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Abstract 
The large-scale organization of functional connectivity (FC) — the functional connectome — traverses distinct 

spatial patterns in a dynamic trajectory as demonstrated independently in fMRI and electrophysiological 

studies. These patterns are thought to satisfy ever-changing processing demands. FMRI and electrophysiology 

capture partly non-overlapping neural populations at different timescales, and it remains unknown to what 

degree the dynamic connectome trajectories across the two modalities are associated. We sought to clarify this 

relationship by studying resting wakefulness in a rare concurrent intracranial EEG and functional MRI dataset 

(iEEG-fMRI; 9 human neurosurgical patients) and in whole-brain connectomes obtained from source-localized 

EEG-fMRI (26 healthy humans). We measured “spatial convergence” as cross-modal spatial similarity of 

connectome configurations at a given time, and “temporal convergence” as synchronous occurrence of spatial 

convergence. We investigated three possible scenarios characterizing the cross-modal association of 

connectome trajectories: I) spatially and temporally convergent, II) spatially convergent but temporally 

divergent, and III) spatially and temporally divergent. We found that the behavior of fMRI and iEEG/EEG is 

consistent with scenario II: connectome trajectories spatially converge at intermittent times. Importantly, such 

asynchronous spatial convergence of connectome configurations was driven by cross-modally matched 

recurrent connectome states, independently across electrophysiological timescales. This connectome-level 

multi-frequency spatial convergence and temporal divergence suggests that hemodynamic and 

electrophysiological signals capture distinct aspects of FC, rather than serving as intermodal measurements of 

the same phenomenon. The multitude of flexible trajectories across timescales may concurrently enable FC 

across multiple independent sets of distributed brain regions. 
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Introduction 
The traditional view that functional connectivity (FC) primarily emerges in response to cognitive demands has 

been giving way to more recent observations that FC is predominantly intrinsic in nature (Gratton et al., 2018; 

Mostame and Sadaghiani, 2020a). The functional connectome, which constitutes the whole-brain spatial 

organization of large-scale FC, continuously exhibits reconfigurations across different spatial patterns in all 

mental states including task-free rest. These reconfigurations are referred to as spontaneous or ongoing FC 

dynamics (Preti et al., 2017; Lurie et al., 2018; Sadaghiani and Wirsich, 2019). Such ongoing FC dynamics in 

both fMRI and electrophysiology affect cognitive functions and the processing of external stimuli (Weisz et 

al., 2014; Sadaghiani and D’Esposito, 2015; Cohen, 2018; Rassi et al., 2019). More specifically, spontaneously 

occurring FC configurations are thought to represent distinct discrete connectome states that support different 

cognitive processes; Thus, iteration through these states may be commensurate with maintaining cognitive 

flexibility during all cognitive states including rest (Deco et al., 2013; Vohryzek et al., 2020). 

While the functional connectome is commonly studied with fMRI, a growing body of work suggests that it can 

be reliably observed using electrophysiological methods such as MEG, EEG, and intracranial EEG (iEEG) 

(Sadaghiani and Wirsich, 2019; Sadaghiani et al., 2021). FC captured in fMRI and electrophysiology is partly 

distinct with respect to the underlying neural populations, connectivity mechanisms, and timescales. 

Specifically, while the Local Field Potential signal of electrophysiological methods including intracranial 

recordings is dominated by pyramidal neurons (Buzsáki et al., 2012),  the fMRI signal stems from the metabolic 

demands of neural activity that can cumulatively reflect a large variety of neural populations (Heeger and Ress, 

2002). Extending this notion to timescales, Hari and Parkkonen (2015) argue that neural ensembles connected 

via slow (thin, unmyelinated) fibers are more prominent in the fMRI signal, while neural activity involving 

fast-conducting (thick, myelinated) fibers is better captured in electrophysiological data. Regarding FC in 

particular, fMRI and electrophysiological recordings differ in terms of both speed and connectivity 

mechanisms; fMRI captures connectivity based on slow co-fluctuations of the hemodynamic signal thus 

resulting in connectome dynamics in the range of seconds to minutes (Chang and Glover, 2010; Calhoun et al., 

2014; Vohryzek et al., 2020). Conversely, connectivity in electrophysiology commonly reflects cross-region 

coupling of phase or amplitude of fast neural oscillations (~1-150 Hz), resulting in connectome dynamics at 

sub-second speeds (Baker et al., 2014; Hunyadi et al., 2019). Such oscillation-based coupling mechanism is 

thought to enable rhythmic frequency-specific modes of rapid neural communication that may represent 

independent channels of information exchange (Mostame and Sadaghiani, 2020a). Given that the spontaneous 

reorganization of the connectome is primarily observed in separate fMRI and electrophysiological experiments, 

a multimodal approach that bridges across largescale FC timescales is indicated. More generally, ultimately all 

observations of any given phenomenon must be reconciled.   

Prior multimodal work has begun to directly investigate the relationship between hemodynamics- and 

electrophysiology-derived connectomes. The time-averaged (static) spatial organization of functional 
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connectomes is correlated between fMRI and electrophysiological data including MEG (Brookes et al., 2011; 

Hipp and Siegel, 2015), EEG (Deligianni et al., 2014; Wirsich et al., 2017), and iEEG (Ridley et al., 2017; 

Kucyi et al., 2018; Betzel et al., 2019). However, irrespective of electrophysiological modality, only moderate 

correlation values are reported at the group-level (commonly r = ~0.3) for the various individual 

electrophysiological frequency bands. Importantly, this moderate effect size has been replicated in several 

EEG-fMRI datasets differing in hardware, scanning conditions and subject populations (Wirsich et al., 2021). 

At individual subject level, the spatial similarity is smaller (Hipp and Siegel, 2015; Wirsich et al., 2021). 

Whether the divergence of static hemodynamics- and electrophysiology-derived connectomes mostly reflects 

different neurobiological dynamics at different FC timescales or some other factor is unclear. 

To answer this question, a handful of studies have recently extended investigations of the cross-modal link 

between fMRI and electrophysiology to time-varying FC changes. We have shown that fMRI connections with 

stronger FC temporal variance correspond to connections with higher FC variance in intracranial EEG (Ridley 

et al., 2017). We have further shown that infraslow FC dynamics (60s temporal resolution) in fMRI are 

associated with phase-coupling of concurrent source-localized scalp EEG at the level of individual connections 

(Wirsich et al., 2020b). For all EEG frequency bands, this cross-modal association was observed in a large set 

of distributed connections. However, when moving from connection-level FC to large-scale spatial 

configurations of FC (i.e. patterns over all connections), the cross-modal relation of dynamics appears to be 

temporally sparse. Specifically, investigating such spatial FC patterns at infraslow temporal resolution (~40s 

windows), Abreu and colleagues (2020) report that two of ten connectome configurations observed in fMRI 

and in concurrent source-localized EEG were spatially correlated, while eight in each modality were 

unmatched. In other work, Zhang et. al (2020) have shown in rats, that instantaneous patterns of fMRI 

coactivation with respect to a seed region (i.e. coactivation patterns / “CAPs”) are spatially similar when 

obtained from BOLD or LFP signals of the seed regions. Importantly, this similarity primarily occurs during 

sparse events (when the seed region signal is at its peak level). In sum, beyond a certain level of  convergence 

that is robust but limited (Wirsich et al., 2021), the above-discussed static and time-varying FC studies also 

demonstrate considerable divergence between fMRI and electrophysiological findings (Wirsich et al., 2020a).  

One possible explanation for partial spatial and temporal divergence of FC dynamics not commonly considered, 

is that fMRI and electrophysiological measures each weigh more strongly different neural processes or 

populations, as discussed above (Nunez and Silberstein, 2000; Hari and Parkkonen, 2015; Hermes et al., 2017). 

Studying the spatiotemporal relationship of FC dynamics at sub-second temporal resolution can provide 

insights into this possibility. To understand connectome dynamics across FC timescales, we measure the degree 

to which fMRI and electrophysiology capture overlapping connectivity processes. Figure 1 illustrates three 

major scenarios of possible convergence/divergence. Specifically, moment-to-moment connectome 

configurations observed in the two modalities (I) may constitute epochs of spatially similar connectome patterns 

occurring at the same time (spatially and temporally convergent), or (II), may be driven by largely distinct 
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temporal trajectories that, however, enact similar connectome patterns (spatially convergent, temporally 

divergent), and finally (III), may be driven by largely non-overlapping temporal trajectories with spatially non-

overlapping connectome patterns (spatially and temporally divergent).  

  

Fig. 1 – Three potential scenarios for convergence/divergence of connectome trajectories across hemodynamics and 
electrophysiology. Dynamics of connectome reconfigurations (i.e. time-varying spatial patterns of large-scale connectivity) are 
shown as trajectories in a presumed 3D state space, starting from the diamond sign and ending at the arrowhead. Hemodynamics- 
and electrophysiology-derived connectome dynamics in each scenario are shown in blue and red, respectively. Scenario (I): both 
dynamic trajectories are driven by the same connectivity processes; are spatially and temporally convergent (at all times). Scenario 
(II): both dynamic trajectories span the same portion of the state space, while each traversing a different timecourse; are spatially 
convergent but temporally divergent. Scenario (III): each of the dynamic trajectories span non-overlapping parts of the state space 
with different timecourses; are spatially and temporally divergent (at all times). Note that scenarios I and III represent border cases 
extracted from a theoretical convergence/divergence gradient (bottom of the figure). Spatial convergence does not imply a perfect 
spatial match (at the same or different time points) given established observations that the cross-modal similarity in static 
connectomes is moderate (Betzel et al., 2019; Wirsich et al., 2021). Further, electrophysiology-derived connectivity may have several 
trajectories operating in frequency-specific channels. 

 

We adjudicate the likelihood of these scenarios by comparing connectome configurations across fMRI and 

concurrent intracranial EEG in synchronous (time-aligned comparison of connectomes) and asynchronous (a 

novel, time-shifted comparison of connectomes) analysis approaches. In the so-called resting state, 

characterized by the absence of experiment control, the brain’s activity can be described as spontaneous and 

therefore a priori, each moment can be taken as unique: irreproducible. Therefore, all signals of interest must 

be recorded simultaneously.  The concurrent recording of hemodynamic and electrophysiological brain signals 

allows us to investigate the direct association of connectome configurations across FC timescales in a frame-

by-frame manner (in both synchronous and asynchronous approaches), which is not possible in separately 

acquired multi-modal datasets. After establishing robust effects intracranially in the absence of volume 

conduction, we extend our approach  to whole-brain (whole-cortex) functional connectomes derived from 

concurrent fMRI and source-localized EEG recordings of healthy subjects. 
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Results 
This study determines the spatial and temporal convergence across dynamic reconfigurations of FC patterns in 

hemodynamic and electrophysiological measures. We first focus on a concurrent intracranial EEG (iEEG) and 

fMRI dataset minimally affected by volume conduction (N = 9; Fig. 2 & 3), we then extend our findings to 

whole-brain connectomes of healthy subjects using a secondary concurrent source-localized scalp EEG and 

fMRI dataset (N = 26; Fig. 4). Using the source-localized data, we further characterize whole-brain recurrent 

connectome states underlying the cross-modal convergence (Fig. 5). Intracranial grid and depth electrode 

locations are shown in Fig. S1. While iEEG FC patterns represent only a partial window of the whole- brain 

connectome, we use the term “connectome” to refer to both iEEG FC patterns (partial brain window) and EEG 

FC patterns (whole-brain).  

For each subject, we calculated the FC configuration at every 100ms for fMRI (fMRI-FC) and band-limited 

iEEG amplitude coupling (iEEG-FCAmp), and spatially compared them across modalities.  For both datasets, 

we include replication of results using phase coupling (denoted as iEEG-FCPhase) as a supplemental analysis. 

Note that the high temporal sampling in fMRI-FC exploited a recently introduced single-volume measure of 

instantaneous co-activation patterns (Esfahlani et al, 2020) and up-sampling the outcome. While up-sampling 

does not increase fMRI temporal resolution beyond the acquisition resolution, it permits assessing the pattern 

of fMRI FC at every 100ms-frame of iEEG without degrading temporal resolution in the latter. This approach 

permits the EEG connectivity dynamics (and its relationship to fMRI-FC) to be observed over a broad temporal 

range. To permit sufficient oscillation cycles, oscillation-based connectivity in iEEG was extracted in a window 

of 4s width anchored at every 100ms, for five canonical frequency bands including: δ (1-4Hz), θ (5-7Hz), α (8-

13Hz), β (14-30Hz), and γ (31-60Hz). 

Spatial similarity of static connectomes across fMRI and iEEG: We replicated previous reports of spatial 

association between static i.e. time-averaged iEEG-FC and fMRI-FC (Sadaghiani and Wirsich, 2019)(Fig. S2). 

Consistent with previous work, group-average connectomes in fMRI and source-localized EEG data were 

significantly correlated across all frequency bands (Fig. S2-A). Similarly in iEEG-fMRI data, the cross-modal 

association of individual connectomes was significant in group-level statistics. Of note, in line with prior 

subject-level MEG-to-fMRI comparisons (Hipp and Siegel, 2015), the effect size of this association in 

individual subjects was small, although statistically significant in most individuals when tested against subject-

specific null models (Fig. S2-B). The small albeit significant cross-modal spatial similarity of time-averaged 

connectomes motivates an important question: to what extent do time-resolved connectome reconfigurations 

converge/diverge between the two modalities?  

Comparison of fMRI and iEEG connectome configurations at synchronous timepoints 
To assess the spatiotemporal cross-modal convergence of FC dynamics, we quantified the spatial similarity of 

FC patterns between fMRI and iEEG-FCAmp at each synchronous pairs of frames, i.e. at corresponding 
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timepoints after compensating for the canonical hemodynamic lag (6s). This synchronous frame-wise (every 

100ms) spatial correlation (Fig. 2A) yielded a timecourse of cross-modal similarity for each subject and 

frequency band (see representative subject in Fig. 2B). We tested the significance of the cross-modal 

correlations at each timepoint against a set of 100 surrogate timeseries generated by spatially phase-permuting 

the 2D matrix of fMRI-FC at each timepoint (FDR-corrected for all timepoints; q<0.05). 

Temporally sparse multi-frequency association: The spatial similarity of fMRI and iEEG-FCAmp exceeded 

chance (comparison to the above-mentioned surrogate data at each timepoint) in a relatively small fraction of 

frames (from δ to γ, respectively: 5.2±2.0%, 4.4±2.8%, 5.3±3.0%, 4.4±2.2%, 3.8±2.7% of frames). 

Cumulatively over all electrophysiological frequency bands, a total of 19.2% (±std = 8.1%) of the frames were 

spatially similar (Fig. 2C). The extracted cross-modal similarity timecourses for the different 

electrophysiological frequency bands showed low temporal correlation when compared in a pairwise manner; 

Averaged across subjects, this correlation reached a mean of r = 0.13 ± 0.07 and a maximum of r = 0.23 across 

all pairs of frequency bands (Fig. 2D). 

Likelihood of scenarios: The significant spatial similarity of dynamic connectome configurations in fMRI and 

iEEG speaks against scenario III that posits spatial independence of these configurations. Further, periods of 

high cross-modal similarity in different electrophysiological frequency bands occurred at largely 

nonoverlapping times. This observation speaks to a rich multi-frequency association between the FC 

reconfigurations in the two modalities, rather than presence of a unitary broadband electrophysiological FC 

process. However, our observations also suggest that the cross-modal spatial similarity occurs sparsely across 

time even when considering all electrophysiological frequency bands. This sparsity motivates further 

investigation of the temporal relationship between fMRI-FC and iEEG-FC, to find evidence in support of 

scenario I or II. 
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Fig. 2 – fMRI and iEEG connectomes spatially converge at intermittent and frequency-specific times. A) A schematic view of the 
synchronous analysis. For each electrophysiological frequency band and each frame (every 100ms), the spatial similarity was 
quantified as Pearson correlation across fMRI-FC and iEEG-FCAmp connectome patterns. B) Representative example of the 
timecourse of similarity between fMRI-FC and iEEG-FCAmp patterns overlaid across all frequency bands (subject #3). For each 
frequency band, all frames at which correlation values surpass their corresponding chance-level are marked with a transparent bar 
of the same color (see color coding below the subplot; bars with different heights are used for better visualization). C) For each 
subject, the percentage of frames that show significant cross-modal similarity in at least one frequency band is depicted. The group 
average is shown as a blue horizontal line. Spatial convergence was observed in all subjects, speaking against scenario III. However, 
this convergence occurred during intermittent and relatively sparse epochs. D) Inter-band temporal correlation for the cross-modal 
spatial similarity timecourses (see subplot B) averaged over the group for the fMRI-FC to iEEG-FCAmp comparison. The small 
temporal correlation demonstrates a large degree of frequency-specificity of the cross-modal spatial convergence. See Fig. S8 for 
corresponding results in fMRI-FC and iEEG-FCPhase. Taken together, these findings suggest that spatially converging fMRI and iEEG 
connectome patterns occur at intermittent and frequency-specific times. 
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Comparison of fMRI and iEEG connectome configurations at asynchronous timepoints 
Likelihood of scenarios: The above-described analyses of fMRI and iEEG at synchronous timepoints suggest 

the presence of spatially similar connectome patterns, albeit at sparse intervals. This observation makes scenario 

III (spatial and temporal divergence) unlikely and speaks in favor of scenarios I (spatial and temporal 

convergence) or II (spatial convergence but temporal divergence). Our observations could align with scenario 

I if fMRI-derived and iEEG-derived connectome trajectories (sequences of FC patterns) were largely matched 

but only occasionally reached sufficient proximity (i.e. significant spatial similarity) in our empirical data. 

Scenario II would provide an alternative explanation for our observations; namely that fMRI and iEEG capture 

shared FC patterns expressed along temporally independent trajectories. Observing evidence in favor of one 

versus the other scenario would provide important insights into the neurobiological FC processes captured in 

the two data modalities; We propose that fMRI- and EEG-derived FC driven by largely shared neurobiological 

FC processes would be reflected in patterns corresponding to scenario I. Contrarily, observations in line with 

scenario II would imply the presence of distinct neurobiological FC processes, some captured by fMRI and 

others by iEEG.  

Cross-modal recurrence plot (CRP): To distinguish between scenarios I and II, we investigated the spatial 

similarity of fMRI and iEEG connectome configurations at all possible pairs of timepoints (i.e. asynchronous 

cross-modal comparison). In other words, we asked whether each fMRI FC frame was spatially similar to each 

iEEG-FCAmp frame at any other timepoint of the recording, and vice versa. This analysis resulted in a 2D matrix 

of cross-modal spatial correlation values which we call Cross-modal Recurrence Plot (CRP; cf. Fig 3A), where 

matrix entry [i, j] corresponds to the spatial correlation of fMRI-FC at time [i] to iEEG-FCAmp at time [j]. The 

CRP is similar to previous recurrence plots estimated intra-modally for fMRI (Cabral et al., 2017) but, crucially, 

investigates cross-modal similarity rather than unimodal (self-)similarity over time. For each subject, CRPs 

were estimated for each electrophysiological frequency band. We then tested the significance of the spatial 

correlation value at each CRP entry against a set of 100 surrogate correlation values from spatially phase-

permuted FC matrices (FDR-corrected). Subsequently, we overlaid significant CRP entries of each 

electrophysiological frequency band to compare outcomes across frequencies (shown as colored dots for a 

sample subject in Fig. 3A). We refer to the resulting overlay as multi-frequency CRP. Note that this 

asynchronous approach overcomes potential imprecision of the 6s hemodynamic lag compensation (see 

methods). 

Off-/on-diagonal ratio of spatially correlated epochs: In the multi-frequency CRP, the on-diagonal entries 

correspond to synchronous and the off-diagonal entries to asynchronous cross-modal comparisons. To 

dissociate between scenarios I and II, we focused on the rate of spatially convergent epochs in the multi-

frequency CRP, where epochs are CRP entries passing significance testing for cross-modal spatial correlation 

as detailed above. Specifically, we quantified the ratio of off-diagonal to on-diagonal rates (hereinafter “off-

/on-diagonal ratio”) (blue dots in Fig. 3B). In case of scenario I (presence of temporal convergence), given the 
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expected cross-modal temporal convergence, an off-/on-diagonal ratio considerably smaller than unity would 

be expected. In case of scenario II however (absence of temporal convergence), given the putative temporal 

divergence, epochs of spatial similarity between the two modalities could occur equally likely on and off the 

diagonal. In other words, off-/on-diagonal ratio would not statistically differ from a putative null distribution 

extracted from randomized multi-frequency CRPs (which is expectedly around 1; see grey dot clouds in Fig. 

3B). Thus, to adjudicate the likelihood of scenario I and II, in each subject we compared the off-/on-diagonal 

ratio to a distribution of null off-/on-diagonal ratios extracted after spatially scrambling the CRP along both 

temporal axes 100 times (dot clouds in individual columns of Fig. 3B). 

Asynchronous cross-modal association: The off-/on-diagonal ratio was close to 1 (mean over subjects ± std = 

1.05 ± 0.12). In subject-by-subject non-parametric tests, this ratio was not significantly smaller than the null 

distribution (Benjamini-Hochberg adjusted p values in all subjects >0.98; negative one-tailed test). Although 

this observation indicates absence of statistical evidence for scenario I (specifically that off-/on-diagonal 

ratio<1 due to temporal convergence, which we refer to as hypothesis 1 or H1), we applied an additional test 

to directly assess the probability of H0 (scenario II: off-/on-diagonal ratio≈1 due to temporal divergence) 

against H1. Specifically, we performed a Bayesian one-tailed group-level paired t-test between the real off-/on-

diagonal ratios and the subject-specific mean of the null off-/on-diagonal ratios. A BF01 (i.e. Bayes Factor in 

favor of H0 over H1) of 5.23 showed that the data are at least five times more likely to occur under H0 than 

under H1, providing moderate evidence in the direction of H0. Taken together, epochs of cross-modal spatial 

convergence are equally likely at asynchronous timepoints as they are at synchronous times; corresponding to 

the lack of an on- vs off-diagonal pattern in the CRP – rather, the dominant pattern consists of horizontal stripes 

(see below for further discussion). Consequently, epochs of spatial convergence in the asynchronous (CRP) 

and the synchronous analysis likely arise from distinct connectivity processes captured in fMRI and iEEG albeit 

sharing similar distributed patterns (Scenario II).  

Multi-frequency cross-modal association: Overlaying the CRPs of all electrophysiological frequency bands 

allowed us to study the complimentary nature of the cross-modal relationship in the different bands. The 

percentage of overlap between frequency-specific significant CRP epochs (Jaccard index) is visualized for all 

pairs of frequencies in Fig. 3C. Across all pairs of frequency bands, there was only small overlap between the 

single-frequency CRPs (Jaccard index reaching at most 0.09±0.04 for α- vs. β-band CRPs). In line with 

observations from the synchronous analysis, this result demonstrates that the spatial similarity of fMRI-FC to 

the different electrophysiological bands occurs at largely different (pairs of) timepoints. In other words, band-

specific iEEG connectome patterns are associated with fMRI-FC configurations in a complimentary manner, 

corresponding to a refined scenario II of Fig. 1 with multiple distinct state trajectories for the different iEEG 

bands. 

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted June 20, 2022. ; https://doi.org/10.1101/2022.06.17.496647doi: bioRxiv preprint 

https://doi.org/10.1101/2022.06.17.496647
http://creativecommons.org/licenses/by-nc-nd/4.0/


   

 

Fig. 3 – The spatial convergence across fMRI and frequency-specific iEEG connectomes occurs asynchronously. A) Cross-modal 
recurrence plot (CRP) between fMRI-FC (time running along y axis from top to bottom) and iEEG-FCAmp (time running along the x 
axis from left to right) overlaid for the different electrophysiological bands for subject #3. Note that synchronous observations fall 
on the diagonal of the CRP and correspond directly to the data shown in Fig. 2B. In addition to the overlay, the CRPs of the individual 
frequency bands (color-coded) are provided separately at the bottom of the panel. Each CRP is thresholded (binarized) in comparison 
to the corresponding frequency-specific null model generated from spatially phase-permuted FC matrices, Benjamini-Hochberg 
FDR-corrected for the number of all pairs of timepoints. Specifically, pairs of timepoints with significant spatial correlation across 
fMRI and iEEG FC are indicated with color-coded dots for each frequency band (See red box for a magnified section). The cumulative 
number of significant epochs along rows and columns of the CRP are shown in the bottom and right side of the CRP, respectively. 
The strength of fMRI-FC and iEEG FC (measured as Root Sum Square) are shown on the left side and top of the CRP, respectively, 
and were not associated with cross-modal similarity (see section addressing alternative sources of contribution). B) We focus on the 
rate of epochs with significant spatial correlation in the multi-frequency CRP. The off- over on-diagonal ratio of this rate is shown 
for all nine subjects (blue circles). The blue line represents the group-level average. Gray dot clouds show null distributions of off-
/on-diagonal ratios extracted from spatially-randomized CRPs, while black lines show the subject-specific mean of the null ratios. 
The off-/on-diagonal ratio in each individual subject was statistically indistinguishable from the corresponding null distribution. 
Bayesian group-level statistics showed >five times higher likelihood for the absence of difference in the rate of spatially correlated 
epochs off-diagonal and on-diagonal (BF01=5.23). This observation demonstrates that significant spatial correlation across iEEG 
and fMRI FC occurred equally likely at asynchronous (off-diagonal) and synchronous (on-diagonal) timepoints. C) Degree of overlap 
between pairs of frequency-specific thresholded CRPs (as shown at the bottom of A), expressed as group-average of the Jaccard 
index. The low values (cf. possible index range of 0-1) demonstrate that timepoint pairs of high cross-modal spatial correlation are 
largely distinct across different electrophysiological frequency bands. In summary, the observed cross-modal spatial convergence at 
frequency-specific and asynchronous epochs suggests that connectome dynamics across different FC timescales traverse spatially 
similar patterns asynchronously (Scenario II).   

 

Attractors for the cross-modal association: Another prominent characteristic of the multi-frequency CRPs is 

the emergence of prominent horizontal stripes when significant CRP epochs are aggregated across all frequency 

bands (illustrative case shown in Fig. 3A). While there is also a degree of vertical stripiness in some CRPs, we 

quantitatively established the prominence of horizontal CRP stripes in 7/9 iEEG-fMRI and 25/26 source-
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localized EEG-fMRI datasets (Fig. S3A). Each stripe corresponds to a brief period, during which the fMRI-

derived connectome configuration contains a connectivity pattern that is stably present (over time) in the iEEG 

connectome in one or more of the frequency bands. We quantitatively confirmed that the stripes largely 

correspond to the stable, i.e. static, component of EEG FC organization (Fig. S3B-C). Specifically, we 

demonstrated the emergence of equivalent stripes in multi-frequency “pseudo-CRPs” derived from the original 

fMRI-FC timeseries and a constant timeseries of the time-averaged (static) EEG connectome. These 

observations imply that the intrinsic FC component of EEG serves as an attractor for the cross-modal 

spatiotemporal convergence. The considerable number of significant CRP epochs outside the stripes, however, 

raises the question of whether fMRI and iEEG share spatial patterns distinct from the static connectome 

attractor, possibly in the form of dissociable recurrent states. To identify such putative connectome states at the 

group level, we leveraged the whole-brain coverage of the source-localized EEG-fMRI dataset using clustering 

(see section “Cross-modally converging connectome states” below). To this end however, we first demonstrate 

that our major findings extend to the source-localized EEG-fMRI dataset in the next section. 

 

Generalization to source-localized EEG-fMRI: whole-brain connectomes in healthy 
subjects 
To validate our results in the whole-brain connectome and in subjects without neurological disorders, we sought 

to extend our findings to a resting state concurrent source-localized EEG-fMRI dataset composed of 26 healthy 

subjects (Fig. 4). EEG connectomes were derived from data source-localized to the Desikan-Killiany atlas 

(Desikan et al., 2006), uncorrected for leakage and  replicated in (leakage corrected) source-orthogonalized 

data (Fig. S5).  

Synchronous analyses: In line with the iEEG-fMRI findings, a relatively small proportion of synchronous 

connectome frames showed significant correlations between fMRI-FC and EEG-FCAmp in each frequency band, 

reaching 30.6 ± 7.8% when pooled across all bands (Fig. 4A). Note that this proportion was higher than in the 

intracranial data possibly due to a more complete coverage of the connectome. Similar to the intracranial data, 

the frequency-specific cross-modal similarity timecourses showed only small temporal dependence across pairs 

of frequency bands, emphasizing the multi-frequency nature of the cross-modal link (r = 0.19 ± 0.07; Fig. 4B).  

Asynchronous analyses: Similarly, the asynchronous analysis and ensuing CRPs confirmed observations of the 

intracranial dataset (a sample subject is shown in Fig. 4C). The group-average off-/on-diagonal ratio was 1.01 

± 0.10 (Fig. 4D). In 25 of 26 individuals, the off-/on-diagonal ratio was not significantly smaller than chance 

level when compared to 100 subject-specific spatially phase-randomized CRPs (Benjamini-Hochberg adjusted 

p values across subjects >0.26; shown in individual columns in Fig. 4D). An additional Bayesian negative one-

tailed paired t-test with a BF01 of 6.54 directly provided evidence that scenario II (H0) is six times more likely 

than scenario I (H1) given the data. This observation emphasizes the distinctness of the FC processes captured 

by the two modalities. The value of the Jaccard index for the overlap of significant epochs across frequency-
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specific CRPs was low (maximum value: 0.14±0.05 for β- vs. γ-band CRPs; Fig. 4E), speaking to the multi-

frequency nature of the association between fMRI and EEG connectome dynamics. In summary, these findings 

are in line with our invasive observations in patients with epilepsy. 

  

 

Fig.  4 – Findings generalize to the whole-brain connectome of healthy subjects based on concurrent source-localized EEG-fMRI. 
A) Total significance rate of the cross-modal similarity timecourse when aggregated across all frequency bands, shown across all 
subjects (N = 26; analogous to Fig. 2C). B) Temporal overlap of frequency-specific cross-modal similarity timecourses in a pairwise 
manner (analogous to Fig. 2D). C) An example of multi-frequency CRP shown for one subject (analogous to Fig. 3A). D) The off-
/on-diagonal ratio of the rate of spatially correlated epochs in the multi-frequency CRP for all individual subjects (analogous to Fig. 
3B). E) Overlap of spatially correlated epochs across pairs of electrophysiological frequencies in the multi-frequency CRP (averaged 
over subjects; analogous to Fig. 3C). Equivalent findings are presented for EEG phase coupling connectomes as a supplemental 
analysis. 

 

Cross-modally converging connectome states 
In this section we investigate the spatial characteristics of the cross-modally shared spatial patterns alluded to 

in the CRP analysis. In particular, we ask whether the shared connectome space in scenario II primarily reflects 

random (i.e. nonrecurrent and cross-modally unrelated) variations around the cross-modally shared spatial 

pattern of the static connectome attractor (see characterization of CRP stripes above), or additionally contains 

a shared set of distinct connectome states. To address this question, we aimed to show that I) the significant 

CRP entries can be categorized into dissociable sets of recurrent connectome states in each modality, and II) 

that these connectome states compose distinct pairs of states across EEG and fMRI. Note that here we 

exclusively focus on the source-localized EEG-fMRI dataset since its coverage permits observation of whole-

brain connectome states and the embedded canonical intrinsic connectivity networks that are shared across 

subjects, whereas the partial intracranial EEG electrode coverage differs between subjects. 
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I. Dissociable connectome states in each modality 

In each frequency-specific CRP, we pooled the connectivity matrices at all significant epochs across 

individuals. Then, separately in each data modality, we grouped the connectivity matrices into clusters using 

K-means clustering for k=4 to 10 clusters. The optimal number of clusters determined by the Calinski Harabasz 

index, k*, was found to be 4 for fMRI in all frequency-specific CRPs, k*=4 for the δ-, α- and γ-band CRPs, 

k*=5 in the θ-band CRP, and k*=7 in β-band CRP. Group-level whole-brain connectome states (cluster 

centroids) of fMRI and θ-band EEG (i.e. from the θ-band CRP) are visualized in Fig. 5A as an example (See 

Fig. S6 for other frequency bands).  

Within each modality, we statistically assessed distinctness of connectome states by showing that their state 

centroids are more dissimilar than randomly assigned state centroids. Specifically, we tested the spatial 

correlation across every pair of state centroids of each modality (from a given frequency-specific CRP) against 

a null distribution of correlations generated from 100 pseudo-state centroid correlations (q < 0.05 FDR-

corrected for the number of state pairs). Pseudo-states were generated from Monte-Carlo permutations of state 

labels (of the connectome frames from the original state pair).  

Dissociable states within fMRI data: The average spatial correlation across all pairs of state centroids in fMRI 

was equal to 0.39±0.10, 0.40±0.07, 0.40±0.11, 0.35±0.09, and 0.36±0.09 (from δ-band CRP to γ-band CRP).  

In contrast, corresponding null values were equal to 1.00±0.00 for all frequency-specific CRPs, because random 

clustering of connectome configurations extracts what is common across all epochs, i.e. the static FC 

organization (thus generating cluster centroids that are indistinguishable from the static connectome and from 

each other).  

Dissociable states within EEG data: Similar results were observed for EEG connectome states across all 

frequency-specific CRPs (correlation across real cluster centroids: 0.49±0.15, 0.47±0.11, 0.57±0.11, 0.34±0.19, 

and 0.36±0.13; correlation of pseudo-state centroids: 1.00±0.00, for all frequency-specific CRPs).  

These observations speak to the presence of dissociable connectome configurations in both modalities, each 

providing a basis for cross-modal spatial convergence beyond the shared static FC organization. 

II. Distinct connectome state matches across modalities 

Although the connectome states in each modality are statistically dissociable, they are spatially moderately 

correlated to one another since they all reflect features of the static FC organization to some degree. Thus, we 

asked whether the cross-modal spatial convergence corresponds to crossmodally-matched states of EEG and 

fMRI. If so, such cross-modal matches should make up a large proportion of the spatially correlated epochs. 

Alternatively, in the absence of unique cross-modal state matches, the observed connectome states would 

randomly pair with one another (i.e. with uniform frequency). 

Distinct crossmodally-matched connectome states: To discriminate between these two possibilities, we counted 

how often each fMRI state paired up with each EEG state among all spatially correlated epochs (for each 
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frequency-specific CRP). For all pairs of fMRI and EEG states, we compared this count to a null model 

generated from randomly permuted EEG cluster labels (5000 repetitions; corrected for all possible state pairs). 

In each frequency-specific CRP, we indeed observed cross-modal connectome state matches that occurred 

considerably more often than chance, as expressed in the high z-scores in Fig. 5B. For each of the four fMRI 

states (separately in each frequency-specific CRP), we identified the strongest EEG state match, highlighted as 

the largest disk at each row of the lattices in Fig. 5B. The state centroids of the matches are exemplified for the 

θ-band CRP in Fig. 5A. Remarkably, this procedure resulted in a largely exclusive EEG state match for each 

fMRI state, with the only exceptions being a double match in α and γ bands. The significant prevalence and 

exclusive nature of cross-modal state matches imply that the observed asynchronous spatial convergence is not 

merely due to the shared static FC organization, but rather comprises cross-modally shared, distinct and 

recurrent connectome states. 

     

 

Fig.  5 – The asynchronous spatial correlation between fMRI and EEG connectome patterns arises from distinct pairs of 
connectome states. A) Illustration of four distinct pairs of fMRI (left) and θ band EEG (right) group-level connectome states, derived 
from the θ-band CRP epochs with significant cross-modal spatial correlation (cf. Fig. 3A). For comparison, we also provide the time-
averaged fMRI and θ-band EEG connectomes at the bottom. Connectomes are organized into the following seven canonical intrinsic 
connectivity networks (ICNs): VIS (Visual), SM (Somatomotor), DA (Dorsal Attention), VA/CO (Ventral Attention or Cingulo-
opercular), L (Limbic), FP (Fronto-Parietal), and DM (Default Mode) networks (Yeo et al., 2011). The side-by-side fMRI and EEG 
state pair in each row demonstrates particularly high prevalence of pairing in the CRP. This prevalence is quantified on the arrows 
as Z-scores (in comparison to a null distribution) and sorted from top to bottom for the most to least strong pairing. Spatial correlation 
for each state pair is depicted under the corresponding arrows. Note that state pairs show sets of ICNs in/across which FC is relatively 
over-represented in both data modalities compared to the static FC organization (e.g. state pair one: L; state pair four: VIS & DA). 
B) Z-score values of state matching depicted for all possible state pairs across all frequency bands (the four larger disks in θ band 
correspond to the four state matches depicted in A). Large disks at every row indicate the strongest EEG state match (Z-score in 
comparison to the null distribution) for the corresponding fMRI state. Remarkably, the EEG state matches of each fMRI state are 
largely exclusive, with the exception of a double match in α- and γ-band CRPs. The significant prevalence and largely exclusive 
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pairing of distinct connectome states across modalities indicates that asynchronous spatial convergence of fMRI and EEG 
connectome dynamics arise from distinct, recurrent, and spatially matched states. 

 

Addressing alternative sources of contribution 
We observed a sparse asynchronous association between fMRI and iEEG/EEG connectome states across all 

timescales. Such sparse cross-modal convergence could in principle arise from various factors, other than 

genuine divergence of connectome reconfigurations due to distinctness of neural processes across timescales. 

Given that the static (time-averaged) connectome organization of fMRI and iEEG/EEG are correlated (Wirsich 

et al., 2021), such sparse cross-modal convergence could simply reflect the degree to which the cross-modally 

shared static connectome organization is expressed in one or the other modality. Contrarily, a supplemental 

analysis demonstrated that the degree to which fMRI or EEG frame-by-frame connectome configurations 

correlate with the static connectome of the respective modality is not associated with cross-modal similarity of 

the configurations (section II of supplementary materials). Further, one could argue that signal-to-noise ratio 

(SNR) in estimation of FC or other common artifacts such as head motion, epileptiform activity (for intracranial 

data), and volume conduction (for scalp data) may drive the observed sparse association between the two 

modalities. We tested the effects of each of these factors on our findings and found no significant effect in 

either of the datasets (section II of supplementary materials). The independence of our findings from such 

artifacts speaks to genuine temporal divergence of (spatially shared) connectome reconfigurations across 

timescales. 

Connectome-level vs. connection-level convergence 
Prior literature supports the existence of an electrophysiological basis for fMRI FC dynamics (Wirsich et al., 

2020b; Zhang et al., 2020). Therefore, our findings of temporally divergent fMRI and EEG connectome 

trajectories may appear to contradict this prior work. Importantly however, this prior literature assessed the 

temporal relationship of FC across fMRI and EEG in a connection-wise manner (i.e. at the level of individual 

connections) rather than the largescale spatial pattern of connectivity, which is a novel contribution of the 

current work. To confirm the existence of such connection-level electrophysiological basis for fMRI FC 

fluctuations, we replicated the known connection-level temporal convergence in our intracranial EEG-fMRI 

data. We found significant cross-modal temporal association in a substantial proportion (albeit not all) of 

individual connections over all frequency bands (Fig. S4). Our findings confirm the existence of 

electrophysiological correlates of fMRI FC dynamics at the level of individual connections, while suggesting 

presence of independent connectome trajectories across the two modalities. 
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Discussion 
We set out to quantify the degree of association/dissociation between the functional connectomes derived from 

electrophysiological recordings and fMRI in humans using a spatiotemporal dynamic analysis framework. We 

showed that hemodynamics- and electrophysiology-derived connectivity express spatially shared but 

temporally asynchronous connectome patterns consistent with scenario II, one of the three proposed possible 

scenarios (Fig. 1). This was observed in two independent, multimodal datasets: concurrent fMRI with EEG 

recorded intracranially, and with EEG recorded on the scalp. Furthermore, through clustering we identified that 

the spatial convergence constitutes crossmodally-matched recurrent connectome states. Additionally, our 

findings suggest that the cross-modal association is frequency-dependent: fMRI-connectome patterns spatially 

converge with EEG patterns of different electrophysiological frequencies at largely non-overlapping 

timepoints.  

We may deduce from the above conclusions (i.e. scenario II) that it seems unlikely that hemodynamics- and 

frequency-specific electrophysiology-derived connectivity reconfigurations reflect a single underlying process. 

In particular, if fMRI and EEG merely provided two different but complementary windows onto the same 

underlying neurophysiological connectivity processes, one would expect these processes to appear in the two 

data modalities around the same time. The alternative view, based on our preceding observations of 

asynchronous spatially overlapping connectome patterns is in line with the viewpoint that each modality is 

more sensitive to different aspects of neural processing. More specifically, Hari and Parkkonen (2015) argue 

that although electrophysiological data better capture neural activity involving fast-conducting (thick, 

myelinated) fibers, fMRI data prominently reflects neural ensembles connected via slow (thin, unmyelinated) 

fibers. According to this viewpoint, each type of neural activity, slow and fast, subserves cognitive processes 

at different speeds suggesting that each modality better captures particular aspects of behavioral neural 

correlates (Hari and Parkkonen, 2015). We have recently suggested that the functional connectome may 

comprise distinct spatial patterns of connectivity that unfold at different timescales (Wirsich et al., 2020a; 

Sadaghiani et al., 2022).  These connectome patterns could dominate the signals in hemodynamic and 

electrophysiological acquisition methods, respectively. This perspective could also explain why 

hemodynamics- and oscillation-based connectomes, in time-averaged or short window investigations, are 

limited in their spatial similarity which rarely surpasses a small to moderate effect size (Betzel et al., 2019; 

Wirsich et al., 2021), (Fig. S2). 

Multi-modal studies have predominantly aimed at cross-validating intrinsic processes in hemodynamic and 

electrophysiological data by comparing their strength or temporal evolution, often at the level of regional 

activation (Mukamel et al., 2005; Nir et al., 2007) or connection-wise FC (Kucyi et al., 2018; Zhang et al., 

2020), the latter including studies of the iEEG-fMRI and scalp EEG-fMRI data used in the current study (Ridley 

et al., 2017; and Wirsich et al., 2020b, respectively). In contrast to this prior work, the current study investigated 

the cross-modal temporal relationship at the level of connectome patterns distributed over all available 
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connections. We observed a connectome-level temporal divergence in this study which may contrast the 

connection-level temporal convergence of FC reported in the above-described studies. The apparent 

discrepancy may be explained by the presence of distinct neural processes driving the connection-wise and 

connectome-wise FC changes in the two modalities. Indeed, we confirmed existence of infraslow 

electrophysiological FC fluctuations driving cross-modal temporal associations at the level of individual 

connections (Fig. S4), which likely differ from the FC processes underlying rapidly emerging and dissolving 

distributed spatial patterns in each modality at the connectome level. Of note, we found significant temporal 

associations across many but not all connections (cf. Fig. S4), leaving room for dissociation at the level of 

large-scale FC patterns. Generative models may shed light on the factors underlying the dissociation of 

connectivity processes at the level of connectome patterns versus individual connections (Deco et al., 2009; 

Cabral et al., 2014; Rabuffo et al., 2021). 

Another core conclusion pertains to the rich multi-frequency signature of the cross-modal relationship. 

Specifically, in both synchronous and asynchronous approaches, hemodynamic FC configurations spatially 

converged with electrophysiological FC patterns in all canonical frequency bands and did so at largely non-

overlapping timepoints across bands. Similarly, in our clustering approach, all four fMRI connectome states 

matched with specific EEG connectome states in each frequency band, rather than individual fMRI states being 

tied to specific EEG frequency bands. These observations suggest that electrophysiological connectome 

dynamics do not constitute a unitary, broad-band FC process, but rather a set of frequency-specific FC processes 

unfolding in a dissociable and complimentary manner. This interpretation is further supported by our 

independent, unimodal (iEEG) study, showing that the connection-wise temporal dynamics of oscillation-based 

FC are independent across frequency bands (Mostame and Sadaghiani, 2020a). From a functional perspective, 

temporally dissociable connectome reconfigurations in different frequency bands could constitute parallel 

“communication channels” across which brain regions interact with multiple sets of other brain regions via 

oscillations at different frequencies. 

Viewing canonical frequencies from a complimentary perspective reveals another prominent feature of the 

cross-modal relationship. Specifically, in the multifrequency CRP we observed horizontal stripes constructed 

from non-overlapping frequency-specific epochs of cross-modal spatial convergence. This finding implies that 

at particular timepoints, the fMRI-derived connectome configuration spatially converges with a component in 

EEG connectomes that is shared across frequency bands over a large proportion of timepoints. Such findings 

from the dynamic domain provides insight into  the static domain (Tewarie et al., 2016). Tewarie demonstrated 

that considering FC matrices of all canonical frequency bands collectively, as opposed to individually, 

improved prediction of the (group-average) fMRI-derived static connectome. This dovetails with our findings, 

which suggests that moment-to-moment connectome configurations in individual frequencies each contribute 

to the static fMRI-derived connectome organization at independent timepoints. In other words, the static fMRI-
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derived connectome organization comprises the cumulative pattern of all temporally dissociated frequency-

specific electrophysiological FC states “compressed” into a time-averaged architecture.  

A common basis for the cross-modal spatial convergence is likely the structural connectome. Several studies 

have shown that the core, time-averaged architecture of oscillation-based FC is correlated with the structural 

connectivity scaffold in both empirical data (Deligianni et al., 2016; Wirsich et al., 2017; Betzel et al., 2019) 

and dynamic whole-brain generative models based on diffusion MRI connectivity (Cabral et al., 2017). 

Therefore, the shared structural connectivity likely drives spatial similarity of connectome states across fMRI 

and EEG particularly at timepoints where the fMRI configuration results in CRP stripes. Critically however, 

there exist many asynchronous epochs of spatially similar fMRI and EEG connectome configurations outside 

of the CRP stripes when the dynamics stray from the static structural foundation. In particular, we identified 

exclusive cross-modal pairs of recurrent connectome states that spatially differed from the static scaffold. This 

observation suggests that cross-modal association is not limited to the static FC pattern of a functional modality 

or the underlying structural organization.  

Our findings are in line with scenario II described in Fig. 1, but with the refined view that state trajectories are 

largely temporally independent not only across data modalities (hemodynamic vs. electrophysiology) but also 

across band-specific oscillations. Taken together, these findings suggest that fMRI and EEG connectomes 

provide complimentary information about dynamics of large-scale neural communication that is likely rooted 

in a shared foundation of static functional connectivity. 

Limitations 
The hemodynamic response of the brain bounded the temporal resolution of the results. However,  this 

methodological limitation of fMRI may produce high sensitivity to particularly slow brain processes (Hari and 

Parkkonen, 2015). Similarly, while the temporal resolution of iEEG connectivity was high, it was subject to the 

temporal smoothing effect of the estimation window. Oscillation-based connectivity requires several oscillation 

cycles to yield a reliable connectivity estimate thus necessitating an estimation window of several seconds in 

continuous recordings. While the EEG estimation window may be considered a methodological limitation, it 

aligns with the neurobiological viewpoint that several oscillation cycles are needed for cross-region 

synchronization to be functionally effective.  

Another consideration is that we could not reliably investigate high-frequency broadband (“high-γ” band; >60 

Hz) range, because concurrently recorded iEEG is disproportionately affected by MR-related artifacts in higher 

frequencies (Mullinger and Bowtell, 2011; Mele et al., 2019). The limited spatial sampling (coverage) of iEEG 

electrodes in epileptic patients -dictated by clinical considerations- is another important limitation. Nonetheless, 

we were able to replicate our findings in the absence of such limited spatial sampling by leveraging whole-

brain source-localized EEG-fMRI recordings. In iEEG data, volume conduction effects are minimal (Rouse et 

al., 2016; Dubey and Ray, 2019) and in the source-localized EEG recordings source leakage correction was 
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performed (Colclough et al., 2015). It should be noted however that even state-of-the-art volume conduction 

mitigation strategies cannot distinguish artefactual zero-phase lag from genuine zero-phase lag neural activity. 

To mitigate this issue, we provide results from source-localized data both with and without leakage correction 

(supplementary and main text, respectively).  

Conclusions 
Capitalizing on resting-state concurrent intracranial EEG and fMRI data in humans, we have shown that fMRI 

and iEEG connectomes exhibit spatially similar patterns of connectivity, at different times, potentially driven 

by distinct neurobiological connectivity processes. This pattern was also observed in concurrent source-

localized EEG and fMRI data in healthy subjects. Our observations —that reconfigurations of FC at the 

different timescales of fMRI and iEEG are mostly independent— is consistent with the viewpoint that BOLD 

and electrophysiological signals may preferentially capture different neural populations composed of distinct 

axonal diameters, myelination, and neurotransmitters (Hari and Parkkonen, 2015). Accordingly, fMRI- and 

electrophysiology-derived connectivity may be envisaged as distinct aspects of brain function rather than as 

exclusively intermodal measurements of the same phenomenon. From this perspective, the functional 

connectome is reconceptualized as a composite process that engages recurrent configurations across a 

maximally broad range of timescales across a shared spatial organization. This conclusion further motivates 

interrogating connectome dynamics across a range of temporal scales. 

 

Methods 
This study utilized two independent datasets: 1) concurrent fMRI and intracranial EEG resting state recordings 

of 9 subjects with drug-resistant epilepsy, and 2) concurrent fMRI and source-localized EEG resting state 

recordings of 26 healthy subjects. Findings established in the first dataset under conditions of minimal volume 

conduction were subsequently generalized to whole-brain connectomes. Note these datasets comprise different 

(clinical and non-clinical) populations and were acquired with different hardware and imaging sequences. 

Data and subjects 
Intracranial EEG-fMRI dataset: The data has been originally introduced elsewhere (Ridley et al., 2017). 

Briefly, nine patients (average 30.4 ± 4.5 years; range 24–38; three females) undergoing presurgical monitoring 

for treatment of intractable epilepsy gave informed consent according to procedures approved by the Joint 

Research Ethics Committee of the National Hospital for Neurology and Neurosurgery (NHNN, UCLH NHS 

Foundation Trust) and UCL Institute of Neurology, London, UK.  

Data acquisition is detailed in (Ridley et al., 2017). Briefly, fMRI data was acquired using a 1.5T Siemens 

Avanto scanner with a GE-EPI pulse sequence (TR = 3 s; TE = 78 ms; 38 slices; 200 volumes; field of view: 

192×192; voxel size: 3×3×3 mm3). Structural T1-weighted scan were acquired using a FLASH pulse sequence 
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(TR = 3 s; TE = 40 ms; 176 slices; field of view: 208×256; voxel size: 1×1×1.2 mm3). Intracranial EEG was 

recorded using an MR-compatible amplifier (BrainAmp MR, Brain Products, Munich, Germany) at 5kHz 

sampling rate. Number of electrodes (ECoG (grid/strip) and depth electrodes) and the associated fMRI regions 

of interest (ROIs) that were included in our analysis was on average ~37 (Min = 11; Max = 77; Median = 36). 

Fig. 1 shows the location of the implanted depth and ECoG electrodes for each subject. The data was acquired 

during a 10-minutes resting state scan (except for subject P05: ~5 minutes). Subjects were instructed to keep 

their eyes open. 

Source-localized EEG-fMRI dataset: The data has been originally introduced elsewhere (Sadaghiani et al., 

2010). Briefly, 10 minutes of eyes-closed resting state were recorded in 26 healthy subjects (average age = 

24.39 years; range: 18-31 years; 8 females) with no history of psychiatric or neurological disorders. Informed 

consent was given by each participant and the study was approved by the local Research Ethics Committee 

(CPP Ile de France III). FMRI was acquired using a 3T Siemens Tim Trio scanner with a GE-EPI pulse 

sequence (TR = 2 s; TE = 50 ms; 40 slices; 300 volumes; field of view: 192×192; voxel size: 3×3×3 mm3). 

Structural T1-weighted scan were acquired using the MPRAGE pulse sequence (176 slices; field of view: 

256×256; voxel size: 1×1×1 mm3). 62-channel scalp EEG (Easycap, with an additional EOG and an ECG 

channel) was recorded using an MR-compatible amplifier (BrainAmp MR, Brain Products) at 5Hz sampling 

rate.  

Data preprocessing 
Intracranial EEG-fMRI dataset: The fMRI data was preprocessed as explained in (Ridley et al., 2017). Briefly, 

for each subject, common fMRI preprocessing steps were performed in SPM8 

(https://www.fil.ion.ucl.ac.uk/spm/software/spm8/) (Respectively: slice time correction, realignment, spatial 

normalization and smoothing of 8 mm). Then, the BOLD signal timecourse at each voxel was detrended and 

filtered (0.01 – 0.08 Hz). Using Marsbar toolbox in SPM (http://marsbar.sourceforge.net/), spurious signal 

variations were removed by regressing out the signals of lateral ventricles and the deep cerebral white matter. 

After preprocessing, functional data was co-registered to the structural T1-weighted scan of the subject. Then 

at the location of each iEEG electrode (see below), the BOLD signals of adjacent voxels within a 5mm radius 

was averaged to generate the region of interest (ROI) BOLD signal corresponding to that iEEG electrode 

(Similar to (Kucyi et al., 2018)).  To minimize spatial overlap of fMRI ROIs, adjacent ROIs with less than 9mm 

distance were excluded from the functional connectomes of both iEEG and fMRI. 

T1-space position of iEEG electrodes of each subject were estimated once the post-implantation CT scan of 

each subject was co-registered to their structural T1-weighted scan (Ridley et al., 2017). Then, the MNI location 

of the electrodes in each subject was calculated (shown in Fig. 1). Intracranial EEG data was corrected for 

gradient and cardio-ballistic artifacts using Brain Vision Analyzer software (Allen et al., 2000) and down-

sampled to 250Hz. Proceeding a spike detection analysis (Bettus et al., 2011; Ridley et al., 2017), electrodes 

that were marked by clinicians as involved in generating seizures or generating interictal spikes were excluded 
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from further analyses. To remove slow drifts, line noise, and high-frequency noise, the data was filtered with a 

4th-order high-pass Butterworth filter at 0.5 Hz, a 6th-order notch filter at 50Hz, and a 4th-order low-pass 

Butterworth filter at 90 Hz, respectively. Since interpretation of white matter BOLD signals is debated 

(Gawryluk et al., 2014), depth electrodes that were implanted in the white matter (and their corresponding fMRI 

ROIs) were excluded from the analyses. For this purpose, we excluded electrodes that were embedded outside 

of SPM’s gray matter template mask in MNI space. Additionally, electrodes with remaining jump artifacts, 

highly prevalent periods of epileptiform activity, or low SNR were removed by visual inspections under 

supervision of an epileptologist. After this cleaning procedure, electrodes were re-referenced to the common 

average. Note that in order to preserve temporal continuity of the concurrent recordings, we did not exclude 

time intervals of the iEEG data that contained additional interictal activity in the healthy brain regions. 

However, to ensure that interictal activity had no critical effect on our findings, we generalized our observations 

in a non-clinical population (source-localized EEG-fMRI dataset) and further statistically demonstrated in the 

intracranial data the temporal independence of cross-modal similarity of connectome dynamics from visually 

marked epochs of interictal activity (19±15% of data length) (see last section of results). 

Source-localized EEG-fMRI dataset: fMRI and EEG data were preprocessed with standard preprocessing steps 

as explained in details elsewhere (Wirsich et al., 2020b). In brief, fMRI underwent standard slice-time 

correction, spatial realignment (SPM12, http://www.fil.ion.ucl.ac.uk/spm/software/spm12). Structural T1-

weighted images were processed using Freesurfer (recon-all, v6.0.0, https://surfer.nmr.mgh.harvard.edu/) in 

order to perform non-uniformity and intensity correction, skull stripping and gray/white matter segmentation. 

The cortex was parcellated into 68 regions of the Desikan-Kiliany atlas (Desikan et al., 2006). This atlas was 

chosen because —as an anatomical parcellation— avoids biases towards one or the other functional data 

modality. The T1 images of each subject and the Desikan atlas were co-registered to the fMRI images (FSL-

FLIRT 6.0.2, https://fsl.fmrib.ox.ac.uk/fsl/fslwiki). We extracted signals of no interest such as the average 

signals of cerebrospinal fluid (CSF) and white matter from manually defined regions of interest (ROI, 5 mm 

sphere, Marsbar Toolbox 0.44, http://marsbar.sourceforge.net) and regressed out of the BOLD timeseries along 

with 6 rotation, translation motion parameters and global gray matter signal (Wirsich et al., 2017). Then we 

bandpass-filtered the timeseries at 0.009–0.08 Hz. Average timeseries of each region was then used to calculate 

connectivity.  

EEG underwent gradient and cardio-ballistic artifact removal using Brain Vision Analyzer software (Allen et 

al., 1998, 2000) and was down-sampled to 250 Hz. EEG was projected into source space using the Tikhonov-

regularized minimum norm in Brainstorm software (Baillet et al., 2001; Tadel et al., 2011). Band-limited 

source-reconstructed EEG signals in each canonical frequency band were then used to calculate frequency-

specific connectome dynamics. Note that the MEG-ROI-nets toolbox in the OHBA Software Library (OSL; 

https://ohba-analysis.github.io/osl-docs/) was used to minimize source leakage (supplementary materials) in 

the band-limited source-localized EEG data (Colclough et al., 2015). 
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Connectivity analyses  
Connectivity analyses were identical in the two datasets unless stated otherwise. 

Dynamic measures of connectivity: Amplitude- and phase coupling (EEG-FCAmp and EEG-FCPhase) are two 

measures of functional connectivity in neurophysiological data reflecting distinct coupling modes (Mostame 

and Sadaghiani, 2020b). In this study, we use both EEG-FCAmp (for the main results) and EEG-FCPhase (for 

replication purposes, see supplementary materials) and collectively refer to them as iEEG FC (or EEG FC for 

the source-localized scalp dataset). We investigate five canonical electrophysiological frequency bands: δ (1-4 

Hz), θ (5-7 Hz), α (8-13 Hz), β (14-30 Hz), γ (31-60 Hz). To estimate iEEG/EEG FC at each canonical 

frequency band, we first band-passed the electrophysiological signals using a 4th-order Chebyshev type II filter. 

We used the Hilbert transform of the band-passed signals to extract the envelope and unwrapped phase of each 

signal.  

Amplitude coupling (EEG-FCAmp) was defined as the coupling of the z-scored activation amplitude of the two 

distinct electrodes, within the time window of FC estimation. Specifically, EEG-FCamp between electrodes i 

and j at time t over the frequency band freq was calculated as: 

𝐸𝐸𝐸𝐸𝐸𝐸_𝐹𝐹𝐶𝐶𝐴𝐴𝐴𝐴𝐴𝐴 𝑖𝑖𝑖𝑖
𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓(𝑡𝑡) =

1
𝑁𝑁

� 𝑍𝑍(𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖
𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝑡𝑡+𝐿𝐿2

𝐴𝐴 = 𝑡𝑡−𝐿𝐿2

)(𝑚𝑚) × 𝑍𝑍(𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖
𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓)(𝑚𝑚) 

where L is the window length (=4s), N is the number of data points within the window (specifically 1000 

samples), and Z(env) is the envelope of the signal that is Z-scored with respect to its timepoints across the 

whole time of data acquisition. Note that our approach for estimating EEG-FCAmp is a modified version of the 

fine-grained fMRI-FC measure recently introduced by Esfahlani and colleagues (2020). Given that iEEG 

signals are considerably faster than BOLD signals by nature, here the measure is averaged over N consecutive 

samples within a 4s window to increase SNR. The center of the window (timepoint t) stepped at every 100ms, 

providing an EEG-FCAmp timecourse of 100ms resolution.  

Major findings were replicated using an alternative mode of electrophysiology-derived connectivity, phase 

coupling (see supplementary materials). EEG-FCPhase was defined as the consistency of the phase difference of 

band-passed signals across an electrode pair, within the time window of length L (4s): 

𝐸𝐸𝐸𝐸𝐸𝐸_𝐹𝐹𝐶𝐶𝑃𝑃ℎ𝑎𝑎𝑎𝑎𝑓𝑓 𝑖𝑖𝑖𝑖
𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓(𝑡𝑡) =

1
𝑁𝑁

� 𝑒𝑒𝑖𝑖∆𝜑𝜑𝑖𝑖𝑖𝑖
𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓(𝐴𝐴)

𝑡𝑡+𝐿𝐿2

𝐴𝐴 = 𝑡𝑡−𝐿𝐿2

 

where ∆𝜑𝜑 is the phase difference between the two signals.  
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The dynamic FC in fMRI data (fMRI-FC) was estimated using the original fine-grained measure of FC by 

Esfahlani and colleagues. fMRI-FC of ROIs i and j at time t was estimated as below, where Z(BOLD) is the Z-

scored BOLD signal of the ROI with respect to its own timepoints. 

𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓_𝐹𝐹𝐶𝐶𝑖𝑖𝑖𝑖(𝑡𝑡) = 𝑍𝑍�𝐵𝐵𝐵𝐵𝐵𝐵𝐷𝐷𝑖𝑖(𝑡𝑡)� × 𝑍𝑍 �𝐵𝐵𝐵𝐵𝐵𝐵𝐷𝐷𝑖𝑖(𝑡𝑡)� 

We matched the temporal resolution of fMRI FC with iEEG FC by interpolating the dynamic FC of fMRI (from 

the respective TR to 100ms resolution) using the cubic spline method. Temporal up-sampling ensured that 

fMRI-FC, EEG-FCAmp, and EEG-FCPhase were at the same resolution (100ms), allowing us to directly compare 

the three measures, i.e. without degrading the temporal resolution of iEEG/EEG. Finally, to compensate for the 

time lag between hemodynamic and neural responses of the brain (Logothetis et al., 2001), we shifted the fMRI-

FC timecourse 6 seconds backwards in time.  

Static measures of connectivity: Static FC of each measure was extracted by averaging the connection-wise FC 

values across all timepoints of dynamic FC for EEG-FCAmp, EEG-FCPhase, and fMRI-FC respectively.  

Statistical evaluation of cross-modal correlations: For each subject, we statistically assessed the significance 

of the cross-modal spatial similarity of connectome configurations -after compensating for the 6s hemodynamic 

lag- separately at each timepoint (synchronous approach) and at each pair of time-points (asynchronous 

approach), corrected for number of timepoints. To this end, we generated a set of randomized FC matrices by 

spatially phase-permuting the original iEEG and fMRI FC matrices – at the corresponding timepoint(s)- in 2D 

Fourier space and then reconstructing the matrices using the inverse 2D Fourier transform (Prichard and 

Theiler, 1994; Tewarie et al., 2016; Wirsich et al., 2017). A set of surrogate cross-modal spatial correlation 

values were estimated at each timepoint (or pair of timepoints for CRP analysis) using the described null data. 

Finally, at each timepoint (or pair of timepoints for CRP analysis), the original spatial correlation across fMRI 

and iEEG connectomes was compared to the estimated null distribution of spatial correlation values (100 

randomizations). Multiple comparisons were corrected according to the number of timepoints (or pair of 

timepoints), using the Benjamini Hochberg FDR correction method (q < 0.05). 

In the asynchronous analysis, the above-described approach resulted in one cross-modal CRP matrix per 

subject, EEG frequency band, and electrophysiological connectivity mode (EEG-FCAmp and EEG-FCPhase). The 

frequency band-specific CRPs for each connectivity mode were overlaid into multi-frequency CRPs. At the 

level of individual subjects, the ratio between the significance rate of off- and on-diagonal CRP epochs (off-

/on-diagonal ratio) entered a non-parametric test against a null distribution of chance-level off-/on-diagonal 

ratios. The null distribution was extracted from spatially phase-randomizing the multi-frequency CRPs in the 

2D Fourier space and then reconstructing the matrices using the inverse 2D Fourier transform (100 

randomizations). We additionally performed a Bayesian test to provide direct statistical evidence in favor of 

H0 (i.e. cross-modal temporal divergence; off-/on-diagonal ratio≈1) against H1 (i.e. temporal convergence; off-
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/on-diagonal ratio<1). This statistical test was conducted in JASP software (https://jasp-stats.org/), using the 

default settings for the prior distribution (Cauchy distribution with scale parameter of 0.707).  

Assessing inter-band temporal overlap of cross-modal co-occurrences: To find out whether the cross-modal 

similarities of fMRI and iEEG/EEG connectome dynamics are governed by a multi-frequency link, we 

employed an inter-band comparison in both synchronous and asynchronous analysis. For the synchronous 

analysis we quantified the temporal correlation of the frequency-specific similarity timecourses (color-coded 

timecourses in Fig. 2B) in a pairwise manner. Similarly, in the asynchronous analysis, we quantified the extent 

of inter-band temporal overlap of the significant CRP epochs (colored dots in the multi-frequency CRP in Fig. 

3A) using the Jaccard index: 

𝐽𝐽𝐽𝐽𝐽𝐽𝐽𝐽𝐽𝐽𝐽𝐽𝐽𝐽(𝐴𝐴,𝐵𝐵) =  
∑(𝐴𝐴 & 𝐵𝐵)
∑(𝐴𝐴 | 𝐵𝐵)

 

Where A and B are 2D CRP matrices with the same size, and & and | are logical “And” and “Or”, respectively. 

Note that Jaccard index ranges between 0 (for completely non-overlapping vectors) to 1 (for completely 

matching vectors).  

Clustering of discrete states and their cross-modal match: This analysis was performed in the source-localized 

EEG-fMRI dataset only, allowing us to investigate whole-brain connectome states that are shared across 

subjects. Separately for the CRP of each frequency band, we pooled all the fMRI and EEG connectome 

configurations corresponding to the significant CRP epochs across all subjects. Using K-means clustering, we 

extracted modality-specific group-level connectome states that give rise to the cross-modal spatial convergence 

in every frequency-specific CRP. We determined the optimal number of clusters using the Calinski Harabasz 

index  (Caliński and Harabasz, 1974). Within each modality and for the (pooled) CRP of every frequency band, 

we assessed whether the connectome states were distinct from one another. To this end, we quantified pairwise 

spatial correlation of every pair of connectome states in a particular modality and compared it to correlations 

in a null model comprised of pseudo-states. Pseudo-states were generated from Monte-Carlo permutations of 

the two corresponding cluster labels (5000 repetitions; q<0.05; Benjamini Hochberg FDR-corrected for the 

number of state pairs). Across modalities and in the (pooled) CRP of every frequency band, we quantified the 

prevalence of significant entries at which a given fMRI-FC state paired with each EEG-FC state using the 

Jaccard index. The outcome was compared to a null model generated by randomly permuted cluster labels 

(5000 repetitions; q< 0.05, Benjamini Hochberg FDR-corrected for the number of state pairs). For each fMRI-

FC state, the best matching EEG state was determined as the one with the highest z-score, i.e. most significant 

prevalence of pairing compared to the null. 

Assessment of potential contribution from artifacts and other sources: To show that the observed cross-modal 

spatial convergence is not associated with major confounding factors, we quantified in each subject and dataset 

the temporal correlation between the cross-modal spatial similarity timecourse and the timecourses of overall 
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FC strength, head motion, and static connectome “prominence”. This latter timecourse was calculated as the 

correlation between frame-by-frame connectome configurations in iEEG or fMRI to the static (i.e. time-

averaged) connectome of that modality. The FC strength timecourse was quantified as the root sum squares of 

the frame-by-frame FC value over all connections of either fMRI or EEG. The head motion timecourse was 

measured as framewise displacement (FD) (Power et al., 2012). We compared the estimated temporal 

correlation values to corresponding null distributions of correlations generated by phase-permuting the cross-

modal spatial similarity timecourse in the Fourier space (see subplots A-C in Fig. S7; group-level t-test against 

subject-specific mean values of 500 surrogate samples). Further, we quantified temporal overlap of the binary 

timecourse of intervals of visually marked epileptiform activity and the binarized (significance-thresholded) 

timecourse of cross-modal spatial similarity using the Jaccard index. We compared the outcome to a 

corresponding null distribution extracted from a temporally-shifted (by a random number of samples between 

1 and the length of the original timecourse) version of the binarized cross-modal spatial similarity timecourse 

(see subplots D in Fig. S7; group-level t-test against subject-specific mean values of 500 surrogate samples). 

Finally, we replicated our major findings in the scalp data using source-orthogonalized signals to show that our 

findings are largely independent of source leakage (supplementary materials). Particularly, this approach 

removes any zero-lag temporal correlation between every pair of electrode signals using a multi-variate 

orthogonalization process so that any spurious correlation due to volume conduction would be minimized 

(Colclough et al., 2015). 
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