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Abstract 19 

Functional connectivity of neural oscillations (oscillation-based FC) is thought to afford dynamic 20 

information exchange across task-relevant neural ensembles. Although oscillation-based FC is 21 

classically defined relative to a pre-stimulus baseline, giving rise to rapid, context-dependent changes in 22 

individual connections, studies of distributed spatial patterns show that oscillation-based FC is 23 

omnipresent, occurring even in the absence of explicit cognitive demands. Thus, the issue of whether 24 

oscillation-based FC is primarily shaped by cognitive state or is intrinsic in nature remains open. 25 

Accordingly, we sought to reconcile these observations by interrogating the ECoG recordings of 18 pre-26 

surgical human patients (8 females) for state-dependence of oscillation-based FC in five canonical 27 

frequency bands across an array of six task states. 28 

FC analysis of phase and amplitude coupling revealed a highly similar, largely state-invariant (i.e. 29 

intrinsic) spatial component across cognitive states. This spatial organization was shared across all 30 

frequency bands. Crucially however, each band also exhibited temporally independent FC dynamics 31 

capable of supporting frequency-specific information exchange. 32 

In conclusion, the spatial organization of oscillation-based FC is largely stable over cognitive states, i.e. 33 

primarily intrinsic in nature, and shared across frequency bands. Taken together, our findings converge 34 

with previous observations of spatially invariant patterns of FC derived from extremely slow and 35 

aperiodic fluctuations in fMRI signals. Our observations indicate that “background” FC should be 36 

accounted for in conceptual frameworks of oscillation-based FC targeting task-related changes. 37 

Significance statement 38 

A fundamental property of neural activity is that it is periodic, enabling functional connectivity (FC) 39 

between distant regions through coupling of their oscillations. According to task-based studies, such 40 

oscillation-based FC is rapid and malleable to meet cognitive task demands. Studying distributed FC 41 
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patterns instead of FC in few individual connections, we found that oscillation-based FC is largely stable 42 

across various cognitive states and shares a common layout across oscillation frequencies. This stable 43 

spatial organization of FC in fast oscillatory brain signals parallels the known stability of fMRI-based 44 

intrinsic FC architecture. Despite the observed spatial state- and frequency-invariance, FC of individual 45 

connections was temporally independent between frequency bands, suggesting a putative mechanism for 46 

malleable frequency-specific FC to support cognitive tasks. 47 

 48 

Introduction 49 

Oscillation-based functional connectivity (FC) is thought to be essential for neuro-cognitive processing 50 

(Engel et al. 2013; Singer 1999; Varela et al. 2001). Depending on the particular frequency band, such 51 

FC supports performance in the broadest range of cognitive and behavioral domains, from perception 52 

and motor output (Khanna and Carmena 2015; VanRullen 2016) to attention (Jensen et al. 2014; S. Palva 53 

and Palva 2007; Sadaghiani and Kleinschmidt 2016) and language processing (Rimmele et al. 2018). 54 

Oscillation-based FC leverages a fundamental property of electrophysiological activity, namely its 55 

periodicity in characteristic frequency bands. This reliance on neural oscillations dissociates oscillation-56 

based FC from FC measures derived from broad-band and aperiodic signals (e.g. Pearson correlation) 57 

extensively used in functional magnetic resonance imaging (fMRI) (M. D. Fox and Raichle 2007) as 58 

well as some neurophysiological studies (e.g. Chu et al. 2012). Oscillation-based FC can be 59 

conceptualized in terms of two major modes (Engel et al. 2013; Mostame and Sadaghiani 2020): (1) 60 

phase coupling denoting synchronization of the phase of neural activity of distinct brain regions over 61 

multiple consecutive oscillation cycles (Lachaux et al. 1999; Nolte et al. 2004), and (2) amplitude 62 

coupling denoting synchronization of the magnitude of neural oscillations between regions (Brookes et 63 

al. 2011).  64 

Oscillation-based phase- and amplitude coupling have traditionally been evaluated in a connection-wise 65 

manner across a small set of brain regions (Singer, 1999; Uhlhaas et al., 2009). A more recent advance is 66 
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to derive large-scale connectivity maps from electroencephalography (EEG) or magnetoencephalography 67 

(MEG) source space (e.g. Deligianni et al. 2014; Hipp and Siegel 2015; P. Tewarie et al. 2016) and 68 

intracranial data (Betzel et al. 2019; Kucyi et al. 2018). This advance is grounded in the understanding 69 

that the comprehensive FC organization is of functional importance, in part reflecting prior knowledge 70 

stored in the connectome (Sadaghiani and Kleinschmidt 2013; Singer 2013).  71 

Such investigations of distributed patterns of oscillations-based FC are commonly applied to the task-72 

free resting state. At rest, brain oscillations persist to an overall similar extent than during explicit tasks 73 

(although their specific spectral distribution is modulated by cognitive demands). In the following, we 74 

collectively refer to task-free wakefulness and engagement in different behavioral tasks as cognitive 75 

states. For a century, task-independent ongoing oscillations have been the hallmark of EEG (Berger 76 

1930). The spectral profile of this ongoing activity and its cross-areal connectivity have proven 77 

informative for understanding brain function and dysfunction (Kanda et al. 2009; Sadaghiani et al. 78 

2019). Source-localized MEG and EEG studies have reported the presence of a distributed spatial 79 

organization or “architecture” of oscillation-based FC at resting state (Colclough et al. 2016; Hillebrand 80 

et al. 2012; Sockeel et al. 2016; Wirsich et al. 2017). Intracranial cortical surface recordings of 81 

presurgical patients (electrocorticography or ECoG) have confirmed this architecture (Betzel et al. 2019; 82 

K. C. Fox et al. 2018; Kucyi et al. 2018) in the absence of the ill-posed problem of EEG/MEG source-83 

reconstruction (J. M. Palva et al. 2018; Schoffelen and Gross 2009). However, these studies have not 84 

quantitatively assessed (dis)similarity of oscillation-based FC organization across different cognitive 85 

states; Instead, contrasts across task conditions or between post-stimulus and pre-stimulus intervals are 86 

typically investigated in a connection-wise manner. Therefore, the degree to which large-scale FC 87 

organization of oscillatory rhythms is modulated by cognitive context is largely unknown.  88 

To summarize, electrophysiological oscillations and their FC express strong context-dependent 89 

flexibility on the one hand and are omnipresent across all cognitive states on the other. This tension 90 
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therefore begs the question of whether oscillation-based FC is largely governed by a state-invariant, i.e. 91 

intrinsic, spatial organization or is primarily dependent on cognitive demands. 92 

A few neurophysiological studies have taken important steps towards answering this question. Kramer et 93 

al. analyzed daylong ECoG recordings across various levels of arousal and states of consciousness 94 

(2011). Static FC across electrodes during periods >100 secs displayed consistent spatial organization 95 

over the course of the day. However, this study did not directly and quantitatively contrast FC across the 96 

different consciousness levels. A subsequent scalp EEG study identified high spatial correlation of static 97 

(>100s) FC organization in sensor space over different sleep stages and wakefulness (r>0.75) (Chu et al. 98 

2012). However, different cognitive activities were not dissociated during the waking period. It is 99 

therefore unclear how these findings relate to trial-based oscillatory FC commonly investigated in 100 

cognitive neuroscience. A more recent scalp EEG study showed that phase coupling in reconstructed 101 

source-space is consistent across tasks (resting state, video viewing, and flashing gratings), with FC 102 

clusters that are reproducible across frequency bands (Nentwich et al. 2020). However, while promising 103 

the latter two studies must be interpreted with care due to the methodological limitations imposed by 104 

EEG recorded over the scalp, which may lead to spurious FC even in source space (J. M. Palva et al. 105 

2018). Taken together, these findings motivate direct comparison of static FC organization across 106 

cognitive states using high fidelity intracranial data. 107 

Dependence on cognitive context has been well quantified in another research field, namely the study of 108 

very slow FC derived from aperiodic Blood Oxygen Level Dependent (BOLD) fluctuations observed 109 

with fMRI. The brain at resting state displays co-variation in BOLD signals across specific sets of 110 

regions, i.e. intrinsic connectivity networks (Beckmann et al. 2005). Importantly, this intrinsic functional 111 

architecture is also present during task, suggesting that task-specific changes to the brain’s fMRI-derived 112 

FC spatial organization are small (Cole et al. 2014; Gratton et al. 2018; Hearne et al. 2017; Smith et al. 113 

2009). For example, Cole et al. (2014) identified a strong spatial correlation (r=~0.9) between the static 114 

FC organization of rest and task data. 115 
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However, whether these fMRI-based findings can inform about potential state-invariance in oscillation-116 

based FC is questionable, given that fMRI-derived FC is an indirect measure of neural activity based on 117 

aperiodic fluctuations of the BOLD signal in the infra-slow range (mainly <0.01Hz) (M. D. Fox and 118 

Raichle 2007; Thompson and Fransson 2015). In contrast, FC as measured by electrophysiological 119 

methods reflects real-time neural processes driven by cyclic activity. As such, oscillation-based FC is 120 

well-positioned to support long-range communication required for cognitive processes that unfold on the 121 

rapid timescale of tens to hundreds of milliseconds (Fell and Axmacher 2011; Gruber et al. 2018; 122 

Uhlhaas et al. 2009). Given these fundamentally different characteristics of the processes associated with 123 

fMRI-based and oscillation-based FC, the degree of context-dependence of the latter requires dedicated 124 

investigation.  125 

Another characteristic of fundamental functional importance unique to oscillation-based FC is its 126 

frequency-dependence. In particular, within the context of different tasks specific, cognitive functions 127 

are associated with oscillatory processes in distinct frequencies (e.g. Palva and Palva 2007; Rohenkohl, 128 

Bosman, and Fries 2018). Based on this functional specificity of particular oscillation bands and their 129 

association with different brain regions, should we expect the oscillation-based FC organization in 130 

different frequency bands to differ from each other? This question remains largely unanswered because 131 

task-based studies traditionally focus on task-related modulations in individual connections, ignoring the 132 

distributed spatial organization of oscillation-based FC. The observation of a spatial organization shared 133 

across frequency bands has implications for the neurobiological understanding of functional networks. 134 

Specifically, such frequency-invariance, if observed, would suggest that large-scale functional networks 135 

may enact connectivity in all canonical frequencies irrespective of the sensory, motor, or cognitive 136 

operation that they subserve and the regions that they connect. 137 

In light of the foregoing, we addressed two central questions in the current study: (1) is the spatial 138 

organization of fast oscillation-based FC primarily driven by cognitive operations or is it stable across 139 

task states?; (2) is this organization dependent on oscillation frequency? Following these two central 140 
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investigations, we further asked (3) does frequency-invariant FC organization (if observed) reflect a 141 

single broadband coupling process or truly multiple temporally independent and frequency-specific 142 

processes within a universal spatial organization?; and finally, (4) does the hypothesized stability of 143 

static FC organization over cognitive states and frequency bands depend on the specific connectivity 144 

mode, i.e., phase- or  amplitude coupling? To address these questions while minimizing the impact of 145 

volume conduction on FC (J. M. Palva et al. 2018; Schoffelen and Gross 2009), we study ECoG in 146 

patients undergoing clinical evaluation for epilepsy surgery. We further replicate major findings using 147 

additional FC measures that suppress the impact of potential volume conduction. In summary, we 148 

dissociate among four possible scenarios of state- and frequency-dependency of FC organization as 149 

illustrated in Fig.1.   150 
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  151 

Fig.  1 – Four hypothetical scenarios (I to IV) regarding stability of the spatial organization of FC across cognitive states and 152 

frequency bands. Each cognitive state CSi is subdivided into five frequency bands (theta, alpha, beta, gamma, and high gamma). 153 

Each element within the matrix represents the 2D spatial correspondence (quantified as correlation) between corresponding pairs of 154 

FC matrices, where red indicates a statistically significant relationship. Our results will be explicitly compared to these four 155 

scenarios in Fig. 6.    156 
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Materials and Methods 157 

Data 158 

In this study, we used publicly available ECoG recordings during resting state and 3 independent 159 

paradigms comprising a total of 6 distinct cognitive states. The data is described in detail in “A Library 160 

of Human Electrocorticographic Data and Analyses” Miller (2019) and is available at 161 

https://searchworks.stanford.edu/view/zk881ps0522. All patients participated in a purely voluntary 162 

manner, after providing informed written consent, under experimental protocols approved by the 163 

Institutional Review Board of the University of Washington (#12193). All patient data was anonymized 164 

according to IRB protocol, in accordance with HIPAA mandate.  165 

Subjects 166 

From the above-mentioned library, we included only those subjects that had data in at least two 167 

paradigms in such a way that maximized the number of subjects for pairs of cognitive states (see below). 168 

Cumulatively over the chosen task pairs, the dataset contained 18 human subjects (8 females, 7 males, 169 

and 3 subjects without reported sex information). However, not all subjects had data in all of the 6 170 

cognitive states (median number of states across subjects = 3). Subjects -disregarding 3 with missing age 171 

information- were on average 30.8 years old (+/- std= 9.3). Average number of electrodes per subject 172 

was 53.5 (+/- std=12.7) with an inter-electrode distance of 1cm. Fig. 2 shows the electrode location maps 173 

of all subjects. As shown in Fig. 2, all subjects have electrodes over at least two of the frontal, temporal, 174 

and parietal lobes in either the left or right hemisphere, suggesting coverage of multiple functionally 175 

distinct regions. All data were sampled at 1000Hz, with a built-in 0.15-200 Hz bandpass filter. Beyond 176 

the initial data cleaning performed by Miller et al (2019), including rejection of channels with obvious 177 

artefact or epileptic activity, portions of the data with excessive inter-ictal activity were removed if 178 

necessary. 179 
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 180 

Fig.  2 – Electrode location maps of all subjects. Only electrodes that were clear of obvious artefacts and epileptic activity (cf. Miller 181 

2019) and were shared across conditions (e.g. Rest and Motor) are shown here and were included in the analyses. The nine subjects 182 

at the top half of the figure have left hemispheric electrode coverage, while the other nine subjects have right hemispheric electrode 183 

coverage. In each subject, at least two of the frontal, temporal, and parietal lobes are covered by the electrode grids. 184 

Experimental Design and Statistical Analysis 185 

Behavioral paradigms 186 

In order to increase the statistical power of cross-state comparisons of FC, we used those paradigms that 187 

had the highest number of subjects with highest possible number of independent cognitive states: resting 188 

state, cue-based motor task, verb generation task, and 2-back task datasets. These tasks represent a 189 

highly diverse set of cognitive states in terms of cognitive demands. Motor and speech tasks have a pre-190 

stimulus interval while the 2-back task employs a continuous block design. As a result, we investigated 191 
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the intrinsic FC across 6 cognitive states including: resting state (Rest), pre-stimulus motor (BaseMotor), 192 

pre-stimulus speech (BaseSpeech), post-stimulus motor (Motor), post-stimulus speech (Speech), and 193 

2Back.  194 

Resting state (Rest): All subjects underwent resting state recordings while fixating on an ‘‘X’’ on the 195 

wall 3 m away, for 2-3 minutes. For more information regarding this data, see (Miller et al. 2009, 2012). 196 

Cue-based motor task (Motor): seventeen out of the eighteen subjects had motor task data. Patients were 197 

instructed to repetitively flex and extend all fingers based on a visual word cue indicating the body part 198 

that should be moved (an alternative cue in a separate run instructed tongue movements not analyzed in 199 

this study). Movements were self-paced with a rate of ~1-2Hz using the hand contralateral to the side of 200 

the cortical grid placement. Each movement interval was 3s long, preceded by a rest interval of the same 201 

length (blank screen). To maximize independence between trials, we excluded 0.5s from the two tails of 202 

the trials, resulting in a [-2.5, 2.5]s interval relative to cue onset. We analyzed two task states comprising 203 

the pre-stimulus ([-2.5, 0]s) and post-stimulus ([0, 2.5]s) intervals. There were between 30 and 75 trials 204 

of rest and movement per subject. See Miller et al. (2007) for more detailed information of this task. 205 

Miller et al. have reported robust task-related power changes in the high frequency or high gamma range 206 

in all subjects, implying that the subjects have task-appropriate electrode coverage suitable for our study.  207 

Verb generation task (Speech): Five of the 18 subjects had performed the speech task. The speech data of 208 

one subject was excluded due to mismatching electrode grids with respect to the other tasks. Written 209 

nouns (approximately 2.5 cm high and 8–12 cm wide) were presented on a screen positioned 210 

approximately 1 m from the patient, at the bedside. Patients were asked to speak a verb that was 211 

semantically related to the noun. For example, if the noun read “ball”, the patient might say “kick”, or if 212 

the noun read “bee”, the patient might say “fly”. Between each 1.6-second noun there was a blank-screen 213 

1.6-second interstimulus interval. To avoid overlap between the trials during data analysis, we defined 214 

the trials from -1.5 to 1.5s with respect to stimulus onset. We analyzed two task states comprising the 215 
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pre-stimulus ([-1.5, 0]s) and post-stimulus ([0, 1.5]s) intervals. Further details of the speech task data are 216 

provided in a prior investigation using these data (Miller et al. 2011). 217 

2-back task (2Back): Four subjects out of the eighteen had performed the 2back task. Among the 218 

available task conditions (0back, 1back, and 2back), we used 2back since it requires higher cognitive 219 

involvement (e.g. attention and decision making) which warrants larger possible divergence of cognitive 220 

state from resting state and the simple motor task. The stimuli comprised pictures of 50 houses 10 of 221 

which were 2back targets, each presented for 600ms. Subjects were instructed to flex their finger when a 222 

picture was the same as the one presented two trials earlier (i.e. target). For more details see (Miller 223 

2019). Note that because the Nback task consists of a continuous stream of pictures, we considered task 224 

engagement to be continuous. Thus, in the FC estimations of 2Back, we analyze this data exactly same 225 

as the resting state data after concatenating all respective blocks (see “Static functional connectivity” in 226 

“Materials and Methods”). 227 

Data preprocessing 228 

The publicly available data were initially cleaned (Miller 2019). However, visual inspection of the signal 229 

timecourses indicated the need for further cleaning in two subjects. Brief periods of epileptiform activity 230 

where thus manually marked and removed from the data of those subjects. Line noise was removed 231 

using two 60 Hz and 120 Hz 2nd order Butterworth notch filters. To remove low frequency drift and 232 

high frequency noise, data were filtered by low-pass (120 Hz cutoff) and high-pass (2 Hz) 4th order 233 

Butterworth filters. For task data, stimulus-locked trials were based on the pre- and post-stimulus 234 

intervals described above. All data analyses were implemented in MATLAB, using FieldTrip 235 

(Oostenveld et al. 2011) and custom codes that can be found here: 236 

https://github.com/connectlab/IntrinsicFC_Mostame. 237 

Our results primarily focus on phase coupling. Corresponding results for amplitude coupling are also 238 

provided in a more compact fashion in the corresponding sections. Phase- and amplitude-coupling are 239 

directly compared in section “Stability of spatial organization across phase- and amplitude coupling” 240 
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(Fig. 6). We estimated FC across five canonical frequency bands including: theta (5-7 Hz), alpha (8-13 241 

Hz), beta (14-30 Hz), gamma (31-60 Hz), and high gamma (61-110 Hz). The delta band (~1-4Hz) was 242 

not included since the relatively short trial periods didn’t permit its reliable estimation from few 243 

oscillation cycles. We note that the use of canonical bands offers only a rough delineation of oscillatory 244 

processes, and separating the latter from broadband processes and defining them on an individual basis 245 

may provide refined results in the future. Below, static and dynamic estimation of phase- and amplitude-246 

coupling are described. 247 

Static functional connectivity 248 

Static FC was estimated in a single time window for pre-stimulus (BaseMotor and BaseSpeech) and post-249 

stimulus intervals (Motor and Speech). Static FC was assessed in terms of phase coupling using the 250 

phase locking value (PLV)(Lachaux et al. 1999): 251 

( ) = 1 | ∆ ( ) | 
where f is frequency, N is number of trials, and ∆  is the phase difference between the corresponding 252 

frequency components of the two electrode signals in trial n. 253 

To derive amplitude coupling, the envelopes of pairwise band-limited signals (estimated through Hilbert 254 

transform) were correlated. Subsequently, temporal correlation values of all trials were averaged to 255 

obtain a single value for each electrode pair (ranging from -1 to 1), over the corresponding frequency 256 

band. To facilitate comparison with PLV, which ranges from 0 to 1, absolute values of amplitude 257 

coupling were used: 258 

_ ( ) = 1 | , , , | 



 

 14 

Where f is frequency, N is number of trials, () is Pearson correlation, env() is signal envelope driven 259 

from Hilbert analysis, and ,  is frequency-specific component of ith electrode signal (i = 1, 2) on the nth 260 

trial. 261 

Static FC for the continuous conditions Rest and 2Back was estimated by averaging the dynamic FC (as 262 

defined below) over time.  263 

Dynamic functional connectivity 264 

Dynamic FC was used to dissociate broad-band versus independent band-limited contributions to the 265 

dynamics of the intrinsic FC architecture. Windows were shifted every 1sec, and window length varied 266 

as a function of canonical frequency band (75, 100, 200, 400, and 800 cycles for theta, alpha, beta, 267 

gamma, and high gamma frequency bands, respectively). Dynamic amplitude coupling was estimated as 268 

described in the static framework for each time window, when N is equal to 1. However, dynamic phase 269 

coupling was estimated using an alternate method. 270 

In contrast to task-based phase coupling, commonly estimated as phase-lag consistency over trials 271 

(Lachaux et al. 1999), continuous phase coupling was estimated as phase-lag consistency over time 272 

(Mostame and Sadaghiani 2020; Sadaghiani et al. 2012). The above-defined PLV measure adjusted to 273 

continuous data is defined as: 274 

( ) = 1 | ∆ ( ) | 
Where M is the number of time samples within the time window. 275 

Presence of intrinsic architecture 276 

To assess whether FC organization is stable across cognitive states (Fig. 1; scenarios II, IV vs. I, III), 277 

spatial Pearson correlations were calculated for each state pair. Cross-state correlations were tested 278 

against a null model that spatially permuted one of the matrices 500 times (q<0.05; Benjamini-Hochberg 279 

FDR corrected for number of subjects × frequencies × task states). Specifically, the phase of the 2D 280 
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Fourier transform of the matrix was shuffled while keeping the amplitude intact. The odd symmetry of 281 

phases was preserved over frequencies in the 2D domain. The matrix was reconstructed using the inverse 282 

2D Fourier transform, and its spatial correlation with the other matrix (which was not shuffled) assessed 283 

(Prichard and Theiler 1994; Tewarie et al. 2016; Wirsich et al. 2017).  284 

To determine the effect size of cross-state correlations, spatial stability of FC within Rest was estimated 285 

for comparison. Rest data of each subject was divided into two parts of equal length, and the similarity 286 

(2D Pearson correlation) between the static matrices of the two parts was calculated (see Fig. 3). 287 

Shared intrinsic architecture across frequency bands 288 

To assess whether FC in different oscillation frequencies share a similar intrinsic architecture (Fig. 1; 289 

scenarios III, IV vs. I, II), spatial similarity between the static FC organization of all pairs of frequency 290 

bands was calculated. Since the intrinsic architecture is by definition considered stable across cognitive 291 

states (Cole et al. 2014; Petersen and Sporns 2015), we estimated such an intrinsic organization for each 292 

frequency band by taking the geometrical mean of its static FC organization over all cognitive states 293 

(Rest, BaseMotor, BaseSpeech, Motor, Speech, and 2Back). Then, we calculated spatial correlation of this 294 

‘frequency-specific’ intrinsic architecture over every pair of frequency bands (Fig. 4). 295 

Broadband vs. band-limited coupling events 296 

Spatial correlation of FC organization across frequency bands may be driven by multiple band-limited 297 

processes with a similar spatial organization or, alternatively, a single broadband process. To dissociate 298 

between these scenarios, we compared FC timecourses of different frequency bands. The procedure was 299 

applied only to the resting state data due to limited length of trial-based task data. To focus on the 300 

frequency-invariant connections, only the top 25% strongest connections among all cross-state 301 

geometrical mean FC matrices of all bands were considered (mean connectivity strength ± std= 0.60 ± 302 

0.13 pooled over all connections and frequency bands and averaged over subjects). Within the selected 303 

connections, temporal correlations between phase coupling timecourses (see “Dynamic functional 304 
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connectivity” in “Materials and Methods”) were estimated over pairs of different bands. Finally, for each 305 

subject and frequency pair, all temporal correlations were pooled over connections (shown in Fig. 5). 306 

To test to what degree the FC dynamics of two bands are systematically correlated, we generated a set of 307 

500 surrogate data by phase-permuting the FC timecourse of one of the frequency bands (for each 308 

frequency pair and subject). For each permutation, we extracted the histogram of temporal correlations 309 

across all electrode pairs between the original and phase-permuted FC dynamics. The 500 surrogate 310 

histograms were pooled into a single histogram for each subject and frequency pair (Fig. 5). To assess if 311 

the original histogram was different from the surrogate histogram (indicating systematic correlation 312 

between frequency bands in the original data), we compared their mean, std, and skewness (q<0.05; 313 

FDR-corrected for all subjects, pairs of frequency bands, and three histogram measures). 314 

Shared intrinsic architecture across connectivity measures 315 

To directly assess the spatial similarity of intrinsic FC organization across phase- and amplitude coupling 316 

as well as over all frequencies and cognitive states, we estimated spatial Pearson correlation between all 317 

possible pairs of FC matrices (across FC measures, cognitive states, and frequency). Finally, we 318 

averaged the resulting value of each pair-wise comparison across all subjects (Fig. 6; upper diagonal). 319 

We tested the significance of each bin by using the same 2D permutation method described above, 320 

phase-permuting one of the two matrices 500 times (q<0.05; FDR corrected by Benjamini-Hochberg 321 

method). 322 

Addressing source leakage  323 

Source leakage refers to the simultaneous detection of a particular brain signal (as a source) at several 324 

sensors due to volume conduction (Schoffelen and Gross 2009), which may generate spurious 325 

connectivity between electrode pairs especially in neurophysiological scalp recordings like EEG and 326 

MEG (J. M. Palva et al. 2018). Although much less of a concern for ECoG, we tested whether our results 327 

are affected by this potential confound.  328 
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First, following equivalent procedures for task and rest conditions as described for PLV, we employed 329 

imaginary part of coherency (ImC; introduced by Nolte (2004)). ImC is the most commonly used 330 

measure suppressing zero-lag connectivity. This common approach rests on the assumption that 331 

electricity spreads quasi-instantaneously, but comes at the cost of also removing real zero-lag 332 

connectivity (M. X. Cohen 2015). Therefore, as a second approach, we regressed out electrode distance 333 

dependencies from FC values. Given the fact that volume conduction is dependent on electrode distance 334 

(Dubey and Ray 2019; Rogers et al. 2019; Rouse et al. 2016), this approach is expected to substantially 335 

dampen possible volume conduction effects. Specifically, we fit cubic spline curves to the mean of the 336 

FC values within each non-overlapping 1cm range of electrode distance. We subtracted the value of the 337 

fitted curve from all corresponding FC values. This procedure removes any collinearity between the two 338 

measures resulting from their dependence on electrode distance. Once zero-lag FC or distance 339 

dependencies were removed, we estimated the cross-state spatial correlations as in section “Source 340 

leakage contributions” (Fig. 7). 341 

Results 342 

FC matrices were extracted for all subjects, cognitive states, and canonical frequency bands. First, to 343 

establish the presence of a cognitive state-invariant, i.e. intrinsic, FC organization, spatial correlation of 344 

the FC matrix across Rest and the three active task processing states (e.g. Motor) were assessed within 345 

each frequency band. Subsequently, the intrinsic FC organization most representative of each frequency 346 

was defined as the (geometric) mean of FC matrices across all six cognitive states in that frequency. 347 

Next, this representative organization was spatially compared across all bands to quantify frequency-348 

invariance of FC organization. Then, we compared FC timecourses across frequency bands to address 349 

whether the spatial frequency-invariance indeed reflects band-limited coupling in temporally 350 

independent frequencies or, alternatively, a broadband coupling phenomenon. Finally, to identify the 351 

most likely scenario from the four hypothetical scenarios illustrated in Fig. 1, the spatial similarity across 352 

all pairs of FC matrices for all cognitive states and frequency bands was assessed. 353 
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A state-invariant intrinsic FC organization 354 

Cross-state spatial correspondence in real vs. surrogate data 355 

Spatial correlations between FC matrices of Rest and the three active task processing states were 356 

assessed in every frequency band (Fig. 3; black circles). All three pairs of cognitive states demonstrated 357 

strong spatial similarity in all frequencies (average r = 0.67; std= 0.18). Spatial correlations were 358 

compared to surrogate correlations generated after spatially shuffling one of the two matrices in 2D 359 

Fourier space (500 permutations; Fig. 3; Gray dot clouds). At the group level, we compared the subject-360 

specific cross-state correlations (averaged over all cross-state conditions) with the mean value of the 361 

corresponding null models (averaged over permutations and all cross-state conditions). For all frequency 362 

bands, cross-state spatial similarity exceeded the respective null model (paired t-test significant at q < 363 

0.05 with FDR correction, listed for theta through high gamma in ascending frequency: t17=3.90; 364 

p<0.005; t17=3.86; p<0.005; t17=5.81; p<0.005; t17=3.06; p<0.005; t17=2.45; p<0.05). At the individual 365 

level, the spatial similarity across cognitive states exceeded chance level for all individual subjects and 366 

frequency bands with only 2 exceptions out of 125 cross-state cases shown in Fig. 3 (q<0.05; Benjamini-367 

Hochberg corrected for subjects × frequencies × cognitive state pairs). This outcome indicates the 368 

presence of an intrinsic FC organization of phase coupling in all frequency bands. Results for amplitude 369 

coupling were comparable (r= 0.45 ± 0.22 averaged across subjects, frequency bands and Rest-Motor, 370 

Rest-Speech, and Rest-2Back condition pairs). 371 

Cross-state vs. within-state spatial correspondence 372 

Spatial similarity of FC patterns was also assessed within a single cognitive state for comparison. The 373 

relatively long duration of resting state recordings allowed comparing time-averaged FC matrices from 374 

two equal halves of the run (Fig. 3; purple data points). Overall, spatial similarity within resting state was 375 

either equivalent or only slightly stronger compared to the similarity across cognitive states. 376 

Specifically, the average reduction of the r values over all cross-state conditions and frequency bands 377 

was 11 ± 12% (Mean ± std). Therefore, divergence of spatial organization of FC across different 378 
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cognitive states is comparably small. Amplitude coupling showed comparable albeit slightly larger 379 

reduction values (Mean ± std: 0.17 ± 0.16). 380 

 381 

 382 

Fig.  3 – Example of spatial correspondence between FC matrices over three pairs of rest vs task states. States include task-free 383 

resting-state (“Rest”), verb generation (“Speech”), cue-based finger flexing (“Motor”), and memory recall (“2Back”). Not all 384 

subjects had data in all these states. In each subplot, frequency band is on the x-axis and spatial correlation on the y-axis. In each 385 

column of the plots, black dots correspond to the cross-state correlation of each subject (long horizontal black line represents 386 

average across subjects). short horizontal purple lines represent the within resting-state correlations of FC organization in each 387 

subject (long horizontal purple line shows average across subjects). The order of subjects is preserved across subplots to allow 388 

subject-specific comparison between cross-state pairs. Gray dot clouds represent the null model for the corresponding subject, 389 

frequency band, and cross-state pairing. The null model was generated by randomly permuting one of the matrices in 2D Fourier 390 
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space. Pair-wise correlations significantly exceed the null model in the vast majority of individual subjects and frequency bands (2 391 

exceptions out of the 125 pairs shown here), supporting the presence of a stable intrinsic FC organization.  392 

Intrinsic FC organization shared across frequency bands  393 

Above, we showed the presence of an intrinsic FC organization that is stable across cognitive states 394 

within each of the canonical frequency bands (Fig. 3). Is a unifying state-invariant FC organization 395 

shared across frequency bands, or does each specific frequency have its own unique spatial organization? 396 

Here, we assess how the state-invariant FC organization of each frequency band spatially correlates with 397 

that of other bands. To this end, for each subject and frequency band, we calculated the geometric mean 398 

of the FC matrices from all six cognitive states as the representative intrinsic organization of that 399 

frequency band (Figure 4. A & B). The geometric mean is often used to find the central tendency for 400 

different items, emphasizing consistency. In other words, if an electrode pair has a small FC value in 401 

even a single cognitive state, that pair obtains a small value in the intrinsic organization matrix since it is 402 

not consistent over all cognitive states.  403 

For each subject, we assessed spatial correlations across pairs of representative (mean) intrinsic FC. For 404 

each pair of frequencies, we statistically tested the significance of FC similarity using the spatial 405 

permutation method described above(500 permutations). At the group level, we found significantly 406 

higher cross-frequency similarity of FC organization compared to null data (pair-wise t-test against the 407 

mean correlation from permutations; all t17>9.37, p<2e-8). At the individual level, the cross-frequency 408 

spatial similarity exceeded chance level of the null model for all frequency pairs and all subjects 409 

(q<0.05; FDR corrected for 18* 52 =180 cases of subjects × frequency pairs). Figure 4C shows the 410 

spatial correlation values averaged over subjects (upper triangle) as well as the number of subjects 411 

showing a significant effect (lower triangle). The strong spatial relationship (r = 0.69 to 0.88) across all 412 

frequency pairs demonstrates that FC is governed by a universal spatial organization largely shared 413 

across frequency bands. Equivalent results from amplitude coupling were observed (r = 0.45 to 0.61). 414 
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 415 

Fig.  4 – Spatial similarity of intrinsic FC organization across frequency bands. Panels A-B illustrate the approach. A) Schematic 416 

example of FC matrices from all cognitive states available for a given subject shown for the theta band. B) State-invariant 417 

representation of intrinsic FC organization of theta band was calculated by taking the geometric mean of the theta band FC matrices 418 

shown in A. For each subject, such frequency-specific intrinsic architecture was separately extracted for each frequency. The 419 

ensuing frequency-specific intrinsic organization entered spatial correlation analysis across pairs of frequency bands. Panel C) 420 

depicts the between-frequency spatial correlation values averaged across all subjects. Rows/columns indicate frequency bands from 421 

theta to high gamma. Correlation values of all frequency pairs were statistically significant across all individual subjects. The high 422 

correlation values (r>0.69) indicate the presence of an intrinsic organization that is spatially similar across frequency bands. 423 

Temporal dynamics dissociating broadband vs. band-limited FC 424 

Our observation that the intrinsic FC organization is highly similar across frequency bands may be 425 

explained by one of two alternative scenarios. Either temporally independent coupling processes in 426 

multiple frequency bands indeed share a unifying spatial organization, or a single broadband coupling 427 

process (e.g. coupled bursts with sharp on/offset) underlies FC in all frequencies. In the latter case, FC 428 

would be temporally correlated over frequencies. To dissociate between the two scenarios, we inspected 429 

temporal correlations between connection-wise FC time courses of different frequency bands within the 430 

resting state condition because it provides the most data of all cognitive states (2-3 minutes). We only 431 

focused on those connections of the intrinsic FC organization that were strong in all frequency bands 432 

(top 25% of the representative mean organization illustrated in Fig. 4B; mean FC= 0.60; std= 0.13; 433 
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averaged over subjects). This approach ensured that we only included electrode pairs involved in the 434 

task-invariant FC organization of all bands. As shown in Fig. 5 (top subplots above the diagonal; ’real 435 

data’), we detected a symmetric histogram of temporal correlation values centered on zero for every 436 

subject and pair of frequency bands. The lower subplots below the diagonal of Fig. 5 show an equivalent 437 

temporal correlation analysis for surrogate data generated by temporally permuting phases of one of the 438 

FC dynamics in Fourier space (500 permutations). The distribution of temporal correlations was highly 439 

similar to the corresponding histogram of the real data. Again, similar results were obtained for 440 

amplitude coupling. 441 

 442 

Fig.  5 – Histogram of temporal correlation values between resting state FC dynamics of different frequency bands for real (upper 443 

diagonal) and surrogate (lower diagonal; pooled over 500 repetitions) data. The surrogate data represent temporally phase 444 

permuted and thus temporally independent FC time courses. Each panel corresponds to a specific pair of frequency band as labeled. 445 

In each panel, histograms averaged over subjects are shown as thick black lines, while single-subject histograms are shown as 446 

narrow dotted lines of different colors. The x-axis indicates temporal Pearson correlation values of FC dynamics of the two 447 

frequency bands, and the y-axis shows the probability of observing the respective values over electrode pairs. The histograms for 448 

real data were zero-centered and symmetric as were those observed for the simulated temporally independent FC dynamics. This 449 
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observation is consistent with the presence of multiple frequency-specific processes with temporally independent time-varying 450 

dynamics rather than a single broadband phenomenon. 451 

To test for an overall tendency towards positive or negative correlations between FC temporal dynamics 452 

of each frequency pair, we compared mean, std, and skewness between histograms of the real and null 453 

data. The (grand average) difference in the three measures between histograms of the real and null data 454 

(averaged across repetitions) were 0.01, 0.01, and 0.02 (±std= 0.03, 0.01, and 0.13), respectively. All 455 

differences were negligible in size, suggesting the absence of a broadband process. Moreover, a large 456 

proportion of all cases (all subjects, pairs of frequency bands, and the three histogram measures) did not 457 

pass the significance test when compared to surrogate data (73, 68, and 95% of all cases for mean, std, 458 

and skewness differences, respectively; < 0.05). This observation implies that FC fluctuations in 459 

different frequency bands do not temporally coincide (in a linear sense) more frequently than expected 460 

by chance. We conclude that the observed spatial concordance of FC organization across frequencies is 461 

not generated by a single broadband phenomenon, but rather reflects multiple frequency-specific 462 

coupling processes unfolding within the same universal spatial organization. 463 

Stability of spatial organization across phase- and amplitude coupling 464 

In previous sections, we separately tested the stability of FC organization across cognitive states and 465 

frequency bands. Next, in order to test the four scenarios presented in Fig. 1, we assessed the stability of 466 

FC organization across all possible pairs of cognitive states and frequency bands. We further extended 467 

this comprehensive approach to a comparison across different modes of connectivity, i.e. phase- and 468 

amplitude coupling.  469 

Spatial organization of phase-coupling  470 

We estimated spatial correlation for all possible pairs of FC matrices across cognitive states and 471 

frequencies for each subject separately, resulting in a correspondence lattice (Fig. 6A). For visualization 472 

purposes, the upper triangle of the correspondence lattice in Fig. 6A shows the correspondence lattice 473 

averaged over all subjects (r= 0.57 ± 0.18 including cross-frequency comparisons; r= 0.69 ± 0.18 for 474 
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within-frequency comparisons only). Using the same spatial permutation test that was used for previous 475 

sections, we tested the significance of each bin of the correspondence lattice for each subject. The lower 476 

triangle of Fig. 6A reports the proportion of subjects passing significance threshold for each comparison 477 

(R=500; q<0.05; Benjamini-Hochberg FDR corrected for all cases of subjects × pairs of cognitive state x 478 

frequency bands). We observed evidence for spatial similarity across all pairs of FC matrices in overall 479 

99.3% of the single-subject comparisons, strongly supporting hypothesis IV (cf. Fig. 1). This outcome 480 

shows that the spatial FC organization is to a large degree consistent across all cognitive states and 481 

frequency bands.  482 

We further summarized information from the correspondence lattice according to cognitive engagement 483 

levels (Fig. 6C). These levels are conceptualized to gradually increase from task-free resting state (Rest), 484 

to pre-stimulus baseline involving task-set maintenance (BaseMotor and BaseSpeech), to active processing 485 

during stimulation and motor output (Motor, Speech, and 2Back). We focused on the amount of FC 486 

dissimilarity (1-r) across pairs of cognitive engagement levels in order to emphasize the change in FC 487 

organization. In all frequency bands the radar plots approached a circle, showing that the dissimilarity of 488 

FC was of comparable magnitude across all level pairs. In other words, more distant pairs of engagement 489 

levels, most notably base-task and task-task contrasts as commonly applied in electrophysiological 490 

studies, were no more dissimilar than the closer rest-rest pair.  491 

Spatial organization of amplitude-coupling 492 

Amplitude coupling is a distinct mode of oscillation-based FC beyond phase, likewise subserving long-493 

range neural communication and cognitive processes (Engel et al. 2013). We have previously 494 

hypothesized that FC organization in both modes entails an intrinsic, task-independent component 495 

(Mostame and Sadaghiani 2020). Therefore, we asked whether the same observation, i.e. consistency 496 

across cognitive states and frequency bands, also holds true for amplitude coupling. We extracted FC 497 

matrices of all cognitive states and frequency bands using amplitude coupling as connectivity measure. 498 

Fig. 6B visualizes the outcome for amplitude coupling (equivalent to Fig. 6A for phase coupling). Spatial 499 
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correlation values were moderate to strong (average of upper triangle of 6B r= 0.42 ± 0.21). Importantly, 500 

as shown in the lower triangle of 6B, spatial correlation of FC matrices across all cognitive states and 501 

frequencies were significant in overall 94.7% of the comparisons (q<0.05; Benjamini-Hochberg FDR 502 

corrected for subjects × pairs of cognitive state x frequency bands), in line with hypothesis IV in Fig. 1. 503 

In the radar plots for amplitude coupling (Fig. 6D) FC dissimilarity between more distant pairs of 504 

cognitive engagement levels were only marginally larger in magnitude compared to the rest-rest pair. We 505 

conclude that the intrinsic architecture is also consistent across cognitive states and frequency bands for 506 

amplitude coupling. 507 

 508 

 509 
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Fig.  6– Spatial correlation between FC matrices from all possible pairs of cognitive states and frequency bands for phase coupling 510 

and amplitude coupling. A-B) In the correspondence lattice, axes labels correspond to cognitive states (“MOT”: Motor; “SPCH”: 511 

Speech; “2BCK”: 2Back; “BMOT”: BaseMotor, and “BSPCH”: BaseSpeech) and frequency bands (theta to high gamma). Upper triangles 512 

show correlation values averaged across all subjects, with effect size indicated by color (vertical color bar). For each subject, a set 513 

of 500 surrogate data were generated to test the significance of the correlation values. The number of subjects showing significance 514 

in each bin of the correspondence lattice is presented in the lower triangles (horizontal color bar). The lower triangles in A and B 515 

conform with hypothesis IV in Fig. 1. C-D) The radar plots show the magnitude of FC dissimilarity (1 - r) across all levels of 516 

cognitive engagement. Cognitive engagement is conceptualized to gradually increase from resting state: (“Rest”) to inter-trial 517 

baseline periods during paradigms (“Base”, averaged over BaseMotor and BaseSpeech), to active processing (“Task”, averaged over 518 

Motor, Speech and 2Back). Radar plots in different colors correspond to different frequency bands. The comparable magnitude of 519 

dissimilarity across all pairs of cognitive engagement levels speaks to the presence of an intrinsic spatial organization for both 520 

phase- and amplitude coupling.  521 

Comparing spatial organization between phase- and amplitude-coupling 522 

We observed differences between phase- and amplitude coupling. While spatial correlation values for 523 

both were significant compared to their respective null models, values were overall slightly higher for 524 

phase coupling (Fig. 6A) than for amplitude coupling (Fig. 6B). Further, as the frequency increased, 525 

within-frequency cross-state correlation values increased for phase coupling (diagonals of small squares 526 

in Fig. 6A & Fig. 6C), while they slightly decreased for amplitude coupling (Fig. 6B & D). This means 527 

that task-specific FC changes in phase coupling are more pronounced in lower frequencies (mostly in 528 

alpha band), resulting in lower cross-state correlations. By contrast, such task-specific changes are 529 

generally stronger in higher frequencies for amplitude coupling. Collectively, these observations suggest 530 

the presence of an intrinsic architecture in both phase- and amplitude coupling, but with nuanced 531 

differences.  532 

Source leakage contributions 533 

Compared to EEG and MEG, ECoG recordings are much less likely to suffer from volume conduction 534 

especially at the scale of ~>1cm inter-electrode distance (Dubey and Ray 2019). Nevertheless, to 535 

ascertain that FC stability across cognitive states is largely independent of volume conduction, we 536 
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replicated our results following suppression of zero-lag connectivity (since electricity spreads quasi-537 

instantaneously) and distance dependence of connectivity (since volume conduction is dependent on 538 

physical distance). We used the Rest-to-Motor comparison due to its large number of subjects (See Fig. 539 

7). 540 

 541 

Fig.  7 - Addressing potential contribution of volume conduction to the cross-state spatial correlation of FC. Rest-to-Motor cross-542 

state FC correlations based on A) ImC measure, and B) PLV measure after regressing out electrode distance. Each subplot is 543 

organized according to configurations of Fig. 3. A large proportion of data shows the presence of cross-state FC correlations even 544 

after removing possible volume conduction effects, using the two different approaches. This observation suggests that our major 545 

findings are not heavily driven by volume conduction. 546 

FC measures suppressing zero-lag connectivity (ImC measure) 547 

We found that significant Rest-to-Motor cross-state FC correspondence persisted in the majority of 548 

bands and subjects (63 cases out of 85; with a minimum of 11 out of 17 subjects in each band) even after 549 

reducing the data to nonzero-lag connectivity (Fig. 7A; FDR-corrected at q<0.05). Despite a reduction in 550 

effect size likely due to concomitant removal of veridical zero-lag connectivity, the persistence of effects 551 
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implies that cross-state FC correspondence is not primarily explained by volume conduction effects. 552 

Note that overall relatively low within-Rest correlation values of FC matrices (long purple lines in Fig. 553 

7A; ~r = 0.4) speak to low sensitivity of the ImC and the underestimation of the cross-state correlations. 554 

Regressing out distance dependencies from FC 555 

In 83 out of 85 subject-by-frequency cases, spatial organization of FC remained significantly correlated 556 

between Rest and Motor conditions after removing distance dependencies (Fig. 7B). The large 557 

proportion of significant effects even after removal of a substantial part of connectivity indicates that our 558 

major findings are not primarily driven by distance dependencies. This persistence suggests that volume 559 

conduction contributes no more than a small proportion of the observed consistency of FC organization 560 

across cognitive states and frequency bands. 561 

Discussion 562 

The present study sought to answer whether fast oscillatory coupling was sensitive to cognitive context, 563 

or, conversely, associated with a single, state-invariant spatial organization across cognitive domains. 564 

We used ECoG signals of presurgical patients during rest, pre-stimulus intervals corresponding to 565 

maintenance of task-set and attention, and active processing. Across all subjects and all canonical 566 

frequency bands, oscillation-based FC spatial organization changed only slightly in response to cognitive 567 

state. Moreover, the observed spatial organization was largely similar across all frequency bands. 568 

Despite this between-frequency spatial similarity, temporally independent dynamics were detected 569 

across frequency bands speaking against a broadband phenomenon. Taken together, we observed 570 

cognitive state-invariance and frequency-invariance of the distributed FC spatial organization on the one 571 

hand, and frequency-specific FC dynamics at the connection level on the other.  572 

To illustrate the concurrent presence of these properties, we consider the analogy of vehicle traffic. In 573 

this analogy, the distributed spatial FC organization corresponds to the pattern of roads, and dynamic FC 574 

corresponds to traffic unfolding on the roads. Our result of state-invariance of the spatial organization 575 

can be conceptualized as the stability of the roads’ network pattern irrespective of the ambient conditions 576 
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such as weather. Illustrating the frequency-invariance of FC spatial organization, different frequency 577 

bands correspond to individual lanes within the same road layout. The absence of linear dependence of 578 

FC dynamics across bands then corresponds to cars travelling in a temporally largely independent 579 

manner on the distinct lanes of the same roads. This analogy highlights how our results extend the 580 

neurobiological understanding of functional networks through the concurrent consideration of distributed 581 

spatial organization and temporal dynamics of FC.  582 

Stability of oscillation-based FC across cognitive states 583 

Spatial stability of fast oscillation-based FC over cognitive states is in strong agreement with prior 584 

observations in fMRI-based FC at infraslow temporal scales. Several neuroimaging studies have shown 585 

that the spatial organization of FC remains largely stable across cognitive states (Cole et al. 2014; 586 

Gratton et al. 2018; Krienen, Yeo, and Buckner 2014). However, the vastly different temporal 587 

characteristics of fMRI and electrophysiological measures emphasize divergent types of neural processes 588 

(Hari and Parkkonen 2015; Hermes et al. 2019; Hermes, Nguyen, and Winawer 2017). fMRI-based FC 589 

represents coupling of infraslow and aperiodic fluctuations of activation amplitude. In contrast, coupling 590 

of oscillatory neural signals, especially phase coupling, represent FC mechanisms based on rapid 591 

rhythmicity.  592 

The strong spatial stability in our study (r=0.69; mean over all cross-state comparisons of phase coupling 593 

within frequencies) is especially surprising in light of the role of neural oscillations in rapid cognitive 594 

processes. This state-invariance of FC organization is missed in common electrophysiological task-based 595 

studies, as such studies typically normalize active trial processing to a pre-trial baseline or contrast task 596 

conditions in individual connections without considering the distributed spatial pattern of FC.  597 

However, the observed stability leaves room for subtle or spatially confined task-specific FC changes. It 598 

is important to consider the interplay between space and time in FC dynamics. Our observation of spatial 599 

stability of FC in various cognitive contexts over the full trial duration does not preclude divergent 600 

temporal dynamics in different tasks (see discussion of time-varying dynamics below). Further, spatial 601 
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correspondence of FC across states was high but not perfect, suggesting the presence of task-specific 602 

adjustments. This latter observation is in line with small but task-specific changes in fMRI-based FC 603 

during particular tasks (e.g. Cohen and D’Esposito 2016). Thus, the observed spatial stability is 604 

compatible with additional minor but functionally important and task-specific changes in FC patterns.  605 

Stability of oscillation-based FC across frequency bands 606 

The cognitive state invariance of oscillation-based FC organization was observed in all canonical 607 

frequency bands from theta to high gamma, suggesting that this spatial organization is conserved across 608 

frequencies. Direct pairwise comparisons of frequency-specific intrinsic FC across frequency bands 609 

revealed highly similar FC organization across all bands (r = 0.69 to 0.88). This finding is surprising, 610 

given that frequency-specific oscillation-based FC has been linked to different cognitive operations, each 611 

associated with different sets of brain areas (S. Palva and Palva 2018). For instance, theta, alpha, and 612 

gamma band oscillations (both in terms of local power and cross-region coupling) are thought to reflect 613 

navigation  and memory encoding/retrieval (Backus et al. 2016), attentional processes (Sadaghiani and 614 

Kleinschmidt 2016), and local representation of item content (Rohenkohl, Bosman, and Fries 2018), 615 

respectively. These observations would suggest a frequency-specific rather than a frequency-stable 616 

spatial organization of FC (Sadaghiani and Wirsich 2019). 617 

However, computer modeling studies have shown that spatial organization of static FC in various 618 

frequency bands can be largely predicted by the structural connectivity (Cabral et al. 2014; Hansen et al. 619 

2015; Schirner et al. 2018), suggesting some degree of frequency-invariance in the organization of FC. 620 

For example, Cabral and colleagues (2014) reported strong correlation between empirical FC of MEG 621 

data and time series generated from theoretical computer models informed by structural connectivity. 622 

Importantly, this observation concurrently held true for multiple oscillation frequency bands suggesting 623 

that oscillation-based FC entails a frequency-independent component. Our observation of relatively 624 

strong frequency invariance agrees with this viewpoint, whilst also permitting considerably smaller 625 

frequency-specific connectivity patterns. 626 
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Temporally independent frequency-specific FC dynamics 627 

Our analysis of FC time-varying dynamics in each frequency band suggests that frequency-invariance 628 

likely reflects multiple frequency-specific coupling processes that enact a shared spatial organization, 629 

rather than a single broadband process. This finding may explain how frequency-specific task-evoked FC 630 

changes can co-exist with a frequency-invariant spatial organization. Although temporally independent 631 

FC dynamics in different frequency bands are consistent with temporally distinct task-evoked changes in 632 

each band, these results are dependent on the time frame considered.  For instance, when assessing these 633 

connection-wise dynamics over more extensive observations (i.e., longer time period), the relatively 634 

unitary state- and frequency-invariant spatial organization of FC emerges at the large-scale connectivity 635 

level. Our finding is consistent with long-term EEG and ECoG recordings that report the emergence of 636 

spatial stability only at periods >100sec (Chu et al. 2012; Kramer et al. 2011). This observation 637 

reconciles the complimentary presence of cognitive state-invariance and frequency-invariance of FC 638 

spatial organization on the one hand and its state-responsive and frequency-specific short-term dynamics 639 

on the other.  640 

Phase- vs. amplitude coupling 641 

Beyond phase coupling, this study explored the correspondence of spatial FC across cognitive states and 642 

frequency bands in the other major mode of oscillation-based connectivity: amplitude coupling. While 643 

relative stability of FC organization was observed for both coupling modes, the cross-state FC 644 

dissimilarity for amplitude coupling was consistently larger than for phase coupling in all bands (Fig. 645 

6C) slightly exceeding dissimilarity within rest (Fig. 6D). This finding may suggest that amplitude 646 

coupling is modulated across cognitive contexts either to a larger degree or across more connections than 647 

phase coupling. 648 

Further, we observed that task-responsiveness of phase- and amplitude coupling had a different profile 649 

over frequency bands (Fig. 6C & D). The observed profiles suggest that task-related changes in phase 650 
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coupling occur more readily in slower frequencies, while task-related amplitude-coupling enacts the 651 

higher frequencies more strongly. The dissociable task-related spatial reorganization emphasizes the 652 

distinctness of task-related phase- and amplitude coupling (Mostame and Sadaghiani 2020). 653 

Source leakage contributions 654 

Could the observed state- and frequency-invariance be caused by volume conduction present in the data 655 

regardless of the cognitive state or frequency band? Although ECoG is considerably less affected by 656 

volume conduction than scalp EEG, we addressed this concern after removing zero-lag FC and distance 657 

dependence of FC. We detected a moderate reduction of the effect size of the spatial correspondence 658 

especially when suppressing zero-lag FC. Unfortunately, the conservative approach of suppressing zero-659 

lag FC comes at the cost of removing real zero-lag connectivity whose existence (e.g., Gray et al. 1989; 660 

Rodriguez et al. 1999; Roelfsema et al. 1997) and contribution to the whole-brain connectome (e.g., 661 

Finger et al. 2016) are supported empirically and theoretically (Viriyopase et al. 2012). Importantly 662 

however, a large proportion of the data still reflected the state-invariant FC organization, indicating that 663 

volume conduction is not a primary driver of our effects. These observations emphasize the advantage of 664 

ECoG over noninvasive neurophysiological signals for investigating FC organization under minimal 665 

volume conduction effects. 666 

Limitations 667 

While ECoG provides a unique window into direct intracranial recordings of the human brain, it suffers 668 

from limited electrode coverage. Thus, the observed FC organization could not be directly related to 669 

previously reported whole-brain FC networks. Importantly however, the core question regarding spatial 670 

stability of FC across cognitive states and frequency bands was not contingent upon knowing the 671 

correspondence to MRI-based networks. Moreover, the variability of electrode coverage across subjects -672 

while it prevents comparisons across subjects- suggests that our observations are robust over different 673 

sets of brain areas.   674 
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Another limitation of ECoG is that due to its invasive nature it is only available in patients with a history 675 

of epilepsy. In particular, electrodes coverage usually includes affected brain areas to serve clinical 676 

purposes. However, data did not include electrodes and time periods with excessive inter-ictal activity. 677 

Thus, we believe that the high SNR of ECoG and its relative insensitivity to volume conduction far 678 

outweighs this potential limitation for the purposes of studying oscillation-based FC. Thereby our study 679 

adds to the wealth of prior ECoG studies successfully informing about normal brain processes (Parvizi 680 

and Kastner 2018) and FC in particular (e.g. (Betzel et al. 2019; Kucyi et al. 2018).  681 

Another limitation ensuing from the rare opportunity of intracranial human recordings is the limited 682 

sample size. Cross-state investigations require patients with data from at least two task conditions. The 683 

overlap of Motor and Rest provided a sample size of 17 patients, which is relatively large in the context 684 

of ECoG literature. However, other tasks that we included in support of a broad representation of 685 

cognitive states were available in a subset of patients only. Nevertheless, the extraordinary SNR of 686 

intracranial recordings permits assessment of effects in individual subjects. Accordingly, the core 687 

conclusions of state- and frequency invariance were established using both group-level statistics as well 688 

as single-subject tests using subject-specific null models. The observation of all core findings in the vast 689 

majority of individual comparisons (with rigorous multiple comparisons corrections) provides strong 690 

quantitative support for the robustness of our results. 691 

Conclusions 692 

Our findings suggest that spatial organization of oscillation-based FC is shared across frequency bands 693 

and is stable across a variety of tasks and rest. Invariance of oscillation-based FC across cognitive states 694 

agrees with parallel observations of such invariance in the correlation structure of the aperiodic fMRI 695 

BOLD signal. This convergence suggests a universal phenomenon from the millisecond timescale of 696 

electrophysiology to the infraslow range of fMRI. These observations speak to conceptual frameworks of 697 

oscillation-based FC incorporating a largely state- and frequency-invariant spatial organization beyond 698 

state-responsive and frequency-specific short-term dynamics of FC (Sadaghiani and Wirsich 2019).  699 
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Such conceptual considerations also have important practical implications for calculating and 700 

interpreting task-based electrophysiological connectivity. This is especially important, because 701 

commonly used non-parametric statistical tests (phase permutation, Bootstrap resampling, etc.) differ in 702 

the adequacy with which their assumed null distribution captures task-independent connectivity already 703 

present in the pre-stimulus baseline (Moharramipour et al. 2018; Mostame et al. 2019). Intrinsic 704 

connectivity can be taken into account by either demeaning connectivity at each connection with respect 705 

to its corresponding baseline connectivity before statistical testing, or by employing random sampling 706 

approaches that include baseline data (Mostame et al. 2019).  707 

The strong similarity of spatial FC organization across mental states also motivates dedicated studies to 708 

characterize the subtle but functionally meaningful state-dependent modulation of this distributed 709 

organization. Given sufficient spatial localizability (in either distributed intracranial data or whole-brain 710 

source-localized scalp data), comparisons between task conditions can be performed using network-711 

based statistical approaches rather than studying individual connections (e.g. Zalesky, Fornito, and 712 

Bullmore 2010). In summary, concurrently considering the distributed spatial organization and temporal 713 

dynamics of FC in future task-based studies will be important to advance the neurobiological 714 

understanding of functional networks. 715 
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