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Abstract 

The balance between excitation and inhibition is a fundamental determinant for the 

dynamics and functional properties of neuronal networks. In humans, however, it is 

difficult to measure the excitation-inhibition ratio (E/I). Here, we show in a computational 

model that spontaneous fluctuations in the amplitudes and long-range temporal correlations 

of neuronal oscillations are coupled to the structural E/I set by neuronal connectivity, which 

offers a novel means for estimating E/I of neuronal networks in vivo. In addition, the model 

predicted a negative relationship between the estimated excitation-inhibition ratio, 𝐸𝐸/𝐼𝐼� , and 

stimulus-related phase locking. We tested this prediction with human 

magnetoencephalography and found a salient negative correlation between the local cortical 

𝐸𝐸/𝐼𝐼�  and the phase-locking responses evoked by weak somatosensory stimuli. Hence, the 

balance of excitation and inhibition in the human cortex is measurable and controls both the 

emergent dynamics and stimulus processing of neuronal networks. 

Introduction 

A balanced excitation-inhibition ratio (E/I) is crucial for the functioning of neuronal 

networks and is actively regulated by neuromodulation (Carcea and Froemke 2013) and 

mechanisms maintaining structural homeostasis (Turrigiano and Nelson 2004). In 

particular, the emergent dynamics of ongoing network activity are determined by E/I, 

which has been shown by pharmacological and optogenetic interventions in vitro and in 

vivo (Shu et al. 2003; Turrigiano 1999; Yizhar et al. 2011) as well as by computational 

modelling (van Vreeswijk and Sompolinsky 1996; Brunel 2000; Poil et al. 2008). 

Nonetheless, a rigorous definition of E/I at the network level is lacking and has never been 

estimated from non-invasive recordings in humans, which leaves unresolved how the net 

balance between excitation and inhibition regulates human network dynamics and functions 

in vivo. 

One theory that relates E/I and emergent activity is that of critical brain dynamics 

(Chialvo 2010; Beggs and Timme 2012; Deco et al. 2013; Shew and Plenz 2013). This 

theory posits that neuronal networks operate near the critical point of a phase transition 



75 
 

Chapter 4  
 

between an ordered sub-critical phase and a disordered super-critical phase and that the 

primary parameter controlling this operating point is E/I. Near such a critical point, the 

network activity characteristically exhibits spatio-temporal correlations with power-law 

decay. Neuronal avalanches—cascades of local field potential peaks propagating across 

recording sites—provide evidence for criticality both by being characterized by power-law 

scaling in the sizes of these cascades (Beggs and Plenz 2003; Petermann et al. 2009; Arviv 

et al. 2015) and by the loss of this scaling when E/I is altered pharmacologically (Beggs and 

Plenz 2003). Moreover, long-range temporal correlations (LRTC) of a power-law form—

another hallmark of critical dynamics—are also ubiquitous in amplitude fluctuations of 

neuronal oscillations (Linkenkaer-Hansen et al. 2001; Hardstone et al. 2012). Crucially, the 

LRTCs are altered by pharmacological manipulations of E/I both in vitro (Poil et al. 2011) 

and in humans in vivo (Monto et al. 2007). 

Several lines of theoretical and experimental evidence hence suggest that a 

balanced E/I tunes neuronal networks to operate near a critical state. However,  in spite of 

the fixed structural E/I set by network wiring and synaptic connections, computational 

models of critical oscillations exhibit  slow changes in the momentary states of waxing and 

waning activity (Poil et al. 2012) which may be viewed as ongoing shifts in functional E/I. 

But how would we quantify such a functional E/I? And would it relate to the stimulus 

processing capabilities of the network?  

Using computational modeling, we report here that the dynamics of oscillation 

amplitudes and LRTC scaling exponents are mutually coupled and related to the structural 

E/I of the network. This coupling can thus be used to functionally estimate E/I, which 

opened an avenue for constructing a novel biomarker of local cortical excitation-inhibition 

ratio,𝐸𝐸/𝐼𝐼�  applicable to human magnetoencephalography (MEG) recordings. We found that 

human subjects displayed a wide range of 𝐸𝐸/𝐼𝐼� . Importantly, as predicted by computational 

modelling, individual 𝐸𝐸/𝐼𝐼�  predicted the magnitude of phase-locking of ongoing cortical 

oscillations to somatosensory stimuli in a threshold-stimulus detection task (TSDT). These  
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Figure 1: Multi-level criticality is 
strongly dependent on structural E/I. 

A)  Excitatory and Inhibitory neurons are situated in a 
2D grid. Connectivity is defined as the percentage of 
connected neurons within a local range (dashed lines). 
This connectivity is set separately for excitatory and 
inhibitory neurons. Structural E/I was defined as the 
ratio of connections that connect two excitatory 
neurons to connections that do not connect two 
excitatory neurons. 
B) Network activity shows clear oscillatory activity in 
the 8–16 Hz band. Power spectrum shows activity for 
three networks with structural E/I of 0.8 (blue), 1.0 
(green), and 1.2 (red). 
C) Power in the 8–16 Hz band increases with 
structural E/I. The three networks shown in (B) are 
indicated with the same color. (Thick line) Running 
mean values of 300 networks (thin lines) +/- 1 
standard deviation 
D) Detrended fluctuation analysis (DFA) applied to 
the amplitude envelope of 8–16Hz filtered signals.  
(black) DFA applied to a filtered white noise signal 
(8–16Hz). 
E) DFA exponents peak at a structural E/I of 1.0. 
F) The neuronal avalanche-size distribution shows 
power-law scaling at a structural E/I of 1.0 (green 
circles) with a slope of -1.5 (dashed line). A lower 
ratio results in an exponential distribution (blue 
triangles). A higher ratio (red squares) has a clear 
characteristic scale.  
G) The kappa index of avalanche power-law 
distribution increases with increasing structural E/I of 
the network. Critical avalanches have K = 1.0 and 
emerge for networks with structural E/I of 1.0. 
  



77 
 

Chapter 4  
 

data thus show that the operating point of human cortical networks varies between sub- and 

super-critical regimes and has a profound influence on individual stimulus processing. 

Results 

Structural E/I determines the spatial and temporal dynamics of activity 

We adapted a previously developed Critical Oscillations (CROS) model of spontaneous 

neuronal activity (Poil et al. 2012) to assess here the relationship of emergent dynamics and 

the structural E/I. This model comprises excitatory and inhibitory integrate-and-fire neurons 

arranged randomly in a grid (Fig. 1A). The connectivity of these neurons is determined by 

the percentage of other neurons within a local range that each excitatory and each inhibitory 

neuron connects to (Fig. 1A). We defined the network’s structural E/I to be the ratio of all 

synapses in a network that connect two excitatory neurons to all synapses that do not 

connect two excitatory neurons 

The CROS model produces oscillatory activity in the 8–16 Hz range (Poil et al. 

2012). Examining the power of these oscillations at different levels of structural E/I (Fig. 

1B), we found a clear increase in 8–16 Hz power with increasing structural E/I (Fig. 1C) up 

to a very high ratio of 1.8. The power of network oscillations was thus strongly linked to 

the structural E/I. 

The model’s network oscillations showed complex amplitude fluctuations in 

amplitude over time. To quantify long-range temporal correlations (LRTC), an index of 

critical dynamics, we used the detrended fluctuation analysis (DFA) of the amplitude 

envelope of the 8–16 Hz oscillations (Hardstone et al. 2012). DFA scaling exponents 

significantly above 0.5 and up to 1 indicate LRTC of a power-law form. DFA of the 

representative network signals used in Fig. 1B indeed revealed significant LRTC (Fig. 1D). 

However, these LRTC were dependent on the structural E/I so that their scaling exponents 

peaked at around a ratio of 1 (Fig. 1E). This corroborates prior observations and suggests 

that a balance of excitatory and inhibitory forces is associated with the strongest LRTC in 

ongoing oscillations and the network operating at the critical point. 
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To obtain an independent validation for this notion, we examined neuronal 

avalanche dynamics (Beggs and Plenz 2003) in these networks. The size of an avalanche 

was defined as the number of neurons spiking between two time-steps of 1 ms of no 

activity. For a critical-state system, the size distribution is a power-law with a scaling 

exponent of -1.5 (Fig. 1F). To quantify the proximity of the measured avalanche size 

distributions to the power-law of -1.5, we used the κ index (Shew et al. 2009). Critical 

dynamics of avalanches (κ = 1.0) were indeed found for a structural E/I of 1 (with sub-

critical dynamics found for a ratio < 1 and super-critical dynamics for a ratio > 1), which 

indicates that both the spatial and temporal power-law scaling behavior in network activity 

are controlled by the structural E/I. 

E/I can be estimated from oscillatory network activity 

The strong link between the structural E/I and the oscillation amplitudes and LRTC (see 

Fig. 1) suggested that if there were dynamic shifts in the momentary functional E/I, it could 

be possible to estimate the structural E/I from measurements of network activity. However, 

neither the amplitudes nor LRTCs alone are sufficient (Fig. 2A). The illustration of the 

relationship between DFA and E/I shows that the DFA exponent indicates the proximity of 

the E/I to being balanced (green), but does not dissociate networks with excess excitation 

(red) from those with an excess of inhibition (blue). On the other hand, the relationship 

between oscillation power and E/I differentiates networks with high ratios from those with 

a low ratio, but leaves undisclosed the proximity to balanced E/I. Thus, given the 

correlational relationship of DFA and power, small spontaneous fluctuations in the 

networks’ momentary functional E/I, as indicated with the vertical lines on Figure 2A, 

could reveal the E/I.  

To test this idea, we estimated oscillation power and DFA in sliding time windows 

and expected them to co-vary in a manner dependent on the structural E/I. For example, 

taking two separate time windows for a super-critical network (purple and orange, Fig. 

2B), we would expect them to have slight differences in the band power (Fig. 2C) and DFA 

scaling exponent (Fig. 2D) of the 8–16 Hz oscillations. Based on Figure 2A, we would 

predict that the higher the oscillation power, the lower the DFA exponent, because when  



79 
 

Chapter 4  
 

 

Figure 2: Fluctuations in power and scaling of oscillations can be used to estimate the 
excitation-inhibition ratio of a neuronal network. 

A) One DFA value can be produced by two networks with different excitation-inhibition ratios (blue and red). At 
the blue point increasing DFA values will coincide with increasing power of oscillations, at the red point 
decreasing DFA values will coincide with increasing power of oscillations. Therefore if we take windowed 
measurements of DFA and power for a network at the red point (orange and purple points), then we would expect 
a negative correlation between the windowed power and DFA. 
B) Time-frequency plots of two 40 second windows (orange and purple from (a)) from one simulation of a 
network with significant LRTC and high excitation-inhibition ratio (red point from (a)). 
C) Power spectrum of the two windows from (b) shows higher power in 8–16Hz band for orange window than 
purple. 
D) DFA plot of the two windows from (b) shows lower exponent for orange window than purple. 
E) Correlation between windowed values for DFA and power is used to create the estimate of E/I, 𝐸𝐸/𝐼𝐼� . Shown for 
three points from (a). Windows from (b-d) are indicated in the right graph. 
F) 𝐸𝐸/𝐼𝐼�  for all networks with significant LRTC shows significant correlation with structural E/I. (Thick line) 
Running mean of 300 networks (thin lines) +/- one standard deviation 
G) To test a networks response to a stimulus, each network had 5 neurons stimulated every 750–1250 ms for 1 ms 
(total stimulation time 2000 seconds). 
H) Phase-locking factor (8–16Hz) to stimulus shown for three example networks with significant LRTC and low 
(blue) medium (green) and high structural E/I. Significant phase-locking (p<0.05, Bonferroni corrected for number 
of time points (n=1000)) is indicated by dashed line.  
I) Phase-locking factor (mean 0–300ms) of a network with significant LRTC can be predicted by 𝐸𝐸/𝐼𝐼� . Significant 
phase-locking is indicated by dashed line. 
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the network momentarily drifts further away from balanced E/I, the LRTC should be 

attenuated. For sub-critical networks, we would expect the opposite correlation so that 

windows of lower oscillation power and hence lower functional E/I would exhibit smaller 

DFA exponents, again due to being further away from balanced E/I. In representative 

networks, these associations were indeed systematically observed (Fig. 2E). Moreover, 

these data show that there are emergent spontaneous fluctuations in the functional E/I even 

in a network model with static connectivity. Thus, we can define an estimate of excitation-

inhibition ratio: 

𝐸𝐸/𝐼𝐼� = 1 – corr(DFAwindowed, Powerwindowed) 

where corr = Pearson correlation, DFAwindowed = set of windowed DFA exponents, 

and Powerwindowed = set of windowed Power values. 

Inhibition-dominated networks will hence be assigned 𝐸𝐸/𝐼𝐼�  below 1 and excitation-

dominated networks 𝐸𝐸/𝐼𝐼�  greater than 1. 

Corroborating this observation with a large body of simulated data, we found that 

for networks with significant LRTC (Supplementary Fig. 2), the 𝐸𝐸/𝐼𝐼�  correctly assigned 

networks to be excitation or inhibition dominated and that structural E/I and 𝐸𝐸/𝐼𝐼�  were 

strongly correlated (Spearman rho = 0.66, p < 10-20, Fig. 2F). Therefore, for networks with 

significant LRTC, we can now estimate E/I directly from the recordings of ongoing 

oscillations in the network activity. 

𝐸𝐸/𝐼𝐼�  determines phase-locking response to stimuli 

We next addressed how 𝐸𝐸/𝐼𝐼�  influenced the responses of a network to exogenous stimuli. 

To test this, we took a sample network for each combination of connectivity parameters and 

presented weak excitatory stimuli to five randomly chosen excitatory neurons concurrently 

(Fig. 2G). 

 To investigate the phase-locking of the ongoing network oscillations to these 

stimuli, which is central for stimulus processing in the human brain (S. Palva et al. 2005; 
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Hirvonen and Palva 2015), we computed the phase-locking factor (PLF) in the 8–16 Hz 

band (Methods). A PLF close to zero indicates no phase-locking of ongoing oscillations to 

the stimulus while a PLF of 1 indicates perfect phase-locking. The network oscillations 

exhibited clear phase-locking to the stimuli (Fig. 2H) for up to 300 ms after the stimulus. 

Examining all networks with significant LRTC (Fig. 2I), we found that 𝐸𝐸/𝐼𝐼�  had a strong 

negative correlation with the PLF (Pearson r = −0.71, p < 10−49). Thus, with r2 = 0.5 up to 

50% of the variability among the different networks’ phase-locking responses was 

attributable to 𝐸𝐸/𝐼𝐼� . 

Large inter-subject variability characterizes human cortical 𝐸𝐸/𝐼𝐼�   

We used human M/EEG data to test the CROS-model predictions of coupling between 

amplitudes and LRTCs as well as between 𝐸𝐸/𝐼𝐼�  and stimulus processing. We acquired the 

M/EEG data during a continuous threshold-stimulus detection task (TSDT), where weak 

electrical stimuli were presented to the right index finger. The stimulus intensity was 

adjusted before the recordings to give approximately a 50% detection rate and then 

maintained constant during the recordings. During the recordings, the subjects had their 

eyes closed and twitched the thumb of their right hand whenever they detected the stimulus 

(Hirvonen and Palva 2015). The M/EEG data were pre-processed to exclude non-neuronal 

signals and were then source reconstructed to give the activity time series of 400 parcels 

covering the cortical surface (see Methods).  

 We found clear oscillations (Fig. 3A,C) and LRTC (Fig. 3B,D) in 8–12 Hz band 

oscillations with large inter-subject variability. We measured 𝐸𝐸/𝐼𝐼�  for all parcels that had 

significant LRTC in the 8–12 Hz band by correlating windowed measurements of alpha 

power and DFA exponent (Fig. 3E,F) obtained across the 30 min continuous recordings. 

𝐸𝐸/𝐼𝐼�  showed that overall during the detection task, there where both positive and negative 

systematic correlations between the amplitudes and LRTCs, as predicted by the model. We 

found a large inter-individual variability in cortical 𝐸𝐸/𝐼𝐼�   with some subjects being 

inhibition and others being excitation dominated.  
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Figure 3: 𝑬𝑬/𝑰𝑰�  suggests human cortex can 
exhibit sub-, critical and super-critical 
dynamics during a stimulus-detection 
task 

A) Subjects performing a stimulus task can exhibit 
large variation in occipital alpha power (8–12 Hz) 
within and between subjects. Shown for 3 example 
subjects. 
B) Subjects performing a stimulus task can exhibit 
large variation in LRTC of alpha oscillation power 
(8–12 Hz) within and between subjects. Shown for 
same subjects as (a). 
C) Example power spectrum for subjects in (a) in 
parcel of S1. (Inset) yellow indicates location of 
example parcel, white indicates sensorimotor area 
S1. 
D) Example DFA for subjects in (a) for parcel of S1. 
E) Windowed DFA and power can show strong 
positive (blue), negative (red) and no correlation 
(green) between their values. 
E) 𝐸𝐸/𝐼𝐼�  shows large variation among subjects, but 
shows consistent estimates across regions within a 
subject.  
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Figure 4: 𝑬𝑬/𝑰𝑰�  explains inter-individual 
differences in phase-locking to a 
stimulus 

A) Subjects performing a stimulus task exhibit a large 
range of stimulus-induced phase-locking (mean 150–
300ms). Mean PLF shows clear phase-locking over 
the contra-lateral sensorimotor region. Significant 
PLF is found for those parcels with PLF > 0.10. PLF 
shown for three example subjects with high (red) 
medium (green) and low (blue) stimulus-locking 
response. 
B) Subjects performing a stimulus task can exhibit 
sub-, critical and super-critical dynamics. 
C) Phase locking response in the contra-lateral S1 
area. Colors indicate the subjects shown in A and B. 
D) Phase-locking response is significantly reduced 
with increasing 𝐸𝐸/𝐼𝐼�  in the sensorimotor region. 
Colors indicate the subjects shown in A and B. 
E) Significant correlation between PLF and 
𝐸𝐸/𝐼𝐼�  shown across the cortex.  (NA) parcels indicated 
where not all subjects had significant LRTC and so 
E/I could not be estimated. (p < fdr) those parcels 
showing significant negative correlation between 𝐸𝐸/𝐼𝐼�  
and PLF corrected for multiple comparison rate using 
False Discovery Rate. 
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Cortical 𝐸𝐸/𝐼𝐼�  is negatively correlated with stimulus locking 

To test whether the negative correlation between 𝐸𝐸/𝐼𝐼�  and stimulus locking predicted by the 

model (see Fig. 2I) was observable in human subjects, we computed the PLF for each 

parcel with significant LRTC. At the group level, 4% of parcels, largely in the contra-lateral 

sensorimotor cortex, exhibited significant PLF in the 8–12 Hz band (Fig. 4A,C). However, 

assessing these statistics on individual subjects showed that the fraction of significant 

parcels had extensive variability and ranged from 2–43% (mean = 15.4, σ = 13.5). 

To see if individual differences in 𝐸𝐸/𝐼𝐼�  could account for the inter-individual 

variability in PLFs, we first assessed the relationship of PLF and 𝐸𝐸/𝐼𝐼�  in the contra-lateral 

sensorimotor cortex. In this region-of-interest and in line with model predictions, we found 

a strong negative correlation (r = −0.88, Fig. 4C). To then assess the extent of this 

relationship in a data-driven manner, we correlated the PLFs and 𝐸𝐸/𝐼𝐼�   for each parcel (Fig. 

4B,D). We found significant negative correlations in the contra-lateral sensorimotor cortex 

as well as in the posterior parietal cortex and superior frontal gyrus (Fig. 4E). Thus, 

somatosensory processing of weak stimuli in humans is highly variable between individuals 

and greatly dependent on the individual 𝐸𝐸/𝐼𝐼�  in the somatosensory cortex. Moreover, these 

findings confirm the key role of balanced excitation-inhibition ratio in the extent of 

stimulus-evoked phase locking observed in the CROS model. 

Discussion 

We have shown here that the inter-individual variability in the cortical responses to weak 

somatosensory stimuli is largely attributable to differences in the individual E/I in the 

somatosensory cortex. To this end, we developed a method to estimate E/I from an M/EEG 

signal. The design of this method was guided by the theory of critical-state dynamics, 

which has been successful in accounting for spatio-temporal variability in neuronal network 

activity through the mechanism of E/I (Poil et al. 2012). These results are important, 

because they provide a mechanistic explanation for the pronounced variation in network 

response across many subjects.  
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 Our method of estimating E/I is based on the theory that as you increase E/I of a 

network, the activity shows a rapid phase transition from a stable low-activity state, to a 

relentlessly oscillating state with high activity (Poil et al. 2012). The critical point is found 

at this phase-transition, and leads to scale-free spatial and temporal dynamics of activity, 

with activity becoming more uncorrelated the further away from the critical point you go. 

This allows us to estimate the position in relation to the critical point, by comparing how 

the overall power and the scaling of the dynamics fluctuate with each other. 

For almost two decades, researchers have tried to settle the fundamental question 

whether the brain is critical—or maybe slightly sub- or super-critical. Our data provide the 

first evidence that individual subjects are capable of showing sub-, critical or super-critical 

behavior during a task and that this has consequences for stimulus processing. Spontaneous 

slow excitability fluctuations are integral to ongoing human brain activity (Vanhatalo et al. 

2004; Monto et al. 2008; Boly et al. 2007; Sadaghiani et al. 2009). These fluctuations 

influence both the amplitudes of faster neuronal oscillations and behavioral task 

performance, and are salient in electroencephalography, functional magnetic resonance 

imaging, and cellular-level electrophysiological recordings (Palva and Palva 2012). We 

propose that as E/I—and hence the level of criticality—has an effect on the functional 

capabilities of a network, people may be able to modulate a networks’ criticality to 

accomplish a task, and that individuals may have different strategies for doing this (e.g., 

inhibiting or exciting different networks). 

 Our method of estimating E/I provides a framework to integrate different 

measurements of neuronal activity. We show that a structural measure (E/I), can lead to 

complex dynamics on long-time scales (LRTC of oscillations), and that these dynamics 

influence the strength of a networks response to a stimulus on a short-time scale.  

Neuronal avalanches are another method to estimate the E/I based on criticality 

theory (Meisel et al. 2013; Priesemann et al. 2013; Arviv et al. 2015). One advantage our 

E/I estimate has over neuronal avalanches is that it allows an estimate at the single 

electrode level, whereas neuronal avalanches assign one E/I level to all or to a pre-defined 

cluster of electrodes. Moreover, because the brain is not in one “state” as a homogenous 
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system but is rather composed of interacting networks that may each have their own level 

of criticality at any given time, the applicability of avalanche-based E/I estimation is 

questionable when used with electrode contacts spanning multiple brain systems with semi-

independent dynamics. 

It will be important to validate our method across different recording types (LFP, 

ECoG, M/EEG). One way to validate our method to estimate E/I would be to apply it to 

interventional recordings, where E/I is altered in a known direction using pharmacological, 

optogenetic or electromagnetic stimulation. 

The ability to estimate E/I of a network using non-invasive and non-perturbing 

methods (e.g. TMS, optogenetics) is essential for testing the E/I imbalance hypothesis of 

different neuropsychiatric disorders (Yizhar et al. 2011), it will allow for more targeted 

treatment of imbalances and will provide a measurement of whether a treatment has been 

able to correct the E/I imbalance. 

Methods 

CRitical OScillations (CROS) model 

We modeled networks of 75% excitatory and 25% inhibitory integrate-and-fire neurons 

arranged in a 50x50 open grid. Networks differ in their two connectivity parameters, which 

are the percentage of other neurons within a local range (width = 7 neurons) that each 

excitatory and each inhibitory neuron connects to (Fig. 1A). Connectivity parameters were 

set between 25–100% at 5% intervals. Border neurons had fewer connections, because 

these neurons had a lower number of neurons in their local range. Connectivity was 

probabilistic and decreases with distance with an exponential decay. More specifically, the 

probability, P, of a connection at a distance r was given by:  

P(r) = Ce-r, where C is a constant determining the connectivity probability 

Neuron model 
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Neurons were modeled using a synaptic model integrating received spikes, and a 

probabilistic spiking model (Supplementary Fig. 1A). Each time step (dt) of 1 ms starts with 

each neuron, i, updating Ii with received input from any of the set of connected neurons (J), 

together with an exponential synaptic decay, which can either be excitatory or inhibitory.  

𝜏𝜏𝐼𝐼
𝑑𝑑𝐼𝐼𝑖𝑖
𝑑𝑑𝐿𝐿

= 𝐼𝐼0 − �𝐼𝐼𝑖𝑖 + �𝑊𝑊𝑖𝑖𝑖𝑖𝑆𝑆𝑖𝑖
𝑖𝑖

� 

S is a binary spiking vector of the neurons spiking in previous time step, and 

weights are fixed depending on the type of the pre- and post-synaptic neuron 

(Supplementary Fig. 1B). 

The probability of spiking, PS is then updated with this input, together with an 

exponential decay: 

𝜏𝜏𝑃𝑃
𝑑𝑑𝑃𝑃𝑆𝑆𝑖𝑖
𝑑𝑑𝐿𝐿

= 𝑃𝑃0 − (𝑃𝑃𝑆𝑆𝑖𝑖 + 𝐼𝐼𝑖𝑖) 

We determine whether the neuron spikes with the probability PS, and update the 

spiking vector for the next time step. If a neuron spikes, the probability is reset to the reset 

value Pr and the binary spiking vector S is updated. In the next time step, all neurons that it 

connects to will have their input updated according to Equation 1. 

Model parameters 

All of the parameters for the model were the same as the original paper [Poil 2012] apart 

from the synaptic weights. Neuron model: (τI = 9 ms, I0 =0), Synaptic model: Excitatory 

neurons (ΤP = 6 ms, P0 = 0.000001 [1/ms], Pr = -2 [1/ms]) Inhibitory neurons (ΤP = 12 ms, 

P0 =0, Pr = -20 [1/ms]). 

To improve the range and stability of the long-range temporal correlations from 

the original model an evolutionary algorithm (Smit and Eiben 2011) was applied to the 

synaptic weights.  The parameters that could vary were the 2 connectivity parameters 

(taking values between 0–100%) and the natural logarithm of the magnitude of the 4  
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Supplementary Figure 1: CROS model  

A) The neuron model consists of a synaptic model that integrates the input that it receives from other neurons, and 
a probabilistic spiking model that determines at each time-step whether the neuron spikes. 
B) The network consists of 2 types of neurons (excitatory and inhibitory) with the weight of connection set 
depending on the type of the pre- and post-synaptic neuron. 
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synaptic weights (taking values between -5 and 1).  For each run, a fitness values was 

calculated based on the avalanches size and duration distributions and the LRTCs. 

𝑓𝑓𝑓𝑓𝐿𝐿𝑓𝑓𝑒𝑒𝑓𝑓𝑓𝑓 =  
1

|1 − 𝐷𝐷𝐷𝐷𝐴𝐴| + |1 − κ𝑠𝑠𝑖𝑖𝑠𝑠𝑠𝑠| + |1 − κ𝑑𝑑𝑑𝑑𝑟𝑟𝑑𝑑𝑡𝑡𝑖𝑖𝑑𝑑𝑑𝑑|
 

The optimum weights (Wij) found by the algorithm were (WEE = 0.0085,WEI = 0.0085,WIE 

= -0.569,WII = -2). 

Network activity analysis 

A network signal was created by summing the total number of neurons spiking at each 

time-step with a white noise signal of the same length with mean = 0 and σ = 3.  

Oscillation power 

To estimate the peak frequency, we applied a power spectrum estimate (Welch method) 

using a hamming window with 211 fft points.  Power in a band was calculated by summing 

the power values between the frequency bands. 

Detrended fluctuation analysis of long-range temporal correlations 

The detrended fluctuation analysis (DFA) was used to analyze the scale-free decay of 

temporal (auto)correlations, also known as long-range temporal correlations (LRTC). The 

DFA was introduced as a method to quantify correlations in complex data with less strict 

assumptions about the stationarity of the signal than the classical autocorrelation function 

or power spectral density (Linkenkaer-Hansen et al. 2001; Hardstone et al. 2012). An 

additional advantage of DFA is the greater accuracy in the estimates of correlations, which 

facilitates a reliable analysis of LRTC up to time scales of at least 10% of the duration of 

the signal (Chen et al., 2002; Gao et al., 2006). DFA exponents in the interval of 0.5 to 1.0 

indicate scale-free temporal correlations (autocorrelations), whereas an exponent of 0.5 

characterizes an uncorrelated signal. The main steps from the broadband signal to the 

quantification of LRTC using DFA have been explained in detail previously (Linkenkaer-

Hansen et al. 2001; Hardstone et al. 2012). In brief, the DFA measures the power-law 
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scaling of the root-mean-square fluctuation of the integrated and linearly detrended signals, 

F(t), as a function of time window size, t (with an overlap of 50% between windows). The 

DFA exponent is the slope of the fluctuation function F(t), and can be related to the power-

law scaling exponent of the autocorrelation function.  

Significance of LRTC 

To test the significance of LRTC we use a method of surrogate data, by producing a set of 

100 surrogate signals through phase-shuffling the original broadband network activity 

signal. This is done by transforming the network signal into the Fourier domain, shuffling 

the phases, and then applying an inverse Fourier transform. These signals have identical 

power-spectra; however, the phase-shuffling destroys any LRTC present in the amplitude 

envelope of the oscillation. We can therefore produce a null-distribution of DFA exponents 

for the surrogate data, and test how far outside this distribution the DFA exponent of the 

original data lies using a z-test with significance set at 3σ (Supplementary Fig. 2A,B). 

Neuronal avalanches  

We visually inspected the avalanche distributions and applied both least-square fitting, as 

well as maximum likelihood method fitting (Clauset et al., 2009) to those showing log–log 

linear scaling. This preliminary analysis pointed to power-law exponents of -1.5, in 

agreement with previous literature on neuronal avalanches (Beggs and Plenz 2003; 

Petermann et al. 2009). However, our model clearly did not produce log–log linear scaling 

for all parameter combinations and, therefore, we could not use maximum likelihood fitting 

and power-law exponents to identify subcritical or supercritical dynamics. Instead, we 

quantified the similarity between the distribution of our data and a power-law by 

calculating the average difference of the cumulative distribution of a power-law function 

with an exponent of -1.5 and that of our experimental data at 10 equally spaced points on a 

logarithmic axis and adding one.  This gives the κ index (Shew et al. 2009). A subcritical 

distribution is characterized by κ < 1, and supercritical distribution by κ > 1, whereas κ = 1 

indicates a critical network. 
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Figure 2: Significance of LRTC 

A) To test for significant LRTC we phase shuffle the broadband signal 100 times, and apply dfa in the same way 
as was done to the original signal. We fit a normal distribution to these dfa exponents, and define significant 
LRTC when the original dfa is > 3 σ from the mean. 
B) DFA values for all networks.  Those with significant LRTC are shown in orange, those without shown in black.   
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Structural E/I 

The defining parameters of a CROS network are the excitatory and inhibitory 

connectivity.  This determines how many neurons on average each excitatory and inhibitory 

neuron connects to.  As connections are determined probabilistically this leads to small 

differences in numbers of synapses for networks with the same connectivity parameters. To 

account for this a structural E/I is defined for a network by dividing the number of synapses 

connecting two excitatory neurons by the total number of all other types of synapse in the 

network.  

Estimate of excitation – inhibition ratio, 𝐸𝐸/𝐼𝐼�  (model) 

To calculate an estimate of E/I, 𝐸𝐸/𝐼𝐼�  ,the network signal was split into windows of 40 

seconds length with 50% overlap (Fig. 2B). For each window LRTC was calculated on the 

amplitude envelope 8–16Hz oscillations using DFA exponent on a fitting window of 2–10 

seconds (Fig. 2C). Power was estimated using the welch method, and the power between 8–

16Hz summed (Fig. 2D).  𝐸𝐸/𝐼𝐼� is defined as: 

𝐸𝐸/𝐼𝐼� = 1 – corr(DFAwindowed, Powerwindowed) 

where: corr = Pearson correlation, DFAwindowed = set of windowed DFA exponents, 

Powerwindowed = set of windowed Power values 

Stimulation networks 

To test network response to stimulus we took a sample network for each combination of 

connectivity parameters, and for each run of the network attached a stimulus to 5 randomly 

chosen excitatory neurons (Fig. 2G). 

To pick the network to stimulate for each combination of excitatory and inhibitory 

connectivity, each network was ranked and scored based on distance from median rank on: 

{Mean network activity, Standard deviation network activity, κ𝑠𝑠𝑖𝑖𝑠𝑠𝑠𝑠, κ𝑑𝑑𝑑𝑑𝑟𝑟𝑑𝑑𝑡𝑡𝑖𝑖𝑑𝑑𝑑𝑑, DFA 

exponent (2–10 seconds), DFA exponent (2–50 seconds)}. These ranks were summed and 
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the picked network was that with the lowest summed rank meaning it was the closest to 

being the median network for those parameters. 

During the stimulation run of 2 x 106 time steps these neurons simultaneously 

received a stimulus every 750 – 1250 time steps. The stimulus had the same weight as the 

existing excitatory- excitatory connections in the network. 

Post-stimulus analysis (model) 

Stimulus response was calculated in the network in terms of the phase-locking factor. 

Phase-locking factor (PLF) measures the uniformity of phases across trials at a time-point 

post-stimulus and was calculated using the circstats toolbox (Berens 2009).  

MEG Subjects and recordings  

Brain activity was recorded from 15 healthy right-handed subjects (23–32 years of age; 

seven females) with a 306 channel MEG instrument composed of 204 planar gradiometers 

and 102 magnetometers (Elekta Neuromag, Helsinki, Finland) at 600 Hz sampling rate. 

Three subjects were excluded from the analysis because of excessive sensor noise and one 

because they did not complete two sessions, leaving 11 subjects. Electromyogram (EMG) 

was recorded to detect the subjects’ responses given by thumb movement. T1-weighted 

anatomical magnetic resonance imaging (MRI) scans were obtained for each subject at a 

resolution of a ≤ 1 x 1 x 1 -mm (MP-RAGE) with a 1.5-T MRI scanner (Siemens, 

Germany). The study was approved by an ethical committee of the Helsinki University 

Central Hospital and the subjects gave written informed consents on participation in the 

experiment. 

Experimental protocol  

We used a continuous threshold-stimulus detection task (TSDT) where electrical stimuli 

were given with an intensity at the threshold of detection (Monto et al. 2008; Palva et al. 

2005; Linkenkaer-Hansen et al. 2004; Palva and Palva 2011). Stimuli were delivered with a 

constant-current stimulator and plate electrodes at random 1.5–4.5 s intervals to the distal 
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part of the right index fingers in 2 separate blocks. Before each recording session, the 

intensity was adjusted so that the detection rate was ~50%. During the recording sessions, 

the stimulus intensity was kept constant. The mean stimulus current was 4.3 mA +/- 0.6 mA 

and the stimulus duration was 0.2 ms. Two 30 minutes sessions were recorded. For the 

present analyses, we used only the data from the final 276 trials of each block, which was 

the minimum number of trials recorded in a block. No trials were rejected.  During the 

recording sessions, subjects sat relaxed with their eyes closed and were instructed to 

promptly twitch the thumb of their right hand. The thumb twitches were recorded with 

EMG with electrodes placed on the abductor/flexor pollicis brevis and detected off-line 

from band-pass (50– 150 Hz) filtered data.  

MEG Behavioral performance  

Hit rate (HR) was estimated as the proportion of correct responses from all right-hand 

stimuli. The latency at which the EMG burst exceeded 10 baseline (BL) SDs was defined as 

the reaction time (RT)(Monto et al. 2008; Palva et al. 2005). A stimulus followed by a 

response 0.1–1.5 s after the onset was categorized as consciously perceived (Hit) and a 

stimulus to which no response was observed was categorized as unperceived (Miss). Other 

stimulus–response combinations (e.g. incorrect or delayed responses and false alarms) were 

not analyzed because of the exceedingly small number of trials in these categories. 

MEG data preprocessing, filtering, source analysis and surface parcellations  

We first preprocessed the raw MEG time series with the temporal extension of signal space 

separation method (SSS) (Taulu et al. 2005) which was used to remove extra-cranial noise 

from the raw MEG recordings and to co-localize the recordings across sessions and 

subjects. Next, independent component analysis (ICA) (Bell and Sejnowski 1995) was used 

to identify and exclude components associated with eyes movements/blinks and cardiac 

artifacts.  

Finite impulse-response filter was used for broad-band filtering from 0.1 to 45 Hz 

(pass-band from 1 to 40 Hz) and Hilbert-transformation to obtain the signal phase time 

series (Palva et al. 2013). 
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We used FreeSurfer software (http://surfer.nmr.mgh.harvard.edu/) for automatic 

volumetric segmentation of the MRI data, surface reconstruction, flattening, cortical 

parcellation, and labeling with the Freesurfer/Destrieux atlas (Dale et al. 1999; Fischl et al. 

2002; Destrieux et al. 2010). MNE software 

(http://www.nmr.mgh.harvard.edu/martinos/userInfo/data/sofMNE.php) was used to create 

three-layer boundary element models (BEM), cortically constrained source models, MEG-

MRI co-localization and for preparation of the forward model and inverse operators 

(Hämäläinen and Ilmoniemi 1994; Hamalainen and Sarvas 1989). The source models had 

dipole orientations fixed to the pial surface normals and a 7 mm source-to-source separation 

throughout the cortex, which yielded models containing 6000-8000 source vertices. The 

minimum-norm estimate inverse operators were built by computing noise-covariance 

matrices from the baseline data from 0.75 to 0.2 prior to stimulus onset and using 0.05 as 

the regularization constant. Inverse operators were prepared for the broad-band filtered 

signal by using noise covariance matrices that were broad-band filtered from the pre-

stimulus baseline period of all trials. To reconstruct ongoing cortical dynamics we used the 

inverse operators to transform complex filtered single-trial MEG time series to source-

vertex time series and collapsed these to time series of 400 cortical parcels from a precursor 

atlas of 148 parcels (Destrieux et al. 2010). The selection of source vertices to cortical 

parcels was performed with sparse weighted collapse operators that maximized the source 

reconstruction accuracy for each subject’s source space(Korhonen et al. 2014).  

MEG Estimate of excitation – inhibition ratio, 𝐸𝐸/𝐼𝐼�  

𝐸𝐸/𝐼𝐼�  was calculated for all 400 parcels for both sessions using the same method as was used 

for the model, except that the frequency band was set at 8-12 Hz for calculating DFA and 

Power. 

Analysis of stimulus response 

The collapsed parcel-wise broad-band filter based inverse estimates, XF,P,r(t,f) of single 

trials r, r = 1… ns, were used for cortex-wide mapping of phase locking of ongoing activity 

to the stimuli (stimulus locking, SL). Stimulus locking was quantified with the phase-
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locking value, PLF(t) (also known as the phase-locking factor), that was given for each 

parcel a = 1…np by 𝑃𝑃𝐿𝐿𝐷𝐷 = 𝑓𝑓𝑠𝑠−1|∑ � 𝑥𝑥𝐹𝐹,𝑃𝑃,𝑑𝑑
�𝑥𝑥𝐹𝐹,𝑃𝑃,𝑑𝑑�

� |𝑟𝑟   (Sinkkonen et al. 1995).  

MEG Statistical analyses 

𝐸𝐸/𝐼𝐼�  and PLF measures were calculated on 400 parcels for both sessions. For group 

statistics, sessions were downsampled to 148 parcels and averaged. Correlation between 

PLF and 𝐸𝐸/𝐼𝐼� was assesses using Pearson correlation. False-Discovery Rate (FDR) was 

applied to correct for multiple-comparisons.  
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