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Abstract 

The cerebral cortex operates in a state of restless activity, even in the absence of 

external stimuli. Collective neuronal activities, such as neural avalanches and syn-

chronized oscillations, are also found under rest conditions, and these features have 

been suggested to support sensory processing, brain readiness for rapid responses, 

and computational efficiency. The rat barrel cortex and thalamus circuit, with its 

somatotopic organization for processing sensory inputs from the whiskers, provides a 

powerful system to explore such interplay. To characterize these resting state circuits, 

we perform simultaneous multi-electrode recordings in rats’ barrel cortex and thala-

mus. During spontaneous activity, oscillations with frequencies centered around 11 

Hz are detected concomitantly with slow oscillations below 4 Hz, as well as power-

law distributed avalanches. The phase of the lower-frequency oscillation appears 

to modulate the higher-frequency amplitude, and it has a role in gating avalanche 

occurrences. We then record neural activity during controlled whisker movements 

and observe that the 11 Hz barrel circuit active at rest is indeed the one involved in 

response to whisker stimulation. We finally show how a thalamic-driven firing-rate 

model can describe the entire phenomenology observed at resting state and predict 

the response of the barrel cortex to controlled whisker movement, suggesting that 

the same intrinsic dynamics underlying resting-state activity also shape sensory 

responses.

Author summary 

The brain is active even in the absence of external stimuli, generating com-
plex patterns of activity that are thought to prepare it for processing incoming 
information. Two prominent features of this spontaneous activity are rhythmic 
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oscillations and neuronal avalanches—bursts of activity that span a wide range 
of sizes and durations. However, how these patterns relate to actual sensory 
processing remains unclear. In this study, we investigated the rat barrel cortex, 
a well-characterized system for processing tactile information from whiskers. 
By combining electrophysiological recordings and computational modeling, we 
found that specific transient oscillations centered around 11 Hz are present 
during rest and become significantly stronger when the whiskers are stimu-
lated. At the same time, spontaneous activity displays a rich dynamical regime 
with neuronal avalanches, whose timing is modulated by slower brain rhythms. 
Importantly, we show that a simple thalamus-driven computational model can re-
produce these observations. We thus provide a minimal yet powerful model that 
suggests that the same rich, intrinsic dynamics underlying resting-state activity 
also shape sensory responses. Our results support the idea that spontaneous 
brain activity is not idle, but instead reflects an organized dynamical regime that 
facilitates efficient processing of sensory inputs.

Introduction

The cerebral cortex exhibits a rich repertoire of dynamical states, even in the absence 
of external‌‌ stimuli [1–5]. This continuous and spontaneous activity, known as the rest-
ing state, consumes a large portion of the brain’s metabolic energy [6], so it is likely to 
be functional [7]. Indeed, despite the lack of immediate tasks and demands, the rest-
ing state is far from idle; instead, it engages various intrinsic circuits, which are thought 
to serve a range of preparatory and regulatory functions [8]. These resting-state 
circuits may support the readiness for sensory processing and prepare the brain for 
rapid responses, effectively setting the stage for context-dependent behaviors [9–11]. 
In the cortex, certain networks that activate during rest can also show increased 
activity when a relevant external input arrives, suggesting that these circuits reflect an 
ongoing state of preparation and prediction, potentially optimized for varied functional 
needs of the brain [12]. Interestingly, the diversity of cortical activity at rest is consis-
tent with a system operating near a critical point, where a balance is struck between 
order and disorder [13–15] and/or excitation and inhibition [16–18], allowing various 
collective patterns to emerge [13,15,19]. Neural dynamics in the cortex is often char-
acterized by two main emergent phenomena: neural avalanches and collective oscilla-
tions. Neural avalanches are spontaneous cascades of neural activity that propagate 
through the network, displaying a scale-free distribution—meaning avalanches of all 
sizes, from small, localized events to large, network-spanning cascades, are observed 
[16,20–24]. Importantly, neuronal avalanches have been found across diverse cor-
tical scales [25–27] (recent reviews on this topic are [28,29]), and lately they have 
been confirmed also at the spiking level in awake mice, after an appropriate temporal 
coarse-graining step [30]. Neural oscillations, on the other hand, are rhythmic patterns 
of activity across different frequency bands (e.g., theta, alpha, gamma) [31,32] that 
support the coordination and synchronization of neural populations [33–36]. These 
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oscillations provide a temporal framework that structures neural activity, organizing the timing of communication across 
different regions of the cortex [37–39]. Research has shown that these oscillations can modulate the occurrence and struc-
ture of neural avalanches [40], especially through cross-frequency coupling mechanisms such as theta-gamma coupling 
[20]. Intriguingly, neural avalanches and oscillations are often considered in contradiction, as a dichotomy [41] between a 
scale-free phenomenon and a scale-specific one, characterized by a precise period of oscillation. However, in this work we 
suggest that this view of oscillations may be somewhat oversimplified, mostly driven by purely theoretical arguments rather 
than by experimental observations. Indeed, real, physiological oscillations are transient and display variability in their bursts’ 
duration, and even in the frequency of oscillation itself [42,43].

The somatotopic organization of the rat thalamus-barrel circuit for processing sensory inputs from the whiskers pro-
vides a powerful model to explore this interplay.

By moving the whiskers back and forth, a process called whisking, rats can perceive the shape, size, and texture of 
nearby objects [44,45]. This information is encoded into neural impulses and passed through the thalamus to various 
areas in the sensory-motor cortex [46], most importantly to barrels, located in the primary somatosensory cortex [47,48], 
which have a somatotopic correspondence with the whisker on the rat’s snout. Furthermore, studies of whisker-related 
processing have shown that oscillatory activity in the barrel cortex may be closely tied to whisker movements, including 
both voluntary whisking during exploration and spontaneous twitching during rest [49,50].

For these reasons, the rat barrel cortex provides an ideal model for studying intrinsic resting-state dynamics and inves-
tigating whether it is functionally connected to whisker-related sensory response. Importantly for the current work, the 
hypothesis that circuits that are active at rest could enhance information processing and functional efficiency remains a 
largely theoretical proposition. Specifically, there is little experimental evidence showing that spontaneous neural activity in 
cortical circuits is linked to specific functional tasks, such as whisker twitching in the barrel cortex. Following a similar line 
of reasoning, in [51], the authors addressed the barrel cortex using an air puff on the rat-snout for whisker-stimulation and 
performed avalanches analysis during spontaneous activity. The authors tailored their analyses to study whether differ-
ences in associated signatures of criticality of ongoing activity were related to an increase in the dynamic range. Another 
possible way to tackle the role of ongoing activity is to show that the collective dynamics at rest are characterized by a rich 
intrinsic repertoire (e.g., avalanches and transient oscillations), which is reinforced and recruited during task-related neural 
processing, such as actual whisker movement. This is indeed our approach, grounded in the hypothesis that spontaneous 
and task-related activity display similarities [8]; see [52] for a recent review on this topic.

To this end, we analyzed local field potential (LFP) and multi-units activity (MUAs) data recorded from the barrel cortex 
and thalamus of anesthetized rats (see Fig 1), both during spontaneous activity and after controlled whisker stimulation. 
We studied the frequency content of the signal using the empirical mode decomposition method (EMD), which allows us 
to perform a systematic frequency decomposition of the LFPs signals [53]. We then exploited MUAs to study avalanches. 
We showed that neural oscillations (centered around 11 Hz) and neural avalanches are functionally coupled in the rat 
barrel cortex and may work together to support whisker-related processing, even in the absence of direct stimulation. 
To substantiate such a hypothesis, we also recorded neural activity during controlled whisker movements and showed 
that the frequency centered around 11 Hz is strongly reinforced in the barrel cortex as a response to whisker stimulation 
[50,54–57]. We finally show how a thalamic-driven firing model [58] can describe the entire phenomenology observed at 
resting state and predict the response of the barrel cortex in the controlled whisker movement experiments.

Results

Resting state neural activity in the barrel cortex and thalamus‌‌

EMD analysis of spontaneous activity oscillations.  We first studied oscillations during spontaneous (resting 
state) activity in the barrel cortex and thalamus (see Fig 1 for the experimental setup) in 4 rats, labeled here, in the 
Table 1, and in the Supplementary materials, as Rat 1–4. In the current manuscript, the results presented refer to Rat 
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Fig 1.  Experimental setup and outline of the analysis. Left: 32-channel single-shank linear probe (200 µm pitch). Thirty channels were inserted 
into the brain, spanning the barrel cortex, subcortical regions, and part of the ventral posteromedial nucleus (VPM) of the thalamus. Center, bottom: 
Example of a single 10-s trial showing multi-unit activity (MUA) raster plots across channels (30 trials were recorded for each of the four rats). Whisker 
stimulation occurs at time zero. Center, top: The two main intrinsic mode functions (IMF 2 and IMF 4) extracted from the local field potentials are shown 
together with their instantaneous frequencies in the displayed trial. Right: Schematic representation of the analyses performed. The power of IMF 2 (fast 
oscillatory component) and IMF 4 (slow oscillatory component) was analyzed during both spontaneous and evoked activity in barrel cortex and thalamus 
channels. Avalanche analysis was performed on MUA recordings in both regions and conditions.

https://doi.org/10.1371/journal.pcbi.1014521.g001

Table 1.  One-sided t-tests p-values: the peak of the marginal Hilbert spectrum of IMF 2 and IMF 4 is calculated for a barrel cortex layer IV 
channel (labeled as “cort.” in the table) and for a central thalamus channel (labeled as “thal.” in the table), in all the 30 trials for each rat, 
considering a window of 2 seconds after the stimulation as the evoked activity, and the following activity as the spontaneous activity. Paired 
t-tests are performed among the values of the spectrum peaks.

Rat 1 Rat 2 Rat 3 Rat 4

IMF-2 peak stim cort. vs IMF-2 peak rest cort. pv = 2.96e-7 6e-5 pv = 0.003 pv = 7.76e-7

IMF-4 peak stim cort. vs IMF-4 peak rest cort. pv = 0.1 pv = 0.98 pv = 0.05 pv = 0.24

IMF-2 peak stim thal. vs IMF-2 peak rest thal. pv = 0.37 pv = 0.01 pv = 0.07 pv = 0.03

IMF-4 peak stim thal. vs IMF-4 peak rest thal. pv = 0.94 pv = 0.74 pv = 0.1 pv = 0.15

https://doi.org/10.1371/journal.pcbi.1014521.t001
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1. To characterize these oscillations during spontaneous activity we applied the empirical mode decomposition (EMD) 
method to the local field potentials (LFPs). This method allows for a decomposition of a signal into components that takes 
into account the transient and non-linear nature of physiological signals, as opposed to a decomposition into Fourier 
components. The components of the EMD method are called intrinsic mode functions (IMFs). We focused on the second 
intrinsic mode function (IMF 2) which has frequencies in the range of the whisker-stimulation response (mean ± std of 
the distribution = 11.13± 2.83 Hz) and the intrinsic mode function number 4 (IMF 4), which is a low-frequency oscillation 
(with frequencies mean ± std = 2.78± 0.70 Hz). Details on the selection of the IMFs can be found in the supplementary 
material, where we explain that IMF 1 is a high-frequency residual, typically excluded in the EMD analysis [42,59]. 
Using the Hilbert transform [60] we obtained the Hilbert spectrum, which is a weighted non-normalized joint amplitude-
frequency-time distribution [53]. In particular, here we focused on the marginal spectrum (see Methods section), obtained 
by integrating the Hilbert spectrum over time. We thus obtained the power of the individual IMFs (for each trial) and then 
extracted the values of their peaks. In Fig 2 the marginal spectrum for IMF 2 and IMF 4 in all the trials for an example rat 
is shown, both for the channels positioned in the barrel cortex (Fig 2A) and for the channels recording thalamus activity 
(Fig 2B). We made a statistical comparison (t-test) between the barrel cortex and the thalamus in terms of the intensity of 
the IMF power peaks. We found that power of IMF 2 peaks is significantly higher in the barrel cortex as compared to the 
thalamus during spontaneous activity (p-value ≪ 0.001)(see Fig 2).

Given the presence of oscillations during resting-state periods, we explored whether the slow oscillation (IMF 4) 
modulates the amplitude of the faster oscillation (IMF 2) via phase-amplitude coupling (PAC). As Fig 2C shows, there is 
a sinusoidal relationship between the phase of IMF 4 and the amplitude of IMF 2, indicative of PAC and nested oscilla-
tions [38,39,61] within the barrel cortex. Indeed, the presence of PAC is defined by a systematic modulation of the ampli-
tude of the fast oscillation as a function of the phase of the slow oscillation, resulting in a non-uniform (e.g., sinusoidal) 

Fig 2.  Barrel cortex and thalamus oscillatory activity during spontaneous activity. Marginal Hibert spectrum of the IMF 2 and IMF 4 rhythms 
during the spontaneous activity in the barrel cortex (a) and in the thalamus (b). Light-colored lines refer to the different channels either of the barrel 
cortex (a) or of the thalamus (b), and all the trials are also reported. The darker lines indeed refer to an average of the power across trials and channels. 
(c) Phase amplitude coupling between the phase of IMF 4 and the amplitude of IMF 2 of the LFP signals in the barrel cortex. Different lines represent 
the curve for each channel, averaged across trials. The dark line is the average curve across channels and trials, while its shaded band has a width 
corresponding to the standard deviation of the mean across channels and trials. As explained in the main text, the gray line is a null model, i.e., the curve 
in gray is obtained by randomly matching the trials of IMF 4 with the trials of IMF 2 (for each channel), and then averaging across channels and trials.

https://doi.org/10.1371/journal.pcbi.1014521.g002



PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014521  July 24, 2026 6 / 21

dependence, meaning that high-amplitude bursts of IMF 2 have a precise IMF 4-phase-preference. To clarify the strength 
of the effect, we also show the same curve for a null model (the gray line in Fig 2C). To obtain the null model, we have 
matched the IMF 2 time series of each trial with the IMF 4 from a randomly selected trial, thus disrupting the temporal cor-
respondence between the phase of the slow oscillation and the amplitude of the fast one. Note that this null model is par-
ticularly conservative, since we disrupt the two-modes-correspondence without the need to generate an artificial shuffled 
signal for IMF 4; instead, we consider a surrogate signal with the same autocorrelation characteristics of the original. As it 
is possible to see, in a scenario without modulation, the PAC curve would be a flat line corresponding to a baseline value, 
displaying thus no phase-preference. Remarkably, in all the animals, we find a PAC curve that is significantly far from the 
null model (see Supplementary Material for the results for all the animals).

Avalanche dynamics during spontaneous activity.  We then studied the distribution of avalanches during 
spontaneous activity by analyzing multi-unit activity (MUA) recordings. Indeed, as opposed to LFPs, MUAs display 
discrete events by nature and thus allow an avalanche analysis less sensitive to signal-thresholding [62–64]. In order 
to detect avalanches, we employed the average inter-event interval (also called ISI, i.e., inter-spike interval) (see the 
Methods section for the full details). This resulted in the following ISI for avalanches analysis in the ongoing activity of 
the barrel cortex for the four rats: 5.37± 0.04 ms, 3.57± 0.03 ms, 4.04± 0.03 ms, 4.12± 0.03 ms; and the following 
ones for the thalamus: 2.74± 0.01 ms, 2.60± 0.01 ms, 1.97± 0.01 ms, 1.66± 0.004 ms. In the barrel cortex, power-
law distributions were observed both in the duration and size of the avalanches, i.e., we found that the avalanches’ sizes 
were distributed as p(S) ∼ S–τ  and the avalanches’ durations as p(T) ∼ T–τt  (Fig 3A–3B), indicative of a highly structured 
spatio-temporal dynamics. Interestingly, the exponent δfit  linking the average size given duration ⟨S⟩(T) and the duration 
itself of an avalanche T (see inset in Fig 3B) is δ = 1.30± 0.05, close to the one observed by [24](δfit ≈ 1.28), [23] 
(δfit ≈ 1.3), and [62,65] (δfit  in the range 1.21-1.28). Notably, the same analysis of neuronal avalanches in the thalamus 
did not reveal the presence of power-law distributions. Instead, as can be seen from Fig 3E and 3F, the distributions 
are better fitted by exponentials. Also, the relation between ⟨S⟩(T) and the duration itself of an avalanche T revealed 
a scaling that can be observed in trivial processes [65], with an exponent δfit = 1.09± 0.03 close to one. This means 
indeed that avalanche sizes are simply proportional to avalanche durations, without exhibiting any particular spatio-
temporal dynamics. These results interestingly suggest that avalanches emerge in the barrel cortex and are not already 
present at the thalamus stage.

In the barrel cortex, where we observe power-law distributed avalanches, we also computed avalanches’ density, 
defined as a measure of the presence of avalanches in a given interval of time (see Fig 3C–3D). We computed the cou-
pling between the slow oscillation phase and the fraction of avalanches derived from multi-unit activity (MUA), which also 
follows a sinusoidal pattern consistent with the one observed in LFP signals (Fig 3C–3D). This suggests that avalanches 
in the barrel cortex consistently occur in specific phases of the slow oscillation, following the same pattern of the IMF 2 
oscillation (Fig 2C). Importantly, these features suggest that avalanches and fast oscillations (IMF 2) are complementary 
aspects of the same underlying dynamics. Indeed, the avalanche detection algorithm groups in the same avalanche oscil-
latory bursts (consequent oscillatory cycles) that happen across the barrel column. The slow oscillation, in turn, modulates 
the timing of both processes. Our results support a scenario in which scale-free avalanche dynamics coexist with, and are 
temporally structured by, nested oscillatory processes.

Neural activity after whisker stimulation

EMD Analysis of post-stimulation oscillations.  We also applied the EMD analysis in the periods following whisker 
stimulation, to understand its effect on IMFs 2 and 4. We again used the Hilbert-Huang transform to extract the power 
of the peak of each IMF considering a time interval of two seconds after the stimulation. We then performed t-tests on 
the IMF power peaks for statistically comparing evoked activity and ongoing activity, both in the barrel cortex and in 
the thalamus (Table 1 for the statistical results). Results in Table 1 indicated a significant difference in the IMF 2 band 
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between spontaneous and post-stimulus activity within the barrel cortex. Whisker stimulation reinforces the oscillation in 
this frequency range, while in the thalamus, p-values are always greater than 0.01. Moreover, as found in resting state 
recordings, the peaks in this band were more pronounced in the barrel cortex than in the thalamus, as shown in Fig 4A-4C.  

Fig 3.  Avalanches during spontaneous activity in the barrel cortex and thalamus and coupling between the slow oscillation and the fraction 
of avalanches. (a, b) Avalanches’ sizes (S) (a) and durations (T) (b) distribution in the barrel cortex during spontaneous activity calculated using MUAs. 
In the inset of (b) it is possible to see the relation between ⟨S⟩(T) and T. (c) Coupling between the phase of IMF 4, i.e., the low-frequency oscillation of 
the barrel signals and the fraction of avalanches in the barrel cortex. The shaded band indicates the standard deviation across trials. The black line indi-
cates the results for a null model, which is obtained by randomly associating the trials of the fraction of avalanches’ time series with the trials of the IMF 
4 phase. (d) Example of a trace of the fraction of avalanches with the respective evolution of IMF 4. Note that IMF 4 in Figure (d) has been flipped with 
respect to the x–axis since in local field potentials (LFPs), negative peaks correspond to neural population activations. In contrast, avalanche density 
is always expressed as a positive quantity and does not exhibit negative values. (e, f) Avalanches’ sizes (S) (e) and durations (T) (f) distribution in the 
thalamus during spontaneous activity calculated using MUAs. In the inset of (f) it is possible to see the relation between ⟨S⟩(T) and T.

https://doi.org/10.1371/journal.pcbi.1014521.g003
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In contrast, oscillations in the IMF 4 band were present consistently across both cortex and thalamus without significant 
differences between resting and post-stimulus states.

Avalanche statistics after stimulation.  After whisker stimulation, we analyzed avalanche dynamics, finding a power-
law distribution in avalanche sizes in the barrel cortex, as observed during spontaneous activity (see supplementary 
material). However, a slight bump in the distribution was observed, corresponding to large avalanches related to the 
stimulus. This result is consistent with our previous finding [62]. These enhanced avalanches co-occurred with IMFs 2 
oscillations in the barrel cortex (Fig 4B), suggesting that post-stimulation oscillations may coexist with an increase in 
avalanche activity. See the Supplementary Materials for an intuition on the relationship between avalanches and the fast 
oscillation. On the other hand, in the thalamus, we found avalanche distributions very similar to the spontaneous activity 
ones, described by exponential distributions (see supplementary material).

Modelling the neural dynamics in the barrel cortex

Oscillatory activity in the model in resting state.  Finally, we investigated the emerging properties of the neural 
dynamics of the barrel cortex by using a modified version of the reduced model proposed by Pinto and Ermentrout [58,66] 
schematized in Fig 5A. We used the same set of parameters identified experimentally in a previous study [67], which were 
calibrated and fitted to match the neural activity observed in the barrel cortex following whisker stimulation in rats (see 
Methods for details). In our work, the parameters differ only for the one that describe the cortical-thalamic connections, 
which are calibrated to describe our data and differ (within the experimental standard deviations provided by [58]) with 
those obtained in the Kyriazi and Simons study [67]. Specifically, the weight of the connection between the thalamus 
and the inhibitory population (wti ) was decreased. In such a way, while the internal circuit of the barrel cortex remains 
dominated by inhibition, as was the case in the original derivation of the model [58], our model contains limit cycles in 
its dynamical repertoire with frequencies that remarkably overlap in the range 10–15 Hz of the frequencies that we find 
experimentally. Interestingly, using MUAs firing rates from the thalamus at resting state as input, the model exhibits both 
slow oscillations (IMF 4) and faster oscillations (IMF 2), that can be observed experimentally. Fig 5B–5E shows the activity 
of the model and spectrum for IMF 2 and IMF 4 for spontaneous activity. We also computed the phase-amplitude coupling 

Fig 4.  Barrel cortex and thalamus oscillatory activity after whisker stimulation. (a) Firing rate obtained from MUAs by averaging across all trials, 
after whisker stimulation (at time zero). Oscillatory activity at 11 Hz is observed in the barrel cortex immediately after stimulation. Such oscillation is 
absent in the thalamus. (b, c) Marginal Hilbert spectrum of IMF 2 and 4. As in the case of spontaneous activity, the power of the IMF 2 is significantly 
higher in the barrel than in the thalamus. Moreover, by comparing inset (b) with those of Fig 2, there is a significant increase in the power of IMF 2 after 
whisker stimulation (but see also Table 1).

https://doi.org/10.1371/journal.pcbi.1014521.g004
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between these two modes exhibited by our model and found that they constitute nested oscillations, as observed in Fig 
5D. Indeed, it shows a sinusoidal relationship between the phase of the slow oscillation and the amplitude of the faster 
oscillation, replicating our experimental results.

Avalanche dynamics in the model.  We then computed the avalanches’ also in the model, and studied coupling also 
as regards the fraction of avalanches. As detailed in the methods, we generated an event plot from the corresponding 
cortical firing rate, and then computed avalanches in the same way as they are measured experimentally. Importantly, our 
model is able to reproduce the barrel-cortex power-law distribution of avalanches that we observe experimentally (See 
Fig 6A and 6B). The scaling of ⟨S(T)⟩ as a function of T is also reproduced, with only very large avalanches deviating 

Fig 5.  Oscillatory activity in the model. (a) Schematic illustration of the cortical barrel circuit (composed of an excitatory (E) and an inhibitory (I) sub-
population) that receives external excitatory input from the thalamus (T). (b) In dark red, the time histogram of the firing rate of the thalamus (PT) during 
spontaneous activity obtained directly from MUAs, used as input of the model. In green, the firing rate of the excitatory units of the barrel cortex (Pe) in 
response to the thalamic input. (d) Phase-amplitude coupling is computed on the simulated data, which provides the relation between the phase of the 
low-frequency oscillation (IMF 4) and the amplitude of the high-frequency oscillation (IMF 2); note that the phase of the IMF 4 has been shifted of π , in 
order to help a comparison with Figs 2 and 3) where the IMF 4 of the Local Field Potential is considered (and thus in that case negative excursion corre-
sponds to activation of populations of neurons). (e) Marginal Hilbert spectrum of the intrinsic mode functions (IMF) 2 and 4 of the modeled cortical excit-
atory population. In (c, f), the same quantities of (b, e) are shown, yet giving as input the experimental thalamus’ firing rate after a whisker stimulation.

https://doi.org/10.1371/journal.pcbi.1014521.g005
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from it in the tails of the distributions [62,68]. Then, we computed the coupling between the phase of IMF 4 of Se  (cortical 
simulated activity) and the fraction of avalanches. Our modeling framework is able to reproduce the phase preference that 
we observe also experimentally as regards the fraction of avalanches (see Fig 6C and 6D).

Model response to whisker movement.  We then explored the model prediction of the neural activity after whisker 
movement by using as input the corresponding MUAs firing rates from the thalamus. We emphasize that we did not 
modify any of the parameters previously used to describe the resting state (see Table 2); the only change was the 
thalamic input, which we replaced with the experimentally measured firing rate following whisker stimulation (see Fig 5C). 
Remarkably, the model predicts the enhancement of the IMF 2 oscillations (see Fig 5F). We then performed a statistical 
(t-test) analysis of the peaks of the power of the excitatory population in the model. It indicated that the power of IMF 2 is 
significantly higher (p-value ≪ 0.01) in the after-stimulation period as compared to the resting state. This is in accordance 
with our experimental results of Table 1.

Discussion

In the current study, we investigated oscillations and avalanches in the thalamocortical circuit of urethane-anesthetized 
rats, both during spontaneous activity and after mechanical stimulation of the whiskers. In both cases, a low-frequency 
oscillation (IMF 4, with frequencies 2.78± 0.70 Hz (mean ± std of the distribution)) was detected concomitantly with 
a high-frequency oscillation (IMF 2, 11.13± 2.83 Hz (mean ± std of the distribution)). When the whisker is stimulated, 
the power of this oscillation increases in several layers of the barrel cortex. In the thalamus, this phenomenon was not 

Fig 6.  Avalanche dynamics in the model (a, b) Distribution of avalanche sizes and durations obtained from the cortical firing rate of the 
model. In the inset of (b) it is possible to observe the scaling between ⟨S(T)⟩ and T (mean avalanche size versus corresponding duration). (c) Coupling 
between the phase of IMF 4 of the synpatic drive of the cortical population, and the simulated fraction of avalanches, measured in the same way as in 
the experiments. (d) Example of a trace of the fraction of avalanches with the respective evolution of IMF 4.

https://doi.org/10.1371/journal.pcbi.1014521.g006
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observed. In general, the power of the higher frequency oscillation was larger in the barrel cortex compared to the thala-
mus, both in the evoked activity and in the spontaneous activity. In contrast, the power of the low- frequency oscillation in 
the barrel cortex did not change after whisker stimulation. Our results show a clear phase–amplitude coupling between 
low- and high-frequency oscillatory activity, where the phase of the slower rhythm modulates the amplitude of faster 
oscillations, consistent with the concept of “nested” oscillations [39]. This is in line with prior work by Ito et al., who demon-
strated modulation of gamma-band local field potential amplitudes by the respiratory rhythm [69], and with studies on the 
human thalamus that describe structurally constrained phase–amplitude coupling [38,61].

We found that neuronal avalanches in the barrel cortex follow a power-law distribution, indicative of complex temporal 
and spatial dynamics reminiscent of criticality [41,68]. Importantly, the phase of low-frequency oscillations modulates the 
density of avalanches calculated from multi-unit activity (MUA), mirroring the nesting seen in the LFPs.

By driving our model with empirical thalamic firing rates, we replicated the observed nested oscillations during rest and 
predicted their amplification upon stimulation. Our model is moreover able to reproduce the other resting-state phenom-
enologies of our experiments, i.e., the avalanches’ statistics, and the modulation of the fraction of avalanches through 
the slow oscillation. All these features are indicative of rich and complex spatio-temporal dynamics. Our earlier work [65] 
showed that critical-like dynamics, characterized by enhanced mutual information between spiking neurons across brain 
regions, can emerge under time-varying external inputs. In this regard, we note that our thalamo-cortical model does not 
operate persistently at a fixed critical point. Rather, due to the time-varying thalamic input, the cortical circuit dynamically 
fluctuates around the bifurcation. This feature is consistent with our experimental observations of intermittent oscillations. 
Indeed, our model shows that the avalanching (“critical-like”) behavior is due to the interplay of the external thalamic drive 
together with the intrinsic, non-linear dynamics of the barrel cortex. Both features combined lead to transient excursions 
above the Hopf bifurcation; these excursions end when the thalamus input decreases below the bifurcation threshold.

Table 2.  Reduced model of the barrel cortex‌‌.

parameter symbol value

resting potential (mv) ρ -60 mV

firing threshold (mv) θ -45 mV

temperature Te 12.03

– Ti 11.62

conversion factor γe 5

– γi 15

refractory parameter er 2.2

– ir 4.1

connection strength (mv) wee 1.0

– wei 1.0

– wie 2.0

– wii 1.5

– wte 3.9

– wti 1.5

number of synapses ec 42

– ic 12

– tce 12

– tci 10

decay constant (ms) τe 5

– τi 15

https://doi.org/10.1371/journal.pcbi.1014521.t002
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We hypothesize that the “critical-like” dynamics observed during resting state may provide a rich environment character-
ized by nested oscillations and avalanches, allowing for a flexible, yet structured, resting state network that may “prime” the 
cortex for rapid, coherent responses to whisker input. If this were the case, such preparatory dynamics could enhance the 
cortex’s ability to integrate incoming sensory information, implying that whisker-related processing is facilitated by resting-
state activity. The oscillations observed after whisker stimulation were already in the intrinsic repertoire of the resting state 
[2,8] and they may set a temporal scaffold within which avalanches can propagate in response to specific sensory stimuli. 
The interpretation we propose here is supported by our reduced excitatory-inhibitory neuronal population model.

Interestingly, often oscillations and power-law neuronal avalanches are seen in dichotomy [41], as the former are asso-
ciated with a scale-specific phenomenon, described by a characteristic temporal scale, while the latter lack a characteristic 
scale (scale-free), as they are distinguished by power-laws. However, we believe that this contradiction is only apparent 
if formalized in our framework. Indeed, the oscillations displayed by our experiments, and by our model, are transient and 
intermittent (they do not persist for the entire recording). In other words, even though a characteristic frequency of oscillation 
is present (that is, however, identified through empirical mode decomposition, which allows for a flexible frequency variability 
in time [53]), the durations of its bursts display inherent stochasticity and variability, and, when measured in terms of ava-
lanches, display a power-law distribution. This picture is consistent with recent (and less recent) works that indeed find no 
contradiction in the coexistence of oscillations, synchronizated oscillators, and power-law avalanches [17,41,68,70].

Notably, spindle oscillations in the 11–15 Hz range-previously observed in barrel cortex LFPs during sleep and anesthe-
sia [71] share this frequency band. Spindles, known to support memory consolidation [72], have also been documented 
during development [50] and anesthesia [73]. While we did not perform a formal spindle detection, the analyzed frequency 
range likely includes spindle activity.

This rhythm has been associated with resting-state synchrony, attention modulation, sensory hypersensitivity, and 
even seizure-like events [49,57,74,75]. Spindles are believed to originate in the thalamus [76], a hypothesis consistent 
with our model: oscillatory cortical output emerges when thalamic input exceeds a threshold, even though the input lacks 
spindle-like patterns.

It is important to notice that the experiments we conducted involved anesthetized rats, and it will be of foremost impor-
tance to confirm these results also on awake animals, to avoid confounders due to the anesthesia. Moreover, given that 
the rats are anaesthetized, we exclude that the spontaneous activity oscillations we observe correspond to some rats’ 
behavior, such as, for example, spontaneous whisking. We instead believe they constitute a neural activation of the intrin-
sic activity repertoire available to the animals. The fact that the spindle-frequency oscillations emerge prominently after the 
whisker is stimulated, suggests that these oscillations are linked to a latent dynamical mode relevant for sensory inputs, 
rather than just an effect of anesthesia. On the other hand, we believe that there is the possibility that the oscillations with 
frequency below 4 Hz are affected by anesthesia [77,78]. Indeed, urethane anesthesia is known to display UP and DOWN 
states [24,78], compatible with the slow oscillations in our recordings. In the present analysis, we did not explicitly seg-
ment the recordings into distinct brain states (e.g., UP and DOWN states), and avalanche statistics were computed over 
the entire recording. This choice was motivated by the fact that our primary goal was to characterize the overall statistical 
properties of the ongoing activity, considering its temporal dynamics, rather than to isolate state-specific regimes. Also, the 
study of different cortical states in our case would have required a severe segmentation of the recordings, disrupting the 
continuity of temporal dynamics, which was our main object of interest. We acknowledge, however, that a segmentation 
into UP and DOWN states could reveal differences in avalanche statistics across conditions [24,51], potentially leading to 
regimes that deviate from or more closely follow power-law behavior. Importantly, the analysis of oscillatory activity was 
specifically designed to account for transient and nonstationary dynamics, as it relies on empirical mode decomposition, 
which does not assume stationarity and does not average over time in the same way as classical spectral methods. This 
makes it well-suited to capture intermittent oscillations across varying brain states. Regarding avalanche statistics, we find 
that considering the full recording yields power-law-like distributions.
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In [51], the authors performed an interesting analysis related to the topic of our work, and they were able to correlate 
signatures of criticality in the ongoing activity of barrel cortex of urethane anesthetized rats, depending on the cortical 
state, to an increase in the dynamic range. While in all the rats that we analyzed, we both found signatures of criticality (in 
terms of neuronal avalanches) and an increase in the power of the intrinsic IMF 2 rhythm, it would be an interesting future 
direction to correlate signatures of criticality to the relative amount of stimulus encoding, also depending on the level of 
anesthesia or on the cortical state.

Finally, the present work contributes to show that these ≈ 11 Hz spindle-like oscillations may be a relevant collective 
neural activity for the processing of whisker-related sensory input in the barrel cortex, and it is important to notice that their 
frequency is remarkably close to that of whisker twitching (7–12 Hz). The fact that our model admits a limit cycle in the 
barrel cortex has an important consequence in terms of oscillation theory. Indeed, in oscillation theory, the existence of a 
limit cycle or self-sustained oscillation is the basic ingredient for synchronization phenomena [79]. So, given the closeness 
of the frequency ranges of whisker (7–12 Hz) and barrel oscillations (≈ 11 Hz), we hypothesize that a synchronization 
mechanism could facilitate information transfer between these regions over a wide frequency range. Notably, we verify 
this hypothesis in a different work [71]. Our results thus support the hypothesis that spontaneous neural activity in the 
barrel cortex plays a significant physiological role, priming the barrel cortex for efficient processing of sensory input from 
whisker movements.

Methods

Ethics statement

All experimental procedures were approved by the University of Padova Animal Welfare Body (Organismo Preposto al 
Benessere Animale, OPBA) and by the Italian Ministry of Health, Directorate General for Animal Health and Veterinary 
Medicinal Products (authorization number 522/2018-PR).

Surgical preparation

Wistar rats are kept in the animal research facility of the Department of Biomedical Sciences of the University of Padua under 
standard environmental conditions. Four young adult rats undergoing the experiments are in the range of P25-P35 (being P0 
on the day of birth) with a body weight between 80 and 160 g and of both genders. Electrophysiological signals are acquired 
at 25 kHz from a 32 iridium-oxide electrodes array using an RHS stimulation/recording controller from Intan Technologies 
(Los Angeles, California, USA). Rats are anesthetized with an intraperitoneal induction dose of urethane (0.15/100 g of the 
body weight), followed after half an hour by an additional dose (0.015/100 g of the body weight) and after other 10 minutes 
by a sub-cutaneous dose of Carprofen painkiller (Rimadyl; 0.5 mg/100 g of the body weight). The animal is then positioned 
on a stereotaxic frame and the head is fixed by teeth- and ear-bars. Body temperature is maintained at 37°C by a heating 
pad and monitored by a rectal probe using a homeothermic monitoring system (World Precision Instruments ATC1000 DC 
temperature controller) throughout the procedure. An anterior-posterior opening in the skin is made in the center of the head 
and a dedicated window in the skull is drilled over the right somatosensory barrel cortex at stereotaxic coordinates from -1 
to -4 AP, from +4 to +8 ML referred to bregma [80,81], and the probe is inserted orthogonally to the cortical surface using a 
micromanipulator (PatchStar; Scientifica). The depth is set at 0 when the electrode proximal to the chip tip touches the corti-
cal surface. An Ag/AgCl electrode bathed in standard Krebs solution (in mM: NaCl 120, KCl 1.99, NaHCO 3 25.56, KH 2 PO 
4 136.09, CaCl 2 2, MgSO 4 1.2, glucose 11) in proximity of the probe is used as a reference.

Electrophysiological recordings

Thalamocortical signals are recorded by inserting a 32-channels linear probe (E32 + R-200-S1-L20 NT, Atlas Neuro, Leuven, 
Belgium, with a pitch between the electrodes of 200 µm) at coordinates −2.9 AP, + 6.4 ML. This position allows to acquire 
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simultaneous signals from the barrel cortex and the ventral posteromedial nucleus (VPM) of the thalamus using 30 out of 
the 32 channels. Whiskers are cut to 10 mm and individually inserted up to 8 mm into a 25G hypodermic needle (BD Plasti-
pak, Madrid, Spain), that is glued to a multilayer piezoelectric bender with integrated strain gauges and powered by a power 
amplifier (P-871.122 & E-650.00, Physik Instrumente, Karlsruhe, Germany). The mechanical stimulation is controlled by a 
waveform generator (Agilent 33250A 80 MHz, Agilent Technologies Inc., Colorado, USA), whose output is recorded synchro-
nously with the neural signal. The most responsive whisker, i.e., the one providing the highest evoked LFP amplitude, is then 
selected for recording and stimulation. Data are collected in 5-minutes sets of 30 stimulation trials, while stimulations of the 
whisker are administered mechanically by a displacement of the cannula of 5 ms duration and 100 µs rise/fall time every 10 
seconds. This long time between stimuli ensures protection against any dynamic adaptation to stimuli [73]. In the thalamo-
cortical recordings an artifact at 100 Hz is evident, and it is eliminated in the LFPs through a notch filter. To extract Local Field 
Potentials data from the raw recording, the signals are filtered straight and reverse to achieve linear phase with a second- 
order bandpass Butterworth IIR filter with a cutoff frequency of 1 Hz (lower) and 70 Hz (higher). To extract multiunits activity 
data (MUAs) from the raw recording, the signals are filtered straight and reverse to achieve linear phase with a second-order 
bandpass Butterworth IIR filter with a cutoff frequency of 300 Hz (lower) and 3 kHz (higher). The spatial average of the signal 
recorded by the 32 channels is removed from each channel to reduce the correlated noise [82].

Histological verification of probe insertion

The position of the recording probe within S1 cortex and thalamus estimated by LFP profiles [83,84] was verified histolog-
ically in sample experiments. To this purpose, at the end of the recording session the rat was sacrificed and, after careful 
withdrawal of the probe, the brain explanted, formalin fixed and paraffin-embedded. Five micrometers thick coronal slices 
were stained by Nissl cresyl violet (see Supplementary Materials)

Data analysis
Firing rate.  MUAs are recognized by detecting negative peaks below a threshold of 4/0.675 times the median of 

the absolute value of the signal [82]. The firing rate is estimated by the sum in a moving window of 60 ms of the spikes 
detected in each channel.

Empirical mode decomposition (EMD) and intrinsic mode functions (IMF).  We use empirical mode decomposition 
(EMD) [53] through the EMD package [85] in order to study the frequency content of non-stationary and non-linear 
physiological signals. The EMD isolates a small number of temporally adaptive basis functions (intrinsic mode functions, 
IMF) and derives the dynamics in frequency and amplitude directly from them. The IMFs are obtained through an iterative 
process called sifting [53], that ensures that the EMDs are symmetric with respect to the local zero mean, and have 
the same numbers of zero crossings and extrema. This ensures a well-defined instantaneous frequency. Indeed, after 
performing the Hilbert transform [60] on each IMF component Yj , and after computing the instantaneous frequency as 
ωj(t) =

dθj(t)
dt  (where Yj(t) = aj(t)eiθj(t) ), we can express the data in the following form

	

X(t) =
n∑
j=1

aj(t) exp
(
i
∫

ωj(t)dt
)
.

	 (1)

where the index j indicates the j-th IMF and ωj(t) and aj(t) are respectively the instantaneous frequency and amplitude for 
IMF j at time t. Thus, we have broken through the restriction of the constant amplitude and fixed-frequency Fourier expan-
sion, and arrived at a variable amplitude and frequency representation.

Equation 1 also enables us to represent the amplitude and the instantaneous frequency as functions of time in a 
three-dimensional plot, in which the amplitude can be contoured on the frequency-time plane. This frequency-time distri-
bution of the amplitude is designated as the Hilbert amplitude spectrum, H(ω, t), or simply Hilbert spectrum. In particular, 
in this work, we have considered the marginal Hilbert Spectrum,
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h(ω) =

∫ T

0
H(ω, t)dt.

	

The marginal spectrum offers a measure of total amplitude (or energy) contribution from each frequency value. The 
frequency in either H(ω; t) or h(ω) has a totally different meaning from the Fourier spectral analysis. In the Fourier repre-
sentation, the existence of energy at a frequency, ω , means a component of a sine or a cosine wave persisted. through 
the time span of the data. Here, the existence of energy at the frequency, ω , means only that, in the whole time span of 
the data, there is a higher likelihood for such a wave to have appeared locally. In fact, the Hilbert spectrum is a weighted 
non-normalized joint amplitude-frequency-time distribution.

To a correct application of the EMD algorithm, common practice states that the IMFs should be well separated - the 
components should have low correlations/orthogonality scores - and the instantaneous frequency content of the IMFs 
should not strongly overlap (no mode mixing). This can be achieved by using a pseudo-mode splitting index (PMSI) [86]. 
In particular, we applied to the local field potential recordings a mask-sift algorithm, that overcomes some limitations of the 
standard sift algorithm with intermittent and noisy signals [87], by masking some chosen frequencies in the signals so to 
avoid mode mixing. Indeed, choosing a frequency mask effectively puts a lower bound on the frequency content that can 
enter a particular IMF. The frequency of the first mask was set to 30 Hz, and the mask step factor was set to 2 (default 
value) [85] (by simulations, it was shown that a mask at a given frequency f suppresses frequencies below 0.7× f [88]) 
(see Supplementary Materials for other details of the EMD analysis).

Phase-amplitude coupling, phase-avalanche coupling.  Phase amplitude coupling is computed by using the EMD 
package [85] between the second IMF amplitude and the fourth IMF phase. Cycles are detected in the fourth IMF, and 
the corresponding phase is binned. Then, the amplitude of IMF 2 is associated with its respective phase bin, and the 
amplitude values are averaged across all the cycles that are found. The same procedure is applied to study the coupling 
between the phase of IMF 4 and the fraction of avalanches. The only difference is that the binned phases of IMF 4 are 
associated with the corresponding fraction-of-avalanches value.

Avalanches’ statistics and avalanches’ density.  Avalanches are computed using standardized pipelines [16,62]. MUAs 
are recognized by detecting negative peaks below a threshold of 3/0.675 times the median of the absolute value of the signal. 
Then, the average inter-event interval is computed [16] to bin the data. Indeed, the distributions of inter-event intervals that 
we found, both in the barrel cortex and in the thalamus, were not heavy-tailed, nor bimodal, hence we employed the standard 
practice to take the mean of the distribution as the reference time bin for the avalanches. This resulted in the following ISI for 
avalanches analysis in the ongoing activity of the barrel cortex: 5.37± 0.04 ms, 3.57± 0.03 ms, 4.04± 0.03 ms, 4.12± 0.03 
ms; and the following ones for the thalamus: 2.74± 0.01 ms, 2.60± 0.01 ms, 1.97± 0.01 ms, 1.66± 0.004 ms. Avalanches 
are then detected as sequences of time bins with activity, separated by empty bins. The number of events in an avalanche 
is the size of an avalanche, while the number of bins is the duration of an avalanche. They are fitted with power-laws using 
a corrected maximum-likelihood method [62]. Indeed, the avalanches sizes and durations distributions are fitted using the 
maximum likelihood method. The fitting function for both avalanche sizes and duration is a discrete power-law:

	
p(y;α) =

y–α∑x=xmax
x=xmin

x–α
.
	 (2)

The parameter xmax  is set to the maximum observed size or duration. Then the tails of the distributions are fitted by 
selecting as parameter xmin  the one that minimizes the Kolmogorov-Smirnov distance (KS), following the method pro-
posed by Clauset et al. [89]:

	
KS = max

y≥xmin
|S(y) – P̂(y)|

	 (3)
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where S(y) is the cumulative distribution function (CDF) of the data and P̂(y) is the CDF of the theoretical distribution fitted 
with the parameter that best fits the data for y ≥ xmin .

After finding the best-fit power law, to assess goodness-of-fit we compared the experimental data against 1000 sur-
rogate datasets drawn from the best-fit power law distribution with the same number of samples as the experimental 
dataset. The deviation between the surrogate datasets and a perfect power law was quantified with the KS statistic. The 
p-value of the power-law fit was defined as the fraction of these surrogate KS statistics which were greater than the KS 
statistic for the experimental data. Note that the data were considered power law distributed if the null hypothesis could 
not be rejected, namely if the the p-value turned out to be greater than the significance level, which was set to a conserva-
tive value of 0.1.

Then, the avalanche density as a function of time is calculated, as it was proposed in [90], i.e., it is computed 
as the fraction of time occupied by avalanches in a time T

0
, with a sliding step of t = 1

sampling rate . T
0
 was set to 

5× average inter event interval.
Brain activity in the barrel cortex was modeled using a set of equations similar to the well-known Wilson-Cowan system 

[91]. This model has been previously used to describe the barrel cortex of rats, providing a good qualitative and quantitative 
agreement with anatomical and physiological properties of the barrel cortex as well as its response to whisker stimulation 
[58]. This model is the result of a reduction of a biologically detailed spike-model of a single barrel previously developed by 
Kyriazi and Simons [67] (with 70 excitatory and 30 inhibitory neurons, modeled as leaky linear integrators). The resulting 
model consists of one excitatory and one inhibitory neuronal population simulating the barrel cortex, connected with each 
other and receiving thalamic input. The thalamic input is introduced in the form of time histograms (TH). The corresponding 
equations describe the dynamics of the average synaptic drive of both excitatory and inhibitory populations,

	

τe
dSe

dt
= –Se(t) + γe(1 – erPe(Se))Pe(weeecSe(t) + wtetceST(t) – wieicSi(t))

τi
dSi

dt
= –Si(t) + γi(1 – irPi(Si))Pi(weiecSe(t) + wtitciST(t) – wiiicSi(t))

τe
dST

dt
= –ST(t) + TH(t),

	

The reduced equations succinctly define the relationship between three distinct measures of neuronal activity (see 
equation 4, in which for simplicity we don’t consider the refractory effect), as mentioned in the main text: voltage, firing 
rate, and a measure which we describe as synaptic drive (Se  and Si  are the synaptic drives and are linked to the firing 
rate through the conversion factors γe , γi  of the excitatory and inhibitory populations, respectively).

	

τe
dSE

dt
+ SE(t)︸ ︷︷ ︸
Synaptic Drive

=

Firing rate︷ ︸︸ ︷
Pe(weeecSE(t) + wtetcST(t) – wieicSI(t)︸ ︷︷ ︸

Voltage

)

	 (4)

Pe  and Pi  are activation functions (excitatory and inhibitory), given by,

	
Pe,i(V) =

1
2

(
1 + erf

(
V – (θ – ρ)

Te,i

))
,
	 (5)

where V is the membrane potential and Te,i  is the temperature for activation function of the excitatory and inhibitory pop-
ulations. The parameters θ and ρ are the firing threshold and the resting membrane potential, respectively. Here erf(x) is 
the Gauss error function, defined in the usual way,
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erf(x) =

2√
π

∫ x

0
e–y

2

dy.
	 (6)

The parameters of the model used in this work are summarized in Table 2 and were calibrated experimentally [67].
In our case, we give as input to the model the time histograms of thalamus activity either after stimulation of the rat whisker 

or during spontaneous activity. Note that the balance of feedforward (thalamic) inhibition over excitation ( wti
wte

) and the refractory 
parameter er are varied (see Table 2, but within the standard deviations provided by [67]) so that the model can admit a limit 
cycle and behaves as an amplifier, as predicted in [66] (while it behaves as a damper with higher values of wti).

Avalanches analysis in the model

Avalanches and the coupling of the fraction of avalanches with the slow oscillation are measured in the model in the same 
way as they are analyzed in the data. For this purpose, spiking events from a number of artificial neurons of the same 
order of magnitude as the number of channels that we have, is generated. To generate the spiking data, each neuron is 
modeled as an inhomogeneous Poisson process with a time-varying rate equal to the firing rate of the cortical population 
[92]. Note that with this choice, the population firing rate equals the firing rate generated by the model. Then, the average 
inter-event interval is computed and avalanches are studied in the same way as in the data.
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after the whisker stimulation in the rat barrel cortex. (b) Marginal Hilbert spectrum during spontaneous activity in the rat barrel 
cortex. (c) Marginal Hilbert spectrum after the whisker stimulation in the rat thalamus. (d) Marginal Hilbert spectrum during 
spontaneous activity in the rat thalamus. Same in 2, 3, 4, for three additional rats. Fig E in S1 text Avalanches distribution in 
the barrel cortex during spontaneous activity (1) and after stimulation of the whisker (2) Avalanches distribution in the thala-
mus during spontaneous activity (3) and after stimulation of the whisker (4) (Rat 1). Fig F in S1 text Avalanche distributions 
for an additional rat (rat 2), same analysis as in Figure S5. Fig G in S1 text Avalanche distributions for an additional rat (rat 
3), same analysis as in Figure S5. Fig H in S1 text Avalanche distributions for an additional rat (rat 4), same analysis as in 
Figure S5. Fig I in S1 text Phase amplitude coupling (PAC) between the phase of Intrinsic mode function 4 and the ampli-
tude of intrinsic mode function 2. Fig J in S1 text Coupling between the phase of Intrinsic mode function 4 and the fraction 
of avalanches. Fig K in S1 text Histological verification of probe insertion and LFPs profile. Fig L in S1 text Results for the 
model (with Rat 1 firing rate as input). Fig M in S1 text Results for the model (with Rat 2 firing rate as input). Same as in 
S12, for rat 2. Fig N in S1 text Results for the model (with Rat 3 firing rate as input). Same as in S12, for rat 3. Fig O in S1 
text Results for the model (with Rat 4 firing rate as input). Same as in S12, for rat 4.
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