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Disentangling the critical 
signatures of neural activity
Benedetta Mariani2, Giorgio Nicoletti1, Marta Bisio3, Marta Maschietto3, 
Stefano Vassanelli2,3* & Samir Suweis1,2*

The critical brain hypothesis has emerged as an attractive framework to understand neuronal activity, 
but it is still widely debated. In this work, we analyze data from a multi-electrodes array in the rat’s 
cortex and we find that power-law neuronal avalanches satisfying the crackling-noise relation coexist 
with spatial correlations that display typical features of critical systems. In order to shed a light on the 
underlying mechanisms at the origin of these signatures of criticality, we introduce a paradigmatic 
framework with a common stochastic modulation and pairwise linear interactions inferred from our 
data. We show that in such models power-law avalanches that satisfy the crackling-noise relation 
emerge as a consequence of the extrinsic modulation, whereas scale-free correlations are solely 
determined by internal interactions. Moreover, this disentangling is fully captured by the mutual 
information in the system. Finally, we show that analogous power-law avalanches are found in more 
realistic models of neural activity as well, suggesting that extrinsic modulation might be a broad 
mechanism for their generation.

The critical brain hypothesis has been much investigated since scale-free neuronal avalanches were found in 
2003 by Beggs and Plenz1. By analyzing Local Field Potentials (LFPs) from cortical slices and cultures on chips, 
their seminal work showed that neural activity occurred in cascades, named neuronal avalanches. Remarkably, 
they found that both the sizes and the lifetimes of these avalanches were power-law distributed, with exponents 
surprisingly close to the ones of a critical mean-field branching process. Since then, such power-laws have been 
repeatedly observed in experiments2–7, giving rise to the idea that the brain might be poised near the critical 
point of a phase transition8–15. Yet, this hypothesis is still widely debated, and reconciling the different views and 
experimental results remains pressing.

On the one hand, many subsequent works showed that the presence of power-law avalanches is not a suf-
ficient condition for criticality, as they might emerge from different mechanisms16–20. A perhaps stronger test 
for criticality is whether the avalanche exponents satisfy the crackling-noise relation, a relation that connects 
the avalanche exponents to the scaling of the average avalanche size 〈s〉 with its duration T21–23, defined by the 
exponent �s(T)� ∼ Tδ . In particular, recent findings24–26 suggest that, while the avalanche exponents found in 
different experimental settings do vary, they all lay along the scaling line defined by the crackling-noise relation 
with a seemingly universal exponent δ ≈ 1.28 . Nevertheless, it was recently suggested that this relation can be 
fulfilled in different settings27 and even in models of independent spiking units, for a range of choices of the 
power-law fitting method28.

On the other hand, the debate about the “nature” of the transition is very much open, and thus its hypothetical 
universality class is poorly understood. In particular, recent works have proposed that the observed transition 
might be related to a synchronous-asynchronous one25,29–31 or a disorder-induced transition32, contrarily to the 
original hypothesis of a simpler critical branching process.

Arguably, a more fundamental signature of criticality is the presence of power-law correlations in space33,34. 
In particular, a key feature of both equilibrium and non-equilibrium systems is a correlation length that, in the 
thermodynamic limit, diverges at criticality. In finite systems, such scale-free correlations manifest themselves 
in a correlation length that scales with the system size. Yet, the study of these correlations has usually been 
applied at coarser scales, such as in whole-brain data32,35, and only recently in specific cortical areas36. When 
such spatial information is not available, phenomenological renormalization group procedures based on the 
correlation structure between the underlying degrees of freedom have been recently proposed, although with 
some limitations in their interpretability37,38.

All in all, these results still lack a unifying framework. In this work, we draw a possible path to reconcile these 
different signatures of criticality. First, we analyze spatially extended LFPs from the rat’s somatosensory barrel 
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cortex. The multi-electrodes array records LFPs from a whisker-related barrel column that spans vertically the 
six layers of the barrel cortex. We find both scale-free avalanches that satisfy the crackling-noise relation and 
signatures of criticality beyond avalanches in the form of spatial correlations with a characteristic length that 
grows linearly with the system size. Then, we introduce an archetypal framework in which the origin of these 
different signatures can be disentangled, considering both a paradigmatic model that can be tackled analytically 
and a more biophysically sound model. In doing so, we shed a light on the underlying mechanisms from which 
such properties of neural activity emerge. In particular, our work suggests that, whereas avalanches may emerge 
from an external stochastic modulation that affects all degrees of freedom in the same way, interactions between 
neural populations are the fundamental biological mechanism that gives rise to seemingly scale-free correlations.

Results
Scale‑free avalanches and correlations in LFPs.  In this work, we study LFPs activity in the primary 
somatosensory cortex of four rats using state-of-the-art spatially extended multi-electrodes arrays. The cortical 
activity is recorded through a 256-channels array organized in a 64 rows × 4 columns matrix with an inter-
electrode distance of 32 µm (see “Methods” and Fig. 1a). The avalanche statistics is analyzed in LFPs data follow-
ing standardized pipelines for their detection (see “Methods”)2,5,40, and we report a full statistical analysis of our 
dataset in41. The distribution p(s) of the avalanches sizes and of the avalanche duration p(T) are computed and 
fitted using a corrected maximum likelihood method41,42. We find that both are statistically compatible with the 
expected power-laws P(s) ∼ s−τ and P(T) ∼ T−τt as we show in Fig. 1b–c. Averaging over four rats, we find an 
inter-rat variability with average exponents �τ � = 1.75± 0.1 and �τt� = 2.1± 0.3 (see Supplementary Informa-
tion). In Fig. 1d we show that the crackling-noise relation21 holds, by comparing δpred = τt−1

τ−1  with the exponent 
obtained by fitting the average avalanche sizes as a function of their duration, i.e., �s(T)� ∼ Tδfit . Averaging 
over each of our rats, we find �δpred� = 1.47± 0.18 and �δfit� = 1.46± 0.14 . Further details on the fitting pro-
cedure can be found in the Methods and in41, where we also use higher frequency data (MUAs) from the same 
experimental condition, but with a much less dense array. Although MUAs are not suitable for the study of the 
correlation length, they reproduce more closely the avalanche exponents and in particular the scaling exponent 
δ ≈ 1.2824–26. On the other hand, LFPs are known to be strongly affected by finite-size effects1, as we show in41 by 
performing finite-size scaling on LFPs from the same set of experiments.

Then, thanks to the extended spatial resolution of the multi-electrodes array, we focus on the spatial correla-
tions of the fluctuations of the measured LFP activity and whether they display any signature of criticality35,43. We 
study the scaling of the correlation length ξ as a function of the system sizes L by selecting different portions of 
the array44,45 (see “Methods”) and we find that ξ scales linearly with L. This result can be interpreted as a signature 
of the presence of underlying long-range correlations that scale with the system size. In fact, through simulations 
on control models displaying a critical point, subsampling, as we do, has been shown to be practically equivalent 
to considering systems of different sizes45. This behavior matches exactly what would happen at a critical point, 
where the correlation length diverges in the thermodynamic limit and thus grows with the size of a finite system. 

Figure 1.   (a) Left: scheme of the array used to obtain the LFPs data from all the cortical layers of the barrel 
cortex (adapted from39); right an example of the LFPs signals for different layers and the corresponding 
discretization. An array of 256 channels organized in a 64× 4 matrix is inserted in a barrel column and the 
signals from the cortical layers are collected by 55× 4 electrodes. (b–d) Avalanche statistics obtained from the 
analysis of LFPs data in a rat. Both the distribution of the avalanches (b) sizes and (c) durations are power-laws, 
and (d) the crackling-noise relation is satisfied. (e) Scaling of the correlation length with the system size in LFPs 
data, averaging over four different rats. The error bars are shown as 5 standard deviations from the mean for 
visual ease. The correlation length scales linearly with the system size with no plateau in sight, a hallmark of 
criticality.
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Hence, we find that the measured neural activity in the barrel cortex at rest displays two different signatures of 
criticality—power-law avalanches and scale-free spatial correlations.

A disentangled model for extrinsic activity and internal couplings.  In order to try and unfold 
the underlying processes from which these collective properties emerge, we assume that neural activity may 
be decomposed in two parts19,46: (i) the intrinsic activity, which is the activity driven by interactions between 
neurons or populations of neurons—in our case, the propagation dynamics across the multi-layer network of 
the interconnected neurons along the barrel; (ii) the extrinsic activity, which instead corresponds to the activity 
modulated by an external or global unit—in our case, the external inputs triggering or modulating the propaga-
tion (e.g. synaptic current injection from the thalamic inputs). Taking into account extrinsic activity becomes 
particularly important when neural activity is not analyzed in an isolated context—e.g., from neural slices—but 
rather directly from a portion of the animal brain, as we do here.

To this end, we introduce a paradigmatic model of N continuous real variables (v1, . . . , vN ) , denoting the 
activity of N units (e.g. neurons or, as in our case, distinct populations of neurons as measured by our LFPs). 
Intrinsic activity corresponds to pairwise interactions among these units, whereas extrinsic activity is modeled 
through a common external input that affects all the units in the same way. To fix the ideas, we first consider the 
simple case of a multivariate Ornstein-Uhlenbeck (mOU) process, in which the external input corresponds to a 
common modulation of the noise strength. Although not realistic from a biophysical point of view, this model 
is simple enough to be treated analytically and to provide a clear physical interpretation, while being complex 
enough to display non-trivial behaviors47. Moreover, mOU processes have been already considered in the litera-
ture in the context of fMRI signals48–51. As we will see, the results we obtain for extrinsic activity are qualitatively 
unchanged even in more biophysically-sound models. Therefore, we first consider

where ηi(t) are standard white noises, A is a N × N  symmetric matrix and D(t) > 0 corresponds to a noise 
strength modulation from an external input shared among all the units. We also write Aij = 1

γi
−Wij , where γi 

is the characteristic time of the i-th unit, and W is the matrix of the effective synaptic strengths, whose diagonal 
entries are set to zero. In order to derive analytical results, following17, we define the noise modulation D(t) as

where D(t) is itself an OU process Ḋ(t) = −D(t)/γD +
√
θηD(t) and D∗ > 0 is a properly chosen threshold. 

Therefore, the noise modulation D(t) is described by periods in which it is constant in time and equal to D∗ , 
and periods in which it changes according to an OU process with values D(t) > D

∗.
We first consider the case in which the units are driven only by this extrinsic activity and not by the intrinsic 

one, i.e., we set the internal interactions to Wij = 0 , ∀i, j . We refer to this case as the “extrinsic model”. Then, we 
add back interactions by reconstructing an effective connectivity49 in order to match the correlations matrix of 
our data, hence considering the “interacting model”.

Scale‑free avalanches from extrinsic activity.  In the absence of internal interactions, at each time-step 
the units are conditionally independent given the common external modulation D . However, we typically do 
not have experimental access to such external modulation. In general, we can only describe the joint stationary 
probability distribution p(v1, . . . , vN ) of the units alone. Let us now consider that γD ≫ γi , which corresponds 
to the assumption that the time-scale of the modulation is much slower than the one of the units19. In this limit, 
the process of vi reaches stationarity much faster than the process of D , thus the joint stationary distribution is 
given by52

where p(vi|D) is the stationary solution to the Fokker-Planck equation53 associated to Eq. (1) at a fixed D , and 
p(D) is the stationary solution associated to Eq. (2). Notice that, although the conditional probability distribution 
is factorizable, in general p(v1, . . . , vN )  =

∏N
i=1 p(vi) , i.e., the presence of the unobserved modulation results in 

an effective dependence between the units.
With the choice of an Ornstein-Uhlenbeck process for vi described in the previous section, p(vi|D) is Gauss-

ian and we are able to compute these distributions analytically. We find

where H is the Heaviside step function, and

(1)
dvi(t)

dt
= −

∑

j

Aijvj(t)+
√

D(t)ηi(t),

(2)D(t) =
{

D
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∗

(3)p(v1, . . . , vN ) =
∫
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As noted before, it is clear that p(vi , vj)  = p(vi)p(vj) . In principle, we are able to compute the joint probability 
distribution for any number of variables in the same way. Crucially, notice that

which implies that the units, although not independent, are always uncorrelated. This follows immediately from 
the fact that all the expectation values where a variable vi appears an odd number of times vanish, e.g.,

since 
∫

dvi vi p(vi|D) = 0 . Therefore, in the extrinsic Ornstein-Uhlenbeck model, the variables are always uncor-
related. This property will be useful when we will consider the case of a non-zero Wij , which will be the sole 
source of correlations in the model.

The dependence between the units induced by the modulation is shaped by the parameter D∗ . If D∗ is high 
enough, the modulation is rare and the units are always dominated by noise as we can see in Fig. 2c. On the other 
hand, if D∗ is small, whenever D (t) = D

∗ the noise contribution to the units will be vanishing and the activity 
will follow an exponential decay. Therefore, in this regime, each vi will typically alternate periods of quasi-silence 
to periods of activity. In other words, depending on the value of D∗ , this model can either reproduce a noise-
driven behavior or a bursty, coordinated one, as shown in Fig. 2a.

Most importantly, the low D∗ regime is also the onset of power-law distributed avalanches of neural activity, 
as we see by simulating the model at different D∗ and performing the same analysis as in LFPs. We find that, as 
D

∗ decreases, a transition between exponential decaying avalanches and power-law distributed ones appears. 
Figures 2e–g shows that for D∗ small enough, the stochastic modulation produces scale-free avalanches in both 
size and time with exponents τ ext = 1.60± 0.01 and τ extt = 1.77± 0.01 . Crucially, these avalanches satisfy the 
crackling-noise relation, that is we find δextfit = 1.21± 0.01 from the fit, while expecting δextpred = 1.28± 0.02 from 
the avalanches exponents. Moreover, the rescaled temporal profiles of these avalanches collapse to a single curve, 
and the avalanche exponents is unaffected by the size of the system (see Supplementary Information). These 
results are strictly related to a low value of D∗ , that is, on the alternating periods of low and high noise strength. 
In fact, for higher D∗ , the noise strength is always high and only exponential-decaying avalanches are present 
as we see in Fig. 2h–j. Notably, in this high-D∗ regime, rare but large events that correspond to periods in which 
D > D

∗ result in non-exponential tails of the distribution. This suggests that the shift between exponential and 
power-law avalanches is smooth, and indeed the avalanche exponents change gradually as D∗ becomes smaller 
(see Supplementary Information).
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Figure 2.   Avalanche statistics generated by the model at D∗ = 0.3 (a–b, e–g) and at D∗ = 5 (c-d,h-j), with 
γD = 15 and θ = 1 and γi = γ = 0.05 for the extrinsic model. (a–b) Comparison between the trajectories 
of D(t) , vi and the corresponding discretization in the low-D∗ regime for (a) the extrinsic model and (b) the 
interacting one. (c–d) Same, but in the high-D∗ regime. (e–g) If D∗ is low, avalanches are power-law distributed 
with almost identical exponents in the extrinsic and interacting model, τ ext = 1.60± 0.01 , τ int = 1.55± 0.01 
and τ extt = 1.77± 0.01 , τ intt = 1.74± 0.01 . The crackling-noise relation is verified in both cases. (h–j) Same 
plots, now in the high-D∗ regime. Avalanches are now fitted with an exponential distribution. Notice that larger 
events, corresponding to periods in which D(t) > D

∗ , show up in the distributions’ tails, suggesting that 
the shift between exponentials and power-laws is smooth. (j) The average avalanche size as a function of the 
duration scales with an exponent that, as D∗ increases, becomes closer to the trivial one δext

fit
≈ δint

fit
≈ 1.
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Let us note that these exponents are different from the ones obtained in LFP data, but this is perhaps not 
surprising. In fact, beside the simplicity of this paradigmatic model, such exponents have been found to depend 
on the experimental settings54 and on individual variability24. Nevertheless, our framework reproduces the scal-
ing exponent δ ≈ 1.2824,25, which we also find in our experimental settings in MUAs data41. Notably, in critical 
systems δ is expected to obey the crackling-noise relation δ = (τt − 1)/(τ − 1)21,24. However, following arguments 
similar to the ones proposed in27, one can derive such relation with the sole assumptions that avalanches are 
power-law distributed and that they satisfy s ∼ Tδ , i.e., fluctuations in the size of an avalanche given its duration 
are negligible. Then,

from which it follows immediately that δ = (τt − 1)/(τ − 1) . These assumptions are certainly satisfied in criti-
cal points, where the exponent δ is related to other critical exponents by a number of scaling relations21. Yet, the 
crackling-noise relation may hold also hold in other settings, as we find in our modeling framework.

Scale‑free correlations from internal couplings.  We have shown that in the paradigmatic model 
described by Eq. (1) with Wij = 0 the extrinsic modulation alone generates power-law avalanches in the low-D∗ 
limit. Yet, this extrinsic activity cannot explain correlations such as the ones observed in Fig. 1e, as shown by 
Eq. (6). Hence, we now consider the interacting model, i.e., we consider the case in which both the extrinsic and 
the intrinsic components of activity are present.

Since in the extrinsic model described in the previous section the units are uncorrelated, we can infer the 
values of Aij directly from the data49. In particular, we solve the inverse problem in such a way that the correla-
tions of Eq. (1) match the experimentally-measured correlations σij of our LFPs (see “Methods”). The effective 
connectivity A obeys the Lyapunov equation

The different regimes for the interacting model with such interaction matrix are plotted in Fig. 2b and  d.
As shown in Fig. 2e–g, all avalanches exponents τ ≈ 1.6 , τt ≈ 1.75 and the crackling-noise relation exponent 

δ ≈ 1.28 are not changed significantly by the inclusion of direct interactions among the units, nor the high D∗ 
regime is changed either, as shown in Fig. 2h–j. The fact that the exponents do not change when we add interac-
tions to our model suggests that the avalanches are not affected by the interactions themselves—that is, in our 
model, they are determined by the extrinsic modulation. On the other hand, with these effective interactions 
we are now able to study the scaling of the correlation length ξ as a function of the system sizes L. We plot the 
results in Fig. 3a. As in our data, ξ scales linearly with L in the interacting model—in fact, we can show that, even 
though Aij depends on the modulation parameters (D∗, γD , θ) , the scaling of the correlation length does not 
(see “Methods”). Hence, in our model, scale-free correlations are not only strictly dependent on the interaction 
network, but they are completely unaffected by avalanches.

These results suggest a profound implication—in our model, extrinsic and intrinsic activity are disentan-
gled. If we measure neural avalanches alone, we might not be able to infer anything about the intrinsic neural 
dynamics of our model. However, we might have access to such dynamics if we investigate the correlations of 
the fluctuations. This disentangling is deeply related to the dependency structure of our model. We can probe 
such structure by computing the mutual information

(7)p(s(T))

∣

∣

∣

∣

ds

dT

∣

∣

∣

∣

dT = p(T)dT =⇒ (Tδ)−τ δTδ−1 = T−τt

(8)
∑

k

[

σikAkj + Aikσkj
]

= δij

∫ ∞

D∗
D p(D ) dD := δijf (D

∗
, γD , θ).

Figure 3.   (a) The correlation length of the interacting model scales linearly with the system size, as in the data. 
In the extrinsic model, as expected, the correlation length of the fluctuations is constant and equal to 1, i.e., the 
correlation function drops to zero for adjacent electrodes. (b) Comparison between the mutual information in 
the extrinsic model ( θ = 1 , γD = 10 , γ1 = 0.1 , γ2 = 0.5 ) and, as an example, in the interacting model with two 
units. Notice that the onset of a non-vanishing mutual information induced by D(t) is also the onset of power-
law distributed avalanches, whereas the mutual information arising from interactions is independent of D∗.
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which captures pairwise dependencies in the system that go well beyond simple correlations. In Fig. 3b we show 
that a non-zero mutual information emerges in the extrinsic model in the low D∗ limit. Remarkably, the onset 
of this dependency is also the onset of the coordinated behavior between the units, i.e., of power-law distributed 
avalanches. On the other hand, the mutual information vanishes only in the trivial limit D∗ → ∞ , since at finite 
D

∗ Eq. (5) is never exactly factorizable. When interactions are added back, the mutual information is simply 
shifted independently of D∗ (see “Methods”), as we see in Fig. 3b. Crucially, this interaction-dependent constant 
shift of the mutual information is a signal that the effects of external modulation and the effective interactions 
are completely disentangled, as recently shown for similar models52.

Scale‑free avalanches in more biologically relevant extrinsic models.  The multivariate Ornstein-
Uhlenbeck (mOU) is a paradigmatic model which, albeit simple enough to allow for an analytical treatment, 
does not account for many biological aspects. In order to show that our results generalize to more biologically 
sound models, we now consider the neural activity described by a Wilson–Cowan model55–59 as a variant of the 
extrinsic model. It includes both excitatory and inhibitory synapses and non-linearities in the transfer function, 
and its derivation is based on arguments over the dynamics of the neurons and action potentials55, which makes 
it a general tool to model mesoscopic neural regions.

We consider a stochastic version of the Wilson–Cowan model56–59, which includes a stochastic term that 
accounts for the finite size of the populations. We consider N non-interacting neural populations, and each 
one is modeled through the activity of two sub-populations, one of excitatory neurons Ei and one of inhibitory 
neurons Ii . Ei and Ii are defined as the densities of active excitatory or inhibitory neurons, and can be interpreted 
as firing rates. They evolve according to

where α is the rate of spontaneous activity decay, ωE,I are the synaptic efficacies, and ηE,I are uncorrelated Gauss-
ian white noises with population-size dependent strength σ ∝ 1√

K
= I√

L
,with K and L that are the number of 

excitatory and inhibitory neurons corresponding to each neural population56,58. The response function f(s) is 
given by

where s = ωEEi − ωI Ii + h is the average incoming current from the other synaptic inputs and an external input 
h. For each unit, we are interested in the firing rate of the overall population �i = (Ei + Ii)/2 . β will be set to 1 
from now on. Importantly, we consider the case in which the units are inhibition dominated, i.e., when ωI > ωE , 
with a small noise amplitude σ , and are non-interacting with each other.

The external modulation comes into this model through the external current h. As a potential candidate 
for a biological realization of this external, stochastic driving, we consider the effective input that comes from 
other, yet unobserved, neural populations. Hence, we model h as the firing rate h =

(

E(h) + I(h)
)

/2 of another 
Wilson–Cowan model, namely

In order to reproduce avalanches, as the external input h we should choose a stochastic modulation that displays 
bursts of activity separated by periods of silences. Importantly, it was recently shown in59 that this model admits 
a critical point at ω0C = ωE − ωI = α

β
 , where power-law distributed avalanches will emerge independently of 

the size of the system. Thus, clearly, a possible choice for the external stochastic modulation would be a Wil-
son–Cowan unit in the critical state.

Another potential candidate is still a Wilson–Cowan model, but in a balanced state56,57 defined by 
ω
(h)
0 = ω

(h)
E − ω

(h)
I ≪ ω

(h)
S = ω

(h)
E + ω

(h)
I  , and we set the parameters so that ω(h)

0 > ω
(h)
0C

 . Crucially, in this sce-
nario, the mechanism giving rise to avalanches is fundamentally different. With these parameters, and in the 
absence of noise, the dynamics predicts a stable up state. Yet, by increasing the noise amplitude, such up state 
can be destabilized, leading to large excursions in the down state and thus to avalanches. This phenomenon is 
a consequence of the non-normality of the matrix describing the linearized dynamics, that can cause a system 
to be reactive—i.e., its dynamics can exhibit unusually long-lasting transient behaviors even if it asymptotically 
converges to a stable fixed point, and that coincides with the condition ω0 ≪ ωS

57.
For these reasons, here we choose as an effective input h the firing rate coming from a neural population 

in a balanced state. In the Supplementary Information, we study the case in which such input comes instead 
from a population in the critical state ω0C = α

β
 , and we show that the results are qualitatively similar to the ones 

reported here.
Intuitively, we are considering a case in which N populations of neurons evolve according to a WC model in 

the inhibition dominated phase, and all receive the same input by another, yet unobserved, population of neurons.
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∫ +∞
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√

(αIi + (1− Ii)f (ωEEi − ωI Ii + h))ηIi

(11)
{

f (s) = β tanh(s) s ≥ 0
f (s) = 0 s < 0

(12)
dh

dt
=

d

dt

[

E(h) + I(h)

2

]

.
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Although we cannot analytically tackle this model, we simulate the Langevin equations Eqs. (10) and (12) 
and from each firing rate �i we generate trains of events and analyze avalanches by temporal binning through the 
average inter-event interval (see “Methods”). If the noise strength σh is high enough, h spends most of the time 
close to the down state, while showing frequent bursts of activity—this behavior is qualitatively equivalent to the 
low-D∗ limit previously considered, and is depicted in Fig. 4a. Again, in this regime we find that avalanche sizes 
and durations are power-law distributed and satisfy the crackling-noise relation, as we see in Fig. 4b–d. On the 
other hand, if σh is lower, the external input h is not modulated as in the previous high D∗ limit. Once more, in 
this regime avalanches obtained through temporal binning are exponentially suppressed both in their size and 
in their duration, as we see in Fig. 4e–h.

Hence, the proposed extrinsic mechanism is valid beyond the paradigmatic case of an Ornstein-Uhlenbeck 
process we previously considered. Finally, we note that a balanced h =

(

E(h) + I(h)
)

/2 is only one of the pos-
sible choices that could be considered for the external modulation. Crucially, we believe it is one that achieves a 
significant biological realism, being linked to E-I balance31. Moreover, a large number of parameters can satisfy 
this condition, thus not requiring extreme fine-tuning, as long as the size of the system remains finite (e.g., for 
our choice of parameters, at a noise level σ (h) = 5× 10−3 corresponding to K = L = 40000 neurons, avalanches 
are not present56). We highlight that other choices of external modulation should be able to generate bursts of 
activity separated by periods of silence. For instance, another relevant choice would be Brunel’s model in the 
synchronous irregular phase60.

Discussion
We have measured the activity in spatially-extended LFPs data from the rat’s barrel cortex and we have found 
the appearance of neural avalanches and of the crackling noise relation. However, a variety of mechanisms can 
generate these properties. Nonetheless, our data also display a correlation length that scales linearly with the size 
of the system, a key feature of critical systems. In order to understand the possible origin of these signatures of 
criticality, we have developed a archetypal, but of analytical ease, framework where the intrinsic contributions to 
the neuronal activity—due to the direct interaction between the units themselves—and the extrinsic ones—aris-
ing from externally-driven modulated activity—are exactly disentangled. Crucially, our work and our results 
fit in a well-established and fruitful research line that studies null mechanisms for the emergence of neuronal 
avalanches17,19. We believe that being able to disentangle such null mechanisms with more biological insight-
ful properties (e.g. neural correlations) is instrumental in understanding what avalanches can teach us about 
neuronal and brain dynamics. Thus, building on recent works that have stressed the importance of considering 
external inputs when studying brain criticality54, our work wants to highlight the importance of disentangling 
extrinsic and intrinsic factors, that inherently contributes to neural activity.

When considering a properly chosen external modulation, our model displays a regime in which power-law 
avalanches that satisfy the crackling-noise relation emerge and that are compatible with the exponent δ ≈ 1.28 

Figure 4.   Avalanche statistics generated by the Wilson Cowan units. The Wilson Cowan units are always in 
an inhibition dominated phase, i. e. ωI = 7 and ωE = 6.8 , and α = 1 . Their external input h is instead always 
in a balanced state, in particular ω(h)

E
= 50.5 , ω(h)

I
= 49.5 . Its other parameters are h(h) = 10−3 and α(h) = 0.1 . 

In Figures (a–d) however, σ (h) , the amplitude of the noise, is increased to 2.5× 10−2 so that the up state can 
be destabilized by the noise. In Figures (e–h) instead the noise is reduced to 5× 10−3 so that the up state is 
stable. (a, e) Comparison between the trajectories of h, Ei+Ii

2
 and the corresponding trains of events in the high 

(a) and low (e) σ (h) regime. (b–d) If σ (h) is high avalanches are power-law distributed and the crackling-noise 
relation is verified. (f–g) Same plots, now in the low σ (h) regime. Avalanches are now fitted with an exponential 
distribution. (h) The average avalanche size as a function of the duration scales with an exponent that, as σ (h) 
decreases, becomes closer to the trivial one δfit ≈ 1.
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found in24,25. Crucially, this result holds even in other extrinsic models, such as when considering Wilson–Cowan 
units modulated by an effective input coming from unobserved neural populations. The same value of the δ 
exponent is known to have been found in a variety of neural systems, and our results suggest that it could be 
explained by a slow time varying extrinsic dynamics19 that affects all the neural units in the same way. On the 
other hand, it was recently shown26 that this exponent may arise as a consequence of measuring only a fraction 
of the total neural activity, i.e., of subsampling. Let us also note that avalanches distributed with all exponents 
compatible with a critical branching process (i. e., with δ = 2 ) were found experimentally in61, once properly 
taking into account the role of gamma-oscillations. Further work is still needed to understand the emergence of 
such exponents and in which conditions they are robustly reproduced in experiments.

At the same time, while scale-free spatial correlations can and do coexist with power-law avalanches, these 
kinds of critical signatures cannot be explained by the extrinsic activity alone. Crucially, our archetypal model 
allows us to combine this extrinsic dynamics to an intrinsic interaction matrix, inferred directly from the experi-
mental data to match the spatial correlations we find in our experiments. When we do so, we show that these two 
signatures of criticality can be disentangled—avalanches appear as a consequence of the external modulation 
and are only slightly affected by the interactions, and, vice-versa, the interactions determine the spatial correla-
tions independently of the external modulation. Hence, we believe that scale-free correlations may be deeply 
related to the origin of criticality in the brain, playing a fundamental role in the advantages it might achieve by 
being critical9,15,62.

Remarkably, it was recently shown that in models similar to the one considered here the mutual information 
always receives distinct and disentangled contributions from the internal interactions and from an environmental, 
external dynamics52. Although, clearly, the presence of a non-zero mutual information cannot be a sufficient 
condition for power-law avalanches to appear, in our extrinsic model their emergence does correspond to the 
onset of a non-vanishing mutual information. This fact suggests a promising future perspective. By explicitly 
considering both the intrinsic activity and the extrinsic contributions, one might be able to combine all these 
considerations into a unified information-theoretic view—perhaps helping to unfold the underlying biological 
mechanisms at the origin of the observed signatures of criticality in neural activity.

Methods
The study is reported in accordance with ARRIVE guidelines.

Experimental setting.  Surgical procedures.  LFPs recordings are performed on Wistar rats, which are 
maintained under standard environmental conditions in the animal research facility of the Department of Bio-
medical Sciences of the University of Padova. All the procedures are approved by the local Animal Care Com-
mittee (O.P.B.A.) and the Italian Ministry of Health (authorization number 522/2018-PR) and all methods are 
performed in accordance with relevant guidelines and regulations. Young adult rats aged 36 to 43 days and 
weighting between 150 and 200 g are anesthetized with an intra-peritoneal induction mixture of tiletamine-xyla-
zine (2 mg and 1.4 g/100 g body weight, respectively), followed by additional doses (0.5 mg and 0.5 g/100 g body 
weight) every hour. The anesthesia level is constantly monitored by testing the absence of eye and hind-limb 
reflexes and whiskers’ spontaneous movements. Each animal is positioned on a stereotaxic apparatus where the 
head is fixed by teeth- and ear-bars. To expose the cortical area of interest, an anterior-posterior opening in the 
skin is made in the center of the head and a window in the skull is drilled over the somatosensory barrel cortex at 
stereotaxic coordinates −1÷−4 AP, +4÷+8 ML referred to bregma63. A slit in the meninges is then carefully 
made with fine forceps at coordinates −2.5 AP, +6 ML for the subsequent insertion of the recording probe. As 
a reference, the depth is set at 0 m when the electrode proximal to the chip tip touches the cortical surface. The 
neuronal activity is recorded from the entire barrel cortex (from 0 to −1750µm ), which is constantly bathed in 
Krebs’ solution (in mM: NaCl 120, KCl 1.99, NaHCO3 25.56, KH2PO4 136.09, CaCl2 2, MgSO4 1.2, glucose 11). 
An Ag/AgCl electrode bathed in the extracellular solution in proximity of the probe is used as reference.

Recordings.  LFPs are recorded through a custom-made needle that integrates a high-density array, whose elec-
trodes are organized in a 64× 4 matrix. The operation principle of the multi-electrode-arrays used to record 
LFPs is an extended CMOS based EOSFET (Electrolyte Oxide Semiconductor Field Effect Transistor). The 
recording electrodes are 7.4 µ m in diameter size and the needle is 300 µ m in width and 10 mm long. The x- and 
y-pitch (i.e. the distance between adjacent recording sites) are 32 µ m. The multiplexed signals are then digitized 
by a NI PXIe-6358 (National Instruments) up to 1.25MS/s at 16bit resolution and saved to disk by a custom Lab-
VIEW acquisition software. The LFP signal is sampled at 976.56 Hz and band-pass filtered (2–300 Hz). The data-
set analyzed for this work consist in 20 trials of basal activity lasting 7.22 seconds, that are recorded from 4 rats.

LFPs peaks detection.  For the detection of LFP events, the standard deviation (SD) and the mean of the 
signal were computed for each channel. In order to distinguish real events from noise, a three SD threshold was 
chosen based on the distribution of the signal amplitudes which significantly deviated from a Gaussian best fit 
above that threshold. Both negative and positive LFPs (i.e., nLPFs and pLFPs, respectively) were considered as 
events in accordance with previous works64. One reason is that across the depth of the cortex there are polarity 
changes in the LFP signal because of compensatory capacitive ionic currents, particularly along dendrites of 
pyramidal cells65. Since in our experiments electrodes span multiple cortical layers, both nLFPs and pLFPs were 
found and detected. Moreover, alternatively, pLFPs can be related to the activation of populations of inhibitory 
neurons. For detection, each deflection was considered terminated only after it crossed the mean of the signal.
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Avalanches analysis.  To study avalanches’ statistics, the data are temporally binned, and avalanches are 
defined as sequences of bins that present activity, and an avalanche ends once an empty bin is found—the tem-
poral bin chosen is the average inter-event interval1. Then, the distribution p(s) of the avalanches sizes—the 
number of events in each avalanche—and of the avalanche duration p(T) are computed and fitted using a cor-
rected maximum likelihood method41,42. In particular, following the methods proposed in42,66, avalanche sizes 
and lifetimes are fitted with discrete power-laws p(y;α) = y−α

∑x=xmax
x=xmin

x−α  . The parameter xmax is set to the maxi-
mum observed size or duration. xmin is selected as the one that minimizes the Kolmogorov-Smirnov distance 
(KS) between the cumulative distribution function (CDF) of the data and the CDF of the theoretical distribution 
fitted with the parameter that best fits the data for y ≥ xmin

66. To assess goodness-of-fit we compared the exper-
imental data against 1000 surrogate datasets drawn from the best-fit power-law distribution with the same num-
ber of samples as the experimental dataset. The data were considered power-law distributed if the fraction of the 
KS statistics of the surrogates which were greater than the KS statistic for the experimental data was greater than 
0.1. We also take into account the fact that while maximum likelihood methods rely on the independence 
assumption, actual data often display correlations, and this may lead to false rejection of the statistical laws42. As 
the authors of42 suggest, before performing the fit and assessing p-values, we undersample the data in order to 
decorrelate them, by estimating the time τ ∗ after which two observations (e.g., the avalanche sizes) are independ-
ent from each other, as done in41,42.

Scaling of the correlation length.  The correlation length ξ can be defined as the average distance at 
which the correlation of the fluctuations around the mean crosses zero44, and it is known to diverge at critical-
ity in the thermodynamic limit33. For finite systems, this behavior can be probed by computing the correlation 
length at different system sizes. For each time-series we compute their fluctuations around the mean activity,

Different sizes of the system, i.e., different portions of the array, are selected and, importantly, the mean activity 
is computed for each system size, considering the channels inside the portion of the array45. Hence, we study 
the behavior of the correlation length with system sizes corresponding to different subsamples from the multi-
electrodes array probe36. We assume that the units of our model have the same topology as our data, i.e. we 
assume that the units are placed as the channels in the 55× 4 array of our experimental setup. Since in our case 
the array shape is rectangular, we consider the number of rows L as the relevant dimension and build subsampled 
systems of size L× 4 , with L that decreases from the maximum of 55 channels down to 5 channels.

For each system’s subset, we compute the average correlation function of the fluctuations between all pairs 
of channels separated by a distance r,

where �·�t stands for the average over time, �·�i,j is the average over all pairs of channels separated by a distance 
r and

with T is the length of the time series. Then ξ is computed as the zero of the correlation function C(r = ξ) = 0 . 
To reduce the noise effects, results were averaged across all possible sub-regions for any given size. Then the ξ are 
plotted against the relative system size L and the slope of the fit is obtained through linear regression.

Correlations in the interacting model.  The process studied in the main text is a multivariate Ornstein-
Uhlebeck process53 of the form

where B(t) is a diagonal matrix whose diagonal elements are given by 
√

D(t) and Z(t) denotes a Wiener process. 
In the case of non-interacting units, which we use to model the extrinsic activity, the matrix A is again diagonal 
with entries Aij = δij/γi . If the matrix B were constant in time, the covariance matrix σ of the mOU would be 
determined by the continuous Lyapunov equation49,53

Since in our case the matrix B is a stochastic variable, we need to marginalize over its stationary distribution 
p(B). Then, we immediately get

(13)ṽi(t) = vi(t)−
∑N

i=1 vi(t)

N
.

(14)C(r) = �
�
(

ṽi − ṽi

)(

ṽj − ṽj

)

�t
σṽiσṽj

�i,j

ṽi =
1

T

T
∑

t=1

ṽi(t)

σ 2
ṽi
=

1

T

T
∑

t=1

(

ṽi(t)− ṽi

)2

(15)dv(t) = −Av(t)dt + B(t)dZ(t),

(16)Aσ + σAT = BBT.

(17)Aσ + σAT = Q,
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where Q is a diagonal matrix whose elements are given by

Then, taking the transpose of Eq. (17) and assuming that A is symmetric, we end up with a Lyapunov equation 
for the matrix A - σA+ Aσ = Q . In principle, we could relax the assumption of symmetry of the matrix A by 
considering the covariance matrix and the time shifted covariances49. However, this introduces further approxi-
mations and in the present work we are only interested in the covariance matrix. Hence we end up with a model

where Aij depends on the the parameters of the stochastic modulation (D∗, γD , θ) . Notice that if we write 
Ãij = Aij/f (D

∗, γD , θ) we need to solve the Lyapunov equation σ Ã+ Ãσ = 1 that only depends on σ , the 
covariance matrix of the data. Then, if we rescale the experimental time series by their standard deviation, σ 
coincides with the correlation matrix of our data, and we refer to it in the main text. If we introduce D̃ = D/f  
and ṽi = vi/

√

f  we end up with

and clearly

Therefore, the covariance between ṽi and ṽj is proportional to the covariance between vi and vj . This implies that at 
different (D∗, θ , γD) we find a rescaled interaction matrix Aij , but the scaling of correlation length does not change.

Mutual information in the interacting model.  The stationary probability distribution solution of the 
interacting model with a generic interaction matrix A is

where the matrix � is determined by 
(

A� +�AT
)

/2 = 1 and

In general, we can define a multivariate information between these N variables and the results of the main 
text would not change. In practice, however, it is very hard to perform the related numerical integration if N is 
large. Therefore, in the main text we consider the exemplary case of the mutual information, i.e., the case of two 
variables that interact through the matrix element A12 = Ã12f (D

∗, γD , θ) with Ã12 = 2 . As recently shown for 
simpler models52, the mutual information of this model receives a distinct—and constant—contribution from the 
interaction matrix and from the modulation induced by D∗ . In fact, if we consider A = diag(γ1, . . . , γN ) , i.e., we 
consider the extrinsic model, the only the contribution to the mutual information comes from the external modu-
lation, whereas the addition of interactions simply shifts the mutual information by a constant value at all D∗.

Data availability
The dataset generated for this study is available upon request to corresponding author.
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