC at criticality (73, 87). 
To address this conundrum, we assessed the anatomical similarity 
between SC and oscillatory dynamics as a function of the model’s 
operating point. Synchronization was strongly correlated with 
SC in the subcritical regime, but this relationship broke down 
at criticality as a result of emergent indirect correlations. Thus 
while SC constrains phase synchronization in the subcritical 
phase, even nodes with weak SC can synchronize via higher-
order interactions at criticality. However, in contrast with phase 
synchronization, both the local DFA exponents and interareal 
amplitude correlations exhibited the strongest correlations with 
SC at criticality. 

SFC has important implications for the controllability of 
the brain as a complex system. Differences in network struc-
ture suggest different roles in controlling brain states. Highly 
connected hub regions often have the strongest influence on 
network dynamics (88, 89). However, rather than operating to 
a single regime of dynamics, neuronal systems exhibit multiple 
distinct dynamical states (37, 90). Linear controllability has been 
assessed in a series of studies and approaches to brain modeling 
(88, 91, 92). Our findings show the emergence of nonlinear 
dynamics and second-order interactions at criticality, suggesting 
that in the critical regime linear control might be less effective 
than in the subcritical state. 

Model Dynamics Match Meg Data in the Subcritical Side of 
an Extended Critical Regime. The “critical brain” hypothesis 
suggests that the brain operates at intermediate levels of syn-
chronization near a phase transition between order and disorder 
(17, 20, 69) where power-law temporal correlations (18, 32, 33) 
and neuronal avalanches (33, 70, 93) emerge. 

Despite recent advances in approaches to measure the distance 
to criticality, observing the operating point of human brains in 
vivo has remained a central unresolved objective in the field 
(32, 34). Comparing computational model and experimental 
data is a well-established way to understand the effects of structure 
and mechanisms on emergent dynamics in complex systems (39). 
Human whole-brain scale modeling has shown that models tuned 
to criticality (31, 73), those operating at maximum metastability 
(45, 94), as well as the models based on Hopf oscillators achieve 
the greatest similarity with experimentally observed functional 
connectivity in fMRI (55) and MEG data (68). In addition, the 
CROS model tuned to criticality was also able to reproduce the 
distribution of DFA exponents found in MEG data (52). in vivo 
studies support these results and it was found that avalanche 
size distribution of spiking activity in rats is the most similar to 
models tuned to criticality (95), the anesthesia effect on criticality 
in rats (96), and the link between criticality in brain and behavior 
dynamics (18, 97, 98). 

Earlier studies have not assessed the model-experiment cor-
relations simultaneously for FC and criticality properties while 
both are dependent on the operating point. To address this, 
we compared the topographies of model observables with those 
in resting-state MEG. We were able to reproduce the observed 
patterns of MEG activity in controlled in-silico manipulations, 
changing to model control parameters while preserving all other 
system properties fixed (such as SC architecture). Throughout 
all studied observables, the greatest similarity between model 
and experimental observables was found systematically on the 
subcritical side of an extended critical regime. These findings thus 
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extend the prior studies with a line of evidence for the notion 
that most human individuals during resting-state operate on the 
subcritical side rather than at the peak or in the supercritical side 
of the critical regime. Although the model-MEG comparisons 
here leverage a correlative approach and thus do not provide 
causal inference about the state or operating point of human 
brains in vivo, the in silico modeling shows a causal association 
of control parameters, operating point, and emergent dynamics, 
which suggests that also in vivo these a mechanistic link between 
these constructs and observables. 

Scale-free statistics are not unique to critical phase transitions. 
Alternative mechanisms—including random-walk-like processes 
with memory, nonstationarity, and mixtures of states—can 
generate heavy-tailed or 1

f 𝛽 patterns, and avalanche exponents 
can be sensitive to thresholding, binning, and subsampling 
(70, 99–101). To mitigate these challenges, it is essential to 
extend the analytical approaches to include multiple observables 
of critical-like dynamics. Several lines of evidence in the present 
and prior studies support the notion of brains operating largely 
on the subcritical side of an extended critical regime (32, 102). In 
the present study, this is implied by several conditions: multiple 
independent observables (node-level LRTCs, interareal phase 
synchrony) showed the expected control-parameter-dependent 
changes along the K-L surface where phase synchrony and 
node order increased monotonically from the region with low 
control parameters to high while the DFA exponents peaked 
at the phase transition from low to high order. The peak in 
DFA-based LRTCs, which indicates critical-like dynamics, was 
colocalized with 𝜅 = 1, which corresponds to critical avalanche 
dynamics, as well as with the peak in amplitude correlations 
reflecting emergent second-order correlations. Structure-based 
controls (sparsified and shuffled/uniform null models) disrupted 
MEG-model similarity while still exhibiting phenomenologically 
similar behavior with, e.g., critical-like dynamics and structure– 
function coupling. These results together support the notion of 
the Hierarchical Kuramoto model exhibiting critical dynamics 
where the operating point is governed by the control parameters 
of the model. 

Excitation–inhibition balance, or excitability, as the primary 
control parameter for criticality in neuronal systems, exhibits 
continuous infraslow (0.01 to 0.1 Hz) fluctuations both during 
sleep (103) and awake resting (104, 105) as well as distinct 
differences between cognitive states (71). Modeling carried out in 
the present study was based on time-invariant control parameters, 
which yields insight into the specific nature of emergent dynamics 
along the control parameter axes. In addition, the in vivo 
variability in excitability thus suggests that the operating point 
of brains or brain systems fluctuates according to these control 
parameter variations. 

Operating Point Shapes Multifrequency Oscillatory Dynamics. 
The human brain exhibits oscillations at multiple frequencies 
concurrently (5, 106, 107) which are typically operationalized as 
peaks in the power spectrum (108). Prior studies have indicated 
that specific aspects of the power spectrum are influenced by 
factors such as delayed interactions (45), or cortical layers’ 
organization (74). However, typically models with only a single 
central frequency have been studied and the role of operating 
point in a system with several concurrent oscillation frequencies 
has remained unknown. 

Our results show that the spectral properties are defined by 
both the distribution of underlying oscillators’ frequencies and 
a system position in the critical state space. The shape of the 

PSD was primarily dictated by the frequency distribution of 
the oscillators. When this distribution aligned with the shape of 
the MEG-derived PSD, the model was able to reproduce key 
properties such as location of spectral peaks. The operating point 
regulates the emergence of multiple peaks, from an almost com-
plete absence of oscillations in the subcritical region to a singular 
frequency in the supercritical regime. Notably, in the subcritical-
to-critical regime, the model preserves a multimodal spectrum 
and achieves the highest similarity with PSD as observed in MEG 
experiments. Following these results, we propose that operating in 
this regime provides sufficient local synchronization to produce 
sustained oscillations, as indicated by significant peaks in the 
power spectrum, while also preserving the necessary variability in 
activity to support multifrequency dynamics. 

Criticality is a rapidly emerging framework in brain research 
that posits an operating point governing the variability in 
neuronal dynamics. However, the effect of this operating point 
on functional properties has remained unclear. In this work, 
we introduced a generative hierarchical framework for modeling 
critical-like dynamics that explicitly captures both local 
and interareal synchronization. Our model exhibits emergent 
multiscale dynamics that replicate several features of critical meso-
and macroscale brain activity observed in electrophysiological 
recordings. Importantly, the model captures key sources of 
biological heterogeneity that shape large-scale brain dynamics. 
Variability in structural connectivity naturally gives rise to 
regional differences in functional coupling, consistent with the 
empirically observed structure–function relationship. Likewise, 
the use of empirically derived oscillator frequency distributions 
explains the emergence of multiple spectral peaks in the simulated 
power spectra, mirroring those observed in MEG recordings. 

The results demonstrated the causal effect of the operating 
point on structure–function coupling and spectral properties 
of multifrequency oscillations in the model. We believe this 
approach highlights the importance of critical-like state in the 
complex dynamics and opens avenues for whole-brain modeling 
to investigate the role of control parameters on brain activity to 
guide personalized treatment strategies, such as targeted brain 
stimulation. 

Materials and Methods 

Hierarchical Kuramoto Model. We introduce a hierarchical extension of the 
Kuramoto model with multiple nodes comprising multiple locally coupled 
oscillators, analogously to the analysis of electrophysiological recordings, where 
each electrode or cortical parcel represents a large number of locally interacting 
neurons. The behavior of individual oscillators within a node is governed by three 
terms: 𝛿𝜙

n
i 

𝛿t = Natural + Internal + External + Noise, where Natural = wn 
i

represents a frequency of the i-th oscillator in the n-th node and 𝜙ni is the 
oscillator phase, 

Internal = Kn 
N 

N 
j=1 sin(𝜙

n 
j − 𝜙n 

i ). 
Representing dynamics internal for each node, where Kn is the local coupling 

parameter of the n-th node and N is the total number of oscillators within the 
node. In this context, the phase of each oscillator is shifted toward the average 
phase of oscillators within a node, 

External = 
k 

j=1 L
n,j 

∗ Wn,j 
∗ sin(Φj 

− 𝜙n 
i ) ∗ Rj . 

Representing interactions external to a node, where Ln,j is the coupling 
coefficient between the n-th and j-th nodes (global control parameter), Wn,j is 
the SC between the n-th and j-th nodes, Φj is the cyclic average of the phases 

of the j-th node defined as Φj = arg( 1 
N

N
q=1 e

i𝜙j
q ) and Rj is the order 

(complex modulus) of the j-th node. In this context, the phase of each oscillator 
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is compared to the average phase of other nodes and weighted by a target node 
order and edge strength while within-node oscillators are connected in all-to-all 
fashion with the weight equal to K. 

Noise = 𝜂n 
i is the white noise for the i-th oscillator in the n-th node. 

The detailed explanation and visualization of model parameters and their 
values for each experiment are shown in SI Appendix, Fig. S8 and Table S1. 

Data, Materials, and Software Availability. The simulation and the model 
code are deposited in the publicly available repository (https://github.com/ 
palvalab/hierarchical_kuramoto_zero) (109) include scripts needed to run the 
computational experiments mentioned in the study. The repository also contains 
a tutorial for the model usage and basic analysis. The MEG and DWI datasets 
generated and analyzed in the current study are not publicly available due to 
patient privacy limitations set forth in the Ethical Committee approval along 
with General Data Protection Regulation (GDPR) constraints. The full study 
protocol was approved by the HUS ethical committee (HUS/3042/2021 and the 
Finnish Medicines Agency (FIMEA/2022/002976), written informed consent was 

obtained from each participant prior to the experiment, and all research was 
carried out according to the Declaration of Helsinki. The details of MEG and DWI 
data recording processing can be found in SI Appendix. 
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