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SUMMARY

Information continuously flows between regions of the human brain, forming patterns that shift across states
of consciousness, cognitive modes, and neuropsychiatric conditions. While functional magnetic resonance
imaging (fMRI) reveals large-scale activity changes over seconds, the electrophysiological dynamics govern-
ing sub-second reconfiguration remain poorly understood. Here, relative phase analysis (RPA), a method
leveraging phase lead/lag relationships, is introduced to capture whole-brain dynamics with millisecond pre-
cision in real time from electroencephalography (EEG). RPA reveals sub-second alternations, occurring
approximately every 200 ms, between two dominant modes of information flow: a top-down mode, where
anterior regions drive posterior activity, and a bottom-up mode, characterized by reverse directionality. These
dynamics are most prominent during wakefulness, gradually diminish under anesthesia, and exhibit patholog-
icalimbalance in attention-deficit/hyperactivity disorder (ADHD). Simultaneous EEG-fMRI recordings demon-
strate that top-down dynamics coincide with increased activity of higher-order cognitive networks, whereas
bottom-up dynamics correspond to heightened activity in sensory networks. A connectome-based coupled-
oscillator model reproduces these transitions, indicating that sub-second fluctuations emerge naturally from
inter-regional interactions shaped by underlying structural connectivity. This study establishes RPA as a
framework for tracking whole-brain dynamics precisely in real time and identifies sub-second top-down/bot-
tom-up alternations as a fundamental organizing principle of human brain function and consciousness.

INTRODUCTION A key challenge in neuroscience is to reliably capture and

interpret the directionality of information flow across distributed

Information continuously flows between distinct regions of the
human brain,"~"® forming characteristic patterns that dynami-
cally reconfigure across states of consciousness,'**° cognitive
modes,*'"'? and neuropsychiatric conditions,’*~"” and under-
standing these patterns is essential for unraveling the neural
mechanisms underlying the multifaceted nature of human
behavior.

brain regions. In this context, the distinction between top-down
and bottom-up signaling has emerged as a central framework for
understanding inter-regional communication.®°~'"+'® Top-down
signals from higher-order cognitive areas modulate sensory
processing and support goal-directed behavior, whereas bot-
tom-up signals from sensory cortices underpin encoding of envi-
ronmental stimuli. Owing to limited temporal resolution, fMRI
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Relative Phase Analysis: Measures phase lead-lag relationship & infers directionality
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(A) After Hilbert-transforming the EEG time series to extract instantaneous phase, the global system phase @ is computed by averaging all channel phases; the
relative phase of channelj is sin ((pj — @), mapped continuously from — 1 (90° lag) to +1(90° lead).
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studies have primarily examined functional networks associated
with these directional processes.®'®?" Nevertheless, recent
fMRI research has revealed spontaneous blood oxygenation
level-dependent (BOLD) fluctuations forming organized spatio-
temporal patterns, including traveling waves.?>** In contrast,
electroencephalography (EEG) and electrocorticography
(ECoG) studies—leveraging superior temporal resolution—
have more directly probed directional flow and its association
with cognitive processes.””*'%2 &till, the real-time dynamics
of transitions between these directional modes remain largely
elusive: how do dominant patterns shift in real time, and can
these transition dynamics, observed in brain waves, be system-
atically linked to functional networks derived from BOLD
activity?

Traditional measures of electrocortical signals—such as trav-
eling-wave propagation®'® and phase-based indices®>*°—
have provided valuable insights into inter-regional directionality.
Phase-based indices estimate the likelihood that one signal
consistently leads or lags another over defined time windows,
capturing asymmetric interactions in a time-averaged
manner.”>"?° Traveling-wave analyses typically track neural ac-
tivity propagation in selected brain regions and have been linked
to cognitive functions involving top-down and bottom-up pro-
cessing.'’"'? Fast switching between directional modes may
be particularly relevant for cognitive processing because cortical
communication has been suggested to operate through tran-
sient sub-second sampling and reconfiguration cycles. Rhyth-
mic perceptual and attentional sampling has been reported
across the ~3-12 Hz (~83-333 ms) range,”’ whereas magneto-
encephalography (MEG) studies show that large-scale electro-
physiological network configurations can transiently reorganize
and be expressed over ~100-200 ms.?®

Here, we introduce a new framework, relative phase analysis
(RPA), that captures top-down and bottom-up modes and the
transitions between them. By leveraging phase-lead/lag relation-
ships in brain waves, RPA provides a robust method to track real-
time, whole-brain directionality pattern dynamics. We show that
the brain alternates between two dominant global modes approx-
imately every 200 ms: a top-down mode, where anterior regions
phase lead posterior ones, and a bottom-up mode, where poste-
rior regions lead anterior. These modes display distinct spatial
and temporal profiles across various states of consciousness
and cognitive conditions, as demonstrated using diverse electro-
physiological and neuroimaging datasets.

First, by applying RPA to EEG data across graded levels of
consciousness during general anesthesia,”® we show that these
sub-second anterior-posterior directional modes and their
switching dynamics are most prominent during wakefulness
and progressively diminish as consciousness fades, suggesting
a disruption of organized information flow (Video S1).

Second, using simultaneous EEG-fMRI data,*® we examined
the functional relevance of these phase dynamics. The ante-
rior-to-posterior mode correlated with higher-order networks,
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such as the default mode network (DMN) and the frontoparietal
network (FPN), whereas the posterior-to-anterior mode was
linked to the visual network (VN) and the dorsal attention network
(DAN). These findings support the interpretation of anterior-to-
posterior flow as top-down and posterior-to-anterior flow as bot-
tom-up, linking EEG phase dynamics to network-level BOLD
activity.

Third, using RPA, we assessed group-level differences of the
mode-transition dynamics during resting state by comparing
typically developing participants with an inattentive-type atten-
tion-deficit/hyperactivity disorder (ADHD) cohort, revealing
reduced top-down and increased bottom-up activity in the
ADHD group. Our findings support the theory that ADHD-inat-
tentive symptoms are associated with decreased top-down con-
trol, leading to the lack of inhibition of bottom-up processes.*'
RPA also outperforms the traditional theta/beta power ratio
(TBR) as a diagnostic marker.

Finally, using a coupled-oscillator model on a structural con-
nectome,*”** we simulated dynamic phase relationships and
demonstrated that distinct directional modes—and their transi-
tions—emerge spontaneously from interactions among neural
masses across the brain network. These results align with prior
findings on traveling waves potentially arising from the brain’s
structural topology.®**® Our results also resonate with prior
work showing that phase-lead/lag relationships alternate in
large-scale networks with critical coupling strength,”® and
further show that these dynamics appear as alternating top-
down and bottom-up directionality.

Collectively, our study introduces a comprehensive, real-time
framework for understanding whole-brain dynamics, providing
new insights into hierarchical processing, brain-state transi-
tions, and neuropsychiatric conditions. We reveal that the fluc-
tuating interplay between top-down and bottom-up processing
is an intrinsic feature of large-scale brain dynamics and a
fundamental mechanism underlying human information pro-
cessing. By applying RPA, we uncover how levels of
consciousness, external stimuli, and pathological conditions in-
fluence this delicate balance, paving the way for a deeper
exploration of the fundamental mechanisms governing percep-
tion, cognition, and consciousness.

RESULTS

Defining RPA and comparison with other measures
Throughout this study, we focus on the alpha band (8-12 Hz),
where transition dynamics are most prominent. However, similar
patterns are observed in other bands as well—lower beta (12—
20 Hz), theta (4-8 Hz), higher beta (20-30 Hz), delta (1-4 Hz),
and gamma (30-50 Hz)—albeit with a progressively reduced
prominence (analyses of other frequency bands are discussed
in a subsequent section).

We first validate relative phase as a measure of directionality
by comparing it to established metrics, including phase-lag

(B) Relative phases are spatially extrapolated to form a topographic map at each time point.

(C) Concatenating maps across time creates a topographic movie; K-means clustering identifies dominant patterns, and linear regression with these centroids as
regressors yields time-varying coefficients y(t) = p(t)- X1 +B5(t) - X2 + &(t), where Xy and X are the first two dominant patterns.

(D) Relative phase (time-window averaged) is compared with dwPLl, traveling wave metrics, and EEG amplitude for frontal and parietal channel groups.

See also Figures S1, S2, and S3, Table S1, and Video S1.
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Figure 2. Statistics of relative phase dynamics in the general anesthesia dataset
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indices and traveling-wave analyses. For validation, we applied
RPA to eyes-closed resting-state EEG from the University of
Michigan general anesthesia dataset,”®® recorded with 128
channels (experimental model and study participant details in
the STAR Methods).

The framework for RPA is shown in Figure 1 (method details in
the STAR Methods). Brain signals from each EEG channel were
first decomposed into amplitude and phase components at each
time point using the Hilbert transform, with the phase represent-
ing the precise timing of the signal within its periodic cycle. For
each time point, we computed the relative phase for each chan-
nel by subtracting the global mean phase averaged across all
channels. The resulting relative phase value for each channel j
ranges continuously from —1 to +1 at each time point
(Figures 1Aand 1B; method details in the STAR Methods). A pos-
itive relative phase indicates that the signal from electrode j leads
the global mean phase, whereas a negative value indicates that it
lags behind. We hypothesize that these phase-lead/lag relation-
ships serve as indicators of the directionality of information flow
across the brain.>%'%?% An example relative phase map is
shown in Figure 1C. Additional examples from all datasets are
provided in Figure S1A. After computing the relative phase
maps, we characterized their patterns using K-means clustering
and complementary linear regression scoring with the resulting
K-means centroids.

For method comparison, the data were segmented into 2-s
windows. Within each window, we computed amplitude from
the Hilbert envelope, directional weighted phase-lag index
(dwPLI) averaged over frontal/parietal electrode groups, and
traveling-wave metrics using phase gradients. Directional
phase-lag index (dPLI) and dwPLI quantify phase-lead/lag ten-
dencies, with dwPLI reducing near-zero-lag effects related to
volume conduction and noise.”” The phase-gradient method es-
timates propagation from local phase gradients.®'"'?

Relative phase was computed per channel and averaged
across regions and windows (method details in the STAR
Methods). Relative phase correlated strongly with established
measures (Figure 1D). In the frontal region, it exhibited r = 0.887
with dwPLI and r = 0.817 with frontal-to-posterior traveling
waves. In the parietal region, correlations were r = 0.892 with
dwPLI and r = — 0.813 with front-to-back (FB) traveling waves
utilizing the phase-gradient method (p < 0.001 for all). In contrast,
relative phase, traveling-wave, and phase-lag measures yielded
either no statistically significant correlations or only low correla-
tions with signal amplitudes (p < 0.304), indicating that amplitude
and phase dynamics contain distinct information®” (Figure S1D).

Further comparisons confirmed consistent temporal corre-
spondence between RPA and conventional traveling-wave mea-
sures across datasets (Figure S1C; Table S1). With all datasets
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combined, the RPA and the phase-gradient traveling-wave
measure were strongly correlated (r = 0.790, p<0.001;
Figure S1C, left). This correspondence was also observed within
individual datasets and conditions, with consistently high corre-
lations (p; > 0.660, p<0.01). Time-lagged cross-correlation
analysis of the continuous signals showed peaks at the zero
lag, indicating temporally aligned directional fluctuations. After
transforming both signals into discrete directionality-switching
event time series, the transition-based cross-correlations
also peaked at zero lag (p, > 0.446, p <0.01), suggesting that
the two approaches capture similar switching dynamics
(Figure S1C, right; Table S1).

We extended RPA into a real-time, whole-brain framework
that overcomes the spatial and temporal constraints of prior
methods, allowing for comprehensive analysis of real-time dy-
namics across the full scalp without requiring time-window aver-
aging or specific channel selection.

RPA across diverse levels of consciousness

We next examined relative phase dynamics using the general
anesthesia dataset®®*® to assess their relationship with con-
sciousness. As each participant underwent general anesthesia,
they progressively transitioned through distinct states: eyes-
closed resting state, loss of consciousness (LOC), burst period,
suppression period, and recovery of consciousness (ROC). LOC
and ROC were determined by responses to verbal commands.
Burst and suppression periods marked the deepest unconscious
states, characterized by alternating bursting and suppressed
brain activities. For each state, we derived time-resolved relative
phase topographic maps by computing them at each frame and
subsequently aggregating across time (Figures 1B and 1C; Video
S2). Clear transitions emerged: during the eyes-closed resting
state, clear FB and back-to-front (BF) patterns appeared consis-
tently, whereas in the suppression state, patterns were disorga-
nized and unstable (Figure 2A; Video S2). Similar transition pat-
terns were observed across all datasets, as illustrated by the
examples in Figure S1A.

To quantify these dynamics, we applied K-means clustering to
identify four dominant topographic modes (Figure 1C): FB and BF
(anterior brain area phase leading posterior area and vice-versa),
and left-to-right and right-to-left (left hemisphere phase leading
right hemisphere and vice-versa). In analyzing occupancy rates
and dwell times for each state, we can perform multiple linear
regression using these identified dominant patterns as regressors
(method details in the STAR Methods). Such a regression clas-
sifies the relative phase map at each time point by dominant
mode, and the regression coefficients g (t) and p,(t) determine
whether each map matched a front-back or left-right pattern; if
|B1(t)| >1Bo(t)|, the map is classified as FB (84(t)>0) or BF

(C) Mode dwell times across anesthetic states.

(D) PCA explainability: in the eyes-closed state, the first three PCs account for >70% of total variance; in suppression, > 20 PCs are required to reach that

threshold.

(E) The inverse participation ratio (iPR) decreases with deeper unconsciousness.

(F) Relative change (%) of the transition matrix between eyes-closed and suppression states (normalized to the eyes-closed mean). Cell colors indicate p values

as shown in the colorbar.

(G) Transition matrices visualized as networks. Asterisks denote statistical significance: * p <0.05, ** p<0.01, *** p <0.001. Error bars in the figures indicate

standard error.
See also Figures S3 and S4, Table S2, and Video S2.
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(B1(t)<0); if |B4(t)| <|po(t)], it was classified as left-to-right
(Bo(t) > 0) or right-to-left (5, (t) < 0). Studying the regression coef-
ficients is analogous to examining the principal-component anal-
ysis (PCA) loading scores in a time-ordered, frame-by-frame
manner, with the additional advantage that the linear regression
framework allows us to quantify variance not explained by the re-
gressors through the residual term &(t).

We also note that this regression approach yields results that
are approximately equivalent to 4-means clustering and PCA
applied to the relative phase maps across time, consistent with
the known relationship between K-means clustering and PCA,
where principal components (PCs) approximately correspond
to the centroids identified by K-means clustering (method
details in the STAR Methods).

During the resting state, FB (mode 1) and BF (mode 4) modes
dominated, with higher occupancy rates and longer dwell times
in the order of 200 ms. In contrast, left-right modes (modes 2 and
3) were more transient. Across states of consciousness, FB and
BF occupancy rates and dwell times systematically declined
with LOC, and recovered toward the resting-state levels during
ROC (Figures 2B and 2C). Statistically significant state-pair dif-
ferences are indicated (all significant comparisons: p < 0.05).
Using the residual |e(t)|, we defined a fifth category, “Other,”
for maps that were poorly captured by the four centroids, label-
ing time points whose residual exceeded the 85th percentile of
resting-state residuals. During suppression, the Other category
became most prominent, while all four canonical modes (modes
1-4) were significantly reduced. The occupancy rates and dwell
times for each mode are summarized in Table S2.

State differences were also distinguishable in the PCA struc-
ture. In the unconscious state, more PCs were required to
explain the data, whereas in the resting state, the first two PCs
(corresponding to four modes) explained 75% of the variance
(Figure 2D). The inverse participation ratio (iPR)—which reflects
the inverse of number of PCs required to explain the given
data—decreased as consciousness diminished: from 36.59%
(resting) to 35.45% (LOC), 30.07% (burst), and 13.95% (suppres-
sion), then returned to 36.61% during ROC (Figure 2E), indicating
that relative phase patterns became increasingly disordered dur-
ing unconsciousness (method details in the STAR Methods). Sig-
nificant iPR differences were observed across states (o< 0.05
for resting and burst, resting and suppression, LOC and sup-
pression, burst and suppression, and suppression and ROC).

The transition patterns also differed between conscious and
unconscious states (Figures 2F and 2G). Transition rates into
the Other mode were significantly higher in the suppression
state, indicating greater randomness in brain wave patterns. In
contrast, transitions among canonical modes 1-4 were generally
reduced in the suppression state. Altogether, these findings
highlight FB and BF phase dynamics as robust indicators of
conscious state. We additionally performed a bootstrap analysis
of the results summarized in Figure 2 to account for the limited
sample size, and the results were qualitatively consistent with
the original findings.

Analysis of the dominant mode dynamics across
frequencies

We first examined whether the four canonical modes identified in
the alpha band were also expressed in other frequency bands.
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Similar mode patterns were observed in lower beta (12-20 Hz),
theta (4-8 Hz), higher beta (20-30 Hz), delta (1-4 Hz), and gamma
(30-50 Hz), with prominence decreasing in that order relative to
the alpha band (Figures S2B and S2C).

We next asked whether these patterns, and the transitions be-
tween them, reflect a single broadband phenomenon or distinct
band-specific structure. For each frequency band, we computed
pairwise correlations of mode-transition time series across
bands (statistical analysis and computational model in the
STAR Methods): (1) non-adjacent frequency bands exhibited
low correlations, indicating genuine frequency-specific structure
and (2) neighboring bands showed only moderate similarity
(Figure S2D). These cross-band correlations were strongest at
rest and substantially reduced under general anesthesia.
Together, these results argue against a single broadband dy-
namic process and instead show that each band exhibits
partially distinct dynamics while preserving the same dominant
spatial mode classes, for which patterns were highly similar
across frequency bands (mode-pattern correlations > 0.98).

RPA of simultaneous EEG-fMRI during resting and
stimulus states

To assess the functional relevance of FB and BF phase modes,
we analyzed simultaneous EEG-fMRI data collected during alter-
nating blocks of eyes-closed rest and a 12 Hz flashing checker-
board task,*® which robustly activates the visual network (VN).
Differences in BOLD activity between the rest and stimulation
conditions are shown in Figure 3A, revealing that higher-order
cognitive regions were more active during rest, whereas visual
sensory areas showed greater activation during stimulation
(method details in the STAR Methods).

Relative phase topographic maps, averaged across trials and
participants, revealed frontal phase-leading patterns during rest
and parietal-leading patterns during stimulation (Figure 3A,
right). From a time-series analysis perspective, the long-term
trend persisting after averaging across trials and participants re-
vealed a systematic bias toward either the FB or the BF mode,
depending on the brain state.

To more comprehensively characterize the relationship be-
tween EEG relative phase patterns, dynamics, and fMRI BOLD
signals, we examined activation across 17 canonical functional
networks using established parcellations.*® The FB mode
expression—quantified by the regression coefficient g (t)—
was positively correlated with DMN activity (DMA, DMB, and
DMGC; r>0.5, p<0.001), whereas the BF mode expression (—
p4) was associated with visual central (VC) network activity
(r = 0.58, p<0.001) (Figures 3B and 3C). We further mapped
whole-brain correlations between g; and BOLD signals using
the 1,000-parcel Schaefer atlas. FB mode expression correlated
significantly not only with DMN but also with other higher-order
networks, including the frontoparietal network (FPN: especially
FPB and FPC) and temporal-parietal (TP) network (p <0.001;
Figures 3C and 3D).

Together, these findings suggest that FB phase dynamics
reflect top-down processing via anterior-to-posterior flow,
aligned with internally guided cognitive states, whereas BF dy-
namics reflect bottom-up processing aligned with externally
driven sensory input. Based on these results, we define the FB
pattern as the top-down mode, representing information flow
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Figure 3. Brain network correspondence of relative phase patterns using simultaneous EEG-fMRI recordings
To investigate the functional relevance of front-to-back (FB) and back-to-front (BF) modes, RPA patterns were compared with BOLD activity during eyes-closed

rest (EC) and a 12 Hz flashing checkerboard task (CB).

(A) Left: EC — CB BOLD difference maps. Right: EC—CB EEG difference map. Purple: EC > CB; green: CB > EC.

(B) Time series of ; (FB mode) and default mode A (DMA) BOLD activity (left), and — g, (BF mode) and visual central (VC) BOLD activity (right).

(C) Pearson’s r between f, and all 17 Yeo networks. Bar colors indicate p values as shown in the colorbar.

(D) Left: whole-brain ; versus BOLD correlation map using the Schaefer 1,000-parcel atlas. Red indicates FB-correlated regions, and blue indicates BF-
correlated regions. Right: reference map of the EEG relative phase FtoB mode (mode 1) used for the correlation shown on the left. Red indicates phase-leading

regions, and blue indicates phase-lagging regions.

from higher-order cognitive anterior regions to posterior regions,
and the BF pattern as the bottom-up mode, representing infor-
mation flow in the opposite direction.

RPA in control and ADHD groups

To evaluate the cognitive relevance of dominant phase modes, we
applied RPA to resting-state EEG from ADHD-inattentive and con-
trol groups. Among multiple neuroscientific approaches to
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understanding ADHD symptoms, ranging from neurotransmitter-
level theories to network- and cognitive-level models,’*3%*
cognitive-level theories suggest the ADHD group exhibits reduced
top-down signaling and impaired coordination between top-down
and bottom-up processes,®’**?*** an imbalance believed to
contribute especially to the inattentive symptoms. Given RPA’s
sensitivity to these dynamics, we tested whether phase mode pat-
terns reflect attentional deficits associated with ADHD.
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Figure 4. RPA applied to the HBN ADHD-inattentive dataset
(A) Representative eyes-closed relative phase snapshots for control and ADHD-inattentive participants; ADHD-inattentive participants dwell more in the back-to-
front mode.

(legend continued on next page)
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We analyzed eyes-open and eyes-closed EEG from the
Healthy Brain Network (HBN) dataset.** In the eyes-closed con-
dition, control participants showed dynamic mode switching
every ~200 ms, whereas ADHD participants remained longer
in the BF (mode 4) pattern (Figures 4A and S5). Quantitatively,
the ADHD group exhibited significantly higher mode 4 occu-
pancy and dwell time—by 30.6% and 23.9%, respectively—
relative to controls (p<0.001, false discovery rate [FDR]-cor-
rected; Figures 4B and 4C). They also showed reduced expres-
sion of FB (mode 1) patterns (p <0.05), suggesting deficient
top-down signaling. The ADHD group also showed reduced
expression of transient modes, with the decrease in mode 3
occurrence in the eyes-open state reaching statistical signifi-
cance. Because modes 2 and 3 correspond to transient lateral
patterns that often bridge anterior-posterior modes, this reduc-
tion may indicate decreased lateral transitional dynamics.
Thus, the increased mode 4 dominance may reflect a broader
reorganization of mode occupancy, characterized primarily by
enhanced bottom-up dominance, reduced top-down expres-
sion, and reduced expression of transitional modes. Transition
analysis further showed that ADHD participants had elevated
mode 4-to-mode 4 self-transitions (p <0.001) and decreased
transitions from mode 4 to other modes (p <0.01), supporting
the hypothesis of slower, bottom-up-biased dynamics in
ADHD (Figure 4D, bottom row of the matrix). The occupancy
rates and dwell times for each mode are summarized in Table S2.

We then compared RPA with the conventional TBR, used in the
Neuropsychiatric EEG-Based ADHD Assessment Aid (NEBA), the
first Food and Drug Administration (FDA)-approved EEG assess-
ment aid for ADHD. Consistent with prior reports,*>“® it did not
differ significantly between the inattentive and control groups
(Figure 4E). Receiver operating characteristic curve analysis
showed that the logistic model-based RPA outperformed the
TBR model in individual-level diagnostic prediction (Figure 4F;
statistical analysis and computational model in the STAR
Methods). The RPA model achieved a performance score of 0.76
(0.73 bootstrap-validated), versus 0.62 (0.59 bootstrap-validated).
We also found a significant correlation between the RPA model’s
diagnostic score and the Strengths and Weaknesses of ADHD
Symptoms and Normal Behavior Scale (SWAN) inattentive score”’
(r = 0.38, p<0.001; Figure 4G), indicating meaningful alignment
between RPA and behavioral measures. While SWAN helps
reduce false negatives, RPA may reduce false positives. Notably,
distinguishing between control and ADHD subjects in the upper-
left quadrant of the diagnostic scatter may offer valuable insights,
warranting further investigation.

Together, these results support the theory that ADHD-inatten-
tive symptoms reflect impaired top-down signaling and imbal-
anced top-down/bottom-up coordination. Additionally, RPA
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demonstrates greater potential as a biomarker for the ADHD-
inattentive subtype.

Simulating relative phase dynamics via a coupled-
oscillator model

To investigate the mechanism underlying mode fluctuations, we
simulated relative phase dynamics using a Kuramoto model
whose connectivity patterns are specified by a human structural
connectome (statistical analysis and computational model in
STAR Methods).*® We hypothesized that stochastic fluctuations
in the coupling parameter ¢y, modeled as an Ornstein-
Uhlenbeck (OU) process, could reproduce the empirical FB
and BF transition dynamics (Figure S6).

High-degree nodes phase lagged during mode 1 (top-down)
and phase led during mode 4 (bottom-up) (Figure S6A). These
corresponded to significant correlations between anterior-pos-
terior coordinates and relative phase values averaged along
the anterior-posterior axis: r= — 0249 (p = 0.00752) for
mode 1, and r = 0.255 (p = 0.00608) for mode 4 (Figure S6A).
The model reproduced key features of the temporal dynamics
of the empirical data (Figure 5C): greater occupancy and longer
dwell times for modes 1 and 4, minimal transitions between
modes 2 and 3, and transition matrices showed diagonal domi-
nance reflecting a tendency to remain in the same mode, with
modes 2 and 3 primarily mediating transitions between modes
1 and 4 (Figures 5C and 5D).

These results demonstrate that a simple coupled-oscillator
model with stochastic modulation can replicate the spatial and
temporal structure of observed phase dynamics. These struc-
tures emerge as a consequence of structural constraints
imposed on the model oscillators, which introduce hierarchical
organization in terms of their degrees (number of connections).
Alternative processes with multiple stable states also replicated
empirical patterns (Figure S6B), suggesting that top-down and
bottom-up modes may correspond to attractor states in brain
network dynamics.

DISCUSSION

What are the dominant modes of directionality at the whole-brain
level? What are the real-time transition dynamics between these
modes? We addressed these questions by establishing relative
phase as a robust, versatile, and clinically relevant measure of
brain dynamics. Leveraging RPA, we found that (1) the ante-
rior-to-posterior (top-down) versus posterior-to-anterior (bot-
tom-up) directional patterns are fundamental modes of human
brain dynamics, with the brain rapidly fluctuating between these
two states on a sub-second scale; (2) these dynamic properties
are most pronounced during full consciousness and diminish as

(B) Mode probability density functions across eyes-open and eyes-closed conditions.

(C) Mode dwell time distributions.

(D) Relative difference matrix between group transition matrices during eyes-closed rest, normalized by the control group mean. Cell colors indicate p values as

shown in the color bar.
(E) Theta/beta ratios at Fz and Pz electrodes for both groups.

(F) Receiver operating characteristic curves comparing RPA and TBR for individual-level diagnostic prediction.

(G) Correlation between SWAN inattentive scores and RPA diagnostic values.

Asterisks indicate statistical significance: *p < 0.05, **p < 0.01, **p < 0.001. Error bars in the figures indicate standard error.

See also Figure S5 and Table S2 and Video S3.
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Figure 5. Simulation of relative phase dynamics using the Kuramoto coupled-oscillator model

(A) Simulation schematic: Kuramoto model with generalized coupling on the Lausanne 114-node structural network; cg evolves via an Ornstein-Uhlenbeck
process (dotted lines: fixed point cg = sin(z)).

(B) Simulated relative phase topographic map snapshot.

(C) Empirical mode statistics from University of Michigan (UofM) eyes-closed data: occurrence distribution, dwell times, and transition matrix; error bars = SEM
across subjects.

(D) Same statistics for simulated data averaged over 50 initial conditions; parameters: S = 1.8, 7 = 0.12z, % = 6,0 = 1.5.

See also Figure S6.
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Figure 6. Schematic of the RPA framework
The RPA pipeline: (1) Hilbert transform to extract
instantaneous phase; (2) compute relative phase
maps across time; (3) K-means clustering or PCA
to identify dominant spatial patterns; (4) linear
regression with centroids/PCs as regressors,
yielding g4 (t), B (t), €(t); and (5) statistical analysis
of coefficient time series (mode probability distri-
butions and dwell times). Green boxes: data-
derived features; pink boxes: analytical proced-
ures.

l Relative phase computation
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consciousness fades; (3) the directional modes are associated
with the BOLD activity of corresponding functional networks
(anterior-to-posterior mode with DMN and FPN, posterior-to-
anterior mode with VN); (4) developing individuals and those
with the ADHD-inattentive subtype exhibit group-level differ-
ences in their relative phase profiles and dynamics; and (5) a
generalized coupled-oscillator brain network model reproduces
the observed mode-transition dynamics.

RPA reveals real-time, whole-brain dynamics of sub-
second anterior-posterior directionality transitions
RPA provides a real-time framework for quantifying phase dy-
namics, enhancing our ability to investigate large-scale neural
interactions beyond previous methods. Unlike time-window-
based phase-lag measures or region-specific traveling-wave an-
alyses, RPA—the complete pipeline of which is schematized in
Figure 6—offers continuous tracking of neural phase relation-
ships across the whole cerebral cortex. A more recent trav-
eling-wave analysis has also characterized large-scale phase
dynamics without strict regional preselection.*® However, trav-
eling-wave analyses generally rely on spatial or spatiotemporal
derivatives of the phase field, which are more sensitive to noise
and often require smoothing or regularization.’®>" By contrast,
RPA operates directly on phase relationships, yielding a
compact and potentially more stable real-time representation
of whole-brain directionality dynamics. Additionally, RPA holds
promise for neurofeedback applications, where the ability to
monitor real-time neural dynamics is crucial.

Leveraging RPA, we identified sub-second transitions be-
tween dominant top-down and bottom-up directional modes.
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Prior studies suggest that such fluctua-
tions, or more generally, the alternation
between internally and externally biased
processing states, occur across multiple
spatial and temporal scales.'® Internally
biased processing denotes states domi-
nated by higher-order, memory-based,
or predictive processes (e.g., DMN/
FPC), whereas externally biased pro-
cessing denotes states dominated by
sensory- or stimulus-driven processes
(e.9., DAN/VN). These dynamics span
multiple scales from microcircuit interac-
tions (tens of ms) to EEG/MEG wave dy-
namics (hundreds of ms) and fMRI
network transitions (seconds), and reflect
a continuous shifting balance rather than a strict binary alterna-
tion. This oscillatory balance has also been proposed as a funda-
mental signature of human brain information processing across
multiple levels of organization.'®

Importantly, the “modes” identified by RPA should be inter-
preted as macroscopic processing biases rather than uniform,
all-or-none configurations across circuits and subregions. Feed-
forward and feedback interactions may coexist, while large-
scale EEG phase structure reflects a momentary bias in their
relative dominance, manifesting as a coarse anterior-posterior
directional tendency. This interpretation is consistent with
network-level accounts of internally versus externally biased
processing’® and with electrophysiological traveling-wave
studies showing state-dependent propagation biases during
perception and cognition.'®"'? Relatedly, the identification of
four dominant phase topographies does not imply that brain in-
formation processing is limited to four discrete regimes. Rather,
these modes reflect a low-dimensional organization of macro-
scopic phase dynamics, in which a continuous distribution of
patterns is well captured by a small number of dominant axes.
In our analysis, the first two PCs—corresponding to the four
dominant phase modes—account for most of the variance,
providing a compact summary of an underlying continuous
dynamical structure.

Event-related potential (ERP) studies from EEG and ECoG
indicate that responses to external stimuli unfold within sub-sec-
ond timescales, consistent with our finding that whole-brain bot-
tom-up versus top-down switching occurs approximately every
200 ms. This timescale falls within the range of rhythmic atten-
tional sampling and perceptual cycles reviewed in VanRullen,?’
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where behavioral periodicities are commonly reported at ~ 3—
12 Hz, corresponding to cycle durations of approximately 83—
333 ms. Thus, the observed switching occurs within a temporal
regime previously associated with rhythmic sampling of percep-
tion and attention. The timescale also aligns with MEG studies
showing that large-scale electrophysiological network states
can be transiently expressed over ~100-200 ms,*® as well as
recurrent predictive-processing update cycles proposed to op-
erate on sub-second intervals.'® RPA may therefore capture a
directional component of these rapid network-state reconfigura-
tions, tracking not only which large-scale pattern is active, but
whether the dominant phase bias is anterior-to-posterior or pos-
terior-to-anterior. At this timescale, rapid switching between
directional biases may support flexible integration of feedfor-
ward and feedback information, enabling continuous updating
of internal models'®°?: the observed alternation between top-
down and bottom-up biases may reflect an intrinsic temporal
regime for coordinating internal predictions with incoming sen-
sory input.

Crucially, we observed that these fluctuations are not solely
stimulus-driven but also emerge spontaneously during resting
states, suggesting an intrinsic top-down versus bottom-up mod-
ulation independent of external input. This finding highlights a
fundamental, self-organizing mechanism of cortical dynamics.
Additionally, we observed that both top-down and bottom-up di-
rectionalities extend across all frequency bands up to 50 Hz,
suggesting that the macroscopic phase organization captured
by RPA is a pervasive feature of cortical dynamics rather than
a band-specific artifact.

This does not imply identical functional roles across frequencies
or contradict predictive-coding accounts of lower-frequency
feedback and higher-frequency feedforward signaling. Instead,
similar macroscopic directionality classes are detectable across
bands, while their temporal dynamics remain frequency-specific.
Future work will examine how task demands reshape frequency-
specific top-down and bottom-up processing.'%***

Sub-second anterior-posterior directionality transitions
are linked to BOLD dynamics and distinguish diverse
brain states
RPA offers a promising tool for assessing consciousness levels
in clinical settings, where differentiating brain states under anes-
thesia remains a challenge. We used the anesthesia dataset to
identify and validate dominant sub-second relative phase pat-
terns because it provides high-quality continuous EEG with
well-separated, graded consciousness levels (awake — light
sedation — deep anesthesia — recovery), enabling a controlled
test of state-dependent robustness. Traditional amplitude- and
phase-based measures often fail to distinguish states such as
burst and resting periods.”* In contrast, RPA captures reduc-
tions in dominant directional modes that reliably track con-
sciousness levels. Notably, the reduction prominently appears
in both the alpha and low beta bands, and exploring how
different anesthetic agents modulate these dynamics across fre-
quency bands may offer insights into their neural mechanisms.
Simultaneous EEG-fMRI may provide an insightful link be-
tween electrophysiological directionality and BOLD-based
network transitions. By comparing resting and checkerboard
tasks, we mapped FB and BF EEG phase dynamics onto top-
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down and bottom-up BOLD network activity. Future research
will extend this analysis to EEG-fMRI data acquired with more
nuanced and naturalistic stimuli, aiming to capture mode-transi-
tion dynamics in more natural settings. Applying RPA directly to
BOLD time series may also reveal novel insights into the direc-
tional propagation of BOLD signals, and integrating RPA with es-
tablished approaches could yield a more robust framework for
inferring BOLD dynamics while addressing fMRI’s inherent tem-
poral limitations.

These results also complement and extend the EEG micro-
state literature, where associations between amplitude-defined
topographies and BOLD networks have been studied primarily
from an activity-based perspective.”* ' In contrast, RPA pro-
vides a possible mechanistic bridge between electrocortical dy-
namics and BOLD network activity, offering a parsimonious
decomposition of the dynamics into alternating top-down and
bottom-up flows through the correspondence between FB
versus BF directionality patterns and the activity of higher-
versus lower-order areas.

RPA also distinguished individuals with inattentive-type
ADHD from controls, revealing increased bottom-up and
decreased top-down mode expression. These findings align
with cognitive theories implicating reduced top-down inhibition
in ADHD.®*""%2 RPA may further bridge brain dynamics and
behavior, offering a candidate EEG biomarker and mechanistic
insight into attentional dysfunction. It may serve as a valuable
tool for supporting integrative models that connect cognition,
emotion, and environmental influences*'°** and for tracking
intervention outcomes through changes in directional phase
dynamics.

Computational modeling of sub-second directionality
modulation provides predictive insights
Our computational modeling suggests that the FB and BF direc-
tionality modes and the transitions between them can spontane-
ously emerge from the underlying structural network of the brain.
These findings build upon prior modeling results of phase-lead/
lag alternations in networks,?® and align with previous findings
suggesting that traveling waves can naturally arise from cortical
topology.®**°

In the top-down (FB) mode, sparsely connected regions,
particularly in the prefrontal cortex, tend to phase lead, estab-
lishing a front-leading-back pattern of information flow. This re-
flects the structural characteristics of prefrontal areas, which
are relatively sparse in local connectivity. In contrast, occipital
regions are more densely interconnected and play a central
role in shaping the bottom-up (BF) mode, where densely con-
nected areas lead the phase dynamics. Notably, despite their
local sparsity, prefrontal regions function as long-range
connector hubs, integrating information across distinct cortical
modules.®® Our simulation results and interpretations align with
previous findings that prefrontal regions exhibit lower connection
density yet higher participation in large-scale, integrative
communication—highlighting their role in coordinating distrib-
uted brain networks.®>®® As such, our simulation framework
suggests that hierarchical cortical structure may be the crucial
feature underlying RPA-like dynamics.

Introducing a stochastic coupling term (co) caused the
dominant modes to function as attractor states. In our
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coupled-oscillator framework, cq serves as an intermediary be-
tween direct and diffusive coupling,®”*®® corresponding in bio-
logical terms to electrical and chemical synaptic coupling,
respectively.®®"°

Higher cq values (associated with bottom-up mode) reflect
dominance of electrical synapses via gap junctions. Lower cg
values (top-down mode) correspond to chemical synapses
where action potentials propagate via neurotransmitters. Our
model thus predicts that transitions between directional modes
may reflect shifts in the balance between these two coupling
mechanisms, which remain to be investigated empirically.
Another possible interpretation of our model is that the cg term
reflects the relative dominance of external stimuli in the network:
when c0 exceeds sin(z), external stimuli are more influential on
network dynamics (bottom-up mode); when cq is smaller than
sin(z), intrinsic network dynamics dominate (top-down mode).
Our framework extends the previous theoretical proposals on
the functional implications of having two co-existing forms of
coupling in the oscillator system.®”-6%:71.72

Limitations and future perspectives

Analytically, phase lead-lag alone does not establish microcir-
cuit-level causality. Here, we use “directionality” to denote a
macroscopic bias arising from oscillatory signals in an interact-
ing functional network: consistent phase leading indicates that
one signal tends to precede and directly or indirectly influence
another, and can therefore serve as a practical proxy for direc-
tional propagation. This interpretation is supported by previous
coupled-oscillator modeling showing agreement between
phase-lead/lag metrics and windowed causality measures,
such as Granger causality and transfer entropy.’ In this study,
simultaneous EEG-fMRI provides convergent network-level sup-
port, with top-down dominance co-occurring with DMN/FPC
activation and bottom-up dominance aligning with DAN/VN
activation.

We also acknowledge the ongoing debate on whether macro-
scopic traveling waves are genuine physiological wave packets
versus epiphenomenal manifestations of coordinated phase
gradients.”®’* RPA does not require a strong “wave packet”
interpretation; it detects dominant global phase patterns with
sub-second resolution. The strong dissociations across con-
sciousness, the ADHD versus control effects, and the EEG-
fMRI network correspondence argue for physiological relevance
even with the epiphenomenal interpretation.

We conclude by noting several limitations.

(1) Relative phase dynamics showed only weak correlation
with amplitude dynamics, suggesting that amplitude
and phase each capture complementary yet distinct
aspects of brain dynamics.®” Future studies with
more detailed analyses (e.g., comparisons of relative
phase dynamics and EEG microstates) may uncover
richer phase-amplitude relationships and provide
deeper interpretations, particularly in relation to BOLD
network activity.

(2) RPA can also be applied to source-reconstructed sig-
nals, but such extensions should be interpreted
cautiously, given inverse-problem ambiguity and spatial
leakage; developing leakage-aware source-level
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implementations and validations is a promising future di-
rection.
Transitions between anterior-posterior and lateral (left-
right) gradients may appear as rotating or spiral-like
organization of the global phase field at appropriate
timescales, reminiscent of prior spiral-wave observa-
tions”>’%; a direct comparison with spiral-wave phe-
nomena would be an important direction for future
studies using high-density EEG/MEG or ECoG.
(4) The left-right and right-left phase patterns: these modes
appeared transiently, often serving as bridges between
dominant frontoparietal modes rather than sustained
processing regimes. Such lateralized modes may reflect
asymmetries in sensory input, attentional allocation, or
network-level coordination and also relate to known
hemispheric specialization. More generally, the number
and nature of dominant phase patterns identified by
RPA may vary across tasks and stimuli.
Our analyses focused on resting-state data and a
strong visual stimulus. Extending RPA to task-based
paradigms will be essential for relating directional
modes to cognitive functions such as attention and
memory. For example, alpha phase lags in posterior re-
gions during working memory distraction’” may reflect
increased top-down control (mode 1), consistent with
our framework. Auditory paradigms (e.g., oddball para-
digms’®%% may also yield distinct relative phase dy-
namics due to the temporal location of the auditory cor-
tex.

(6) The relationship between relative phase modes and pe-
ripheral physiological signals (e.g., electrocardiogram,
eye movements, and muscle activity) remains to be
explored.

(7) While RPA is sensitive to changes in consciousness, its
clinical value should be compared against established
metrics such as the bispectral index (BIS) and patient
state index (PSI).

(8) Broader validation of RPA across ADHD subtypes, co-
morbidities, and diverse age and sex groups is essential
for generalization. This study focused on the inattentive
subtype and adolescents (> 11 years) to avoid develop-
mental confounds in alpha rhythms.

(9) Our coupled-oscillator model could be refined using
more biologically grounded frameworks, such as the
Wilson-Cowan model, to probe biophysical mecha-
nisms of mode transitions.

(10) Lastly, in David Marr’'s levels of analysis—computa-
tional, algorithmic, and implementational®'®>—our
model is at the implementation level. Only the expansion
and combination of our model with the algorithmic and
computational levels will provide a complete picture of
how information is processed via the top-down and bot-
tom-up switching with respect to the external world and
internal model construction.

&

G

Conclusion
This study introduces RPA as a powerful and versatile tool for
investigating the brain dynamics, offering new insights into
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brain-state transitions, hierarchical processing, and neuropsy-
chiatric conditions. Our findings demonstrate that the fluctuating
interplay between top-down and bottom-up processing is an
intrinsic property of large-scale brain dynamics, reinforcing a
dynamical systems perspective in which the brain continuously
reconfigures its information processing organization. Our study
offers a new research avenue exploring how external stimuli,
cognitive demands, and pathological conditions influence this
delicate balance. By integrating RPA with experimental
neuroscience, we can investigate how spontaneous directional
fluctuations shape perception, cognition, and consciousness,
ultimately advancing our understanding of the fundamental prin-
ciples of neural computation.
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com).

Materials availability
This study did not generate any new, unique reagents.

Data and code availability

® The EEG dataset for the general anesthesia presented in this article
cannot be deposited in a public repository because the human volun-
teers did not consent to public access at the time of recruitment. Re-
quests to access these datasets should be directed to the lead contact.

® The simultaneous EEG-fMRI analysis utilized a publicly available data-
set, accessible at https://fcon_1000.projects.nitrc.org/indi/retro/nat_
view.html.

® The ADHD versus typically developed EEG analysis utilized a publicly
available dataset, accessible at https://fcon_1000.projects.nitrc.org/
indi/cmi_healthy_brain_network/.

@ Allthe code used for analyses and simulations reported in this paper are
publicly available at https://github.com/youngjai/RelativePhase
Analysis.®®

® Pedagogical tutorial code for RPA are publicly available at https://
github.com/onemoon4u/RelativePhaseAnalysis.®*
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STARxMETHODS
KEY RESOURCES TABLE
REAGENT or RESOURCE SOURCE IDENTIFIER
Software and algorithms
MATLAB R2024b MathWorks https://kr.mathworks.com/products/matlab.
html
EEGLAB v24.2.1. Delorme and Makeig®® https://doi.org/10.1016/j.jneumeth.2003.10.
009
Deposited data
Healthy Brain Network data set Alexander et al.** https://fcon_1000.projects.nitrc.org/indi/cmi_
healthy_brain_network/
Nathan Kline Institute data set Telesford et al.*° https://fcon_1000.projects.nitrc.org/indi/retro/
nat_view.html
Other
UofM and Healthy Brain Network EEG 128-channel HydroCel Geodesic Sensor Net N/A
with Net Amps 400 amplifier from Electrical
Geodesic, Inc. (EGI)
Nathan Kline Institute fMRI 3T Siemens TrioTim N/A
Nathan Kline Institute EEG Brain Products BrainCapMR®* channels N/A

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS
In this section, we describe the details of the datasets used in our analyses and the preprocessing pipelines. We used three datasets.

General anesthesia EEG data (UofM: University of Michigan)

EEG recordings from eighteen healthy volunteers (20-40 years old) were collected at the University of Michigan.?®*® The study was
reviewed in accordance with the recommendations of the Institutional Review Boards specializing in human subject research at the
University of Michigan, Ann Arbor (Protocol #HUMO0071578). Written informed consent was obtained from all participants in accor-
dance with the Declaration of Helsinki. Nine participants underwent general anesthesia, the others were recorded without anesthesia.
EEG data were recorded with 128-channel HydroCel nets, Net Amps 400 amplifiers (Electrical Geodesic, Inc., USA) at a sampling rate
of 500 Hz. The location of the reference channel was at Cz.

The experimental paradigm was designed to simulate the conditions of general anesthesia typically used in a surgical setting. Par-
ticipants in the anesthesia group initially received propofol through increasing infusion rates over three consecutive 5-minute blocks:
Block 1 (100 pg/kg/min), Block 2 (200 pg/kg/min), and Block 3 (300 pg/kg/min). Responsiveness was assessed every 30 seconds
using the verbal command, “Squeeze your left/right hand twice,” with left/right assignment randomized. Following this, isoflurane
was administered with air and 40% oxygen at 1.3 age-adjusted minimum alveolar concentration (MAC). Isoflurane was maintained
for 3 hours before being discontinued.

Resting vs. checkerboard task from simultaneous EEG-fMRI data (NKI: Nathan Kline Institute)
We used simultaneous EEG-fMRI recordings from the NKI dataset to compare EEG relative phase dynamics with task-evoked BOLD
responses during resting-state and flashing-checkerboard stimulation periods.

The dataset is collected at the NKI (Nathan Kline Institute).*° The recordings were obtained from 22 individuals between the ages of
23 and 51 years old. EEG data contains 64-channels using a customized Brain Products (BrainCapMR consisting of 61 cortical chan-
nels, two EOG channels placed below (channel 63) and above (channel 64) the left eye, and one ECG channel (channel 32)). The loca-
tion of the reference channel was at FCz. All individuals were consented in accordance and compliance with the Institutional Review
Board (IRB) at NKI. fMRI data was acquired using a 12-channel head coil on 3T Siemens TIM Trio. All BOLD fMRI sequences were
acquired with these following parameters: TR=2100ms; TE=24.6ms; slices=38; matrix size=64 x 64; voxel size=3.469 x 3.469 x

3.330mm3.

ADHD/Control EEG data (HBN: Healthy Brain Network)

To analyze the differences in the directionality of phase relationship between the ADHD group and the control group, we used eyes
closed and eyes open resting state data from the Healthy Brain Network (HBN) dataset released by the Child Mind Institute.** The
HBN dataset is a large-scale data collection targeting adolescents (aged 5-21) living in the New York City area. It consists of extensive
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multimodal datasets covering a wide spectrum of commonly encountered clinical psychopathologies including attention deficit hy-
peractivity disorder (ADHD). To examine the real-time directionality of phase relationship across whole brain regions, we used high-
density electroencephalography (EEG) data recorded at a sampling rate of 500 Hz using a 128-channel geodesic hydrocel system by
Electrical Geodesics Inc. The location of the reference channel was at Cz.

To establish a more robust sample with ADHD-Inattentive type, we selected individuals who had been diagnosed with ADHD inat-
tentive type without comorbidity. The control group consists of individuals who had not received any diagnosis. The EEG signal in the
alpha spectrum peak shows a qualitative difference between age under and above 10.°° Therefore, we chose individuals aged 11 and
older. In conclusion, resting state data from a total of 53 ADHD participants (41 male, mean age 14.11, standard error (s.e.) 0.27) and
88 control individuals (44 male, mean age 14.07, s.e. 0.28) were used for the analysis. Participants are encouraged to discontinue
stimulant medication due to its potential effects on cognitive and behavioral testing and brain function mapping.** However, those
who choose not to or are required by their physicians to continue medication can still participate, with their medication intake re-
corded on the day of the study. Three participants in the selected ADHD-inattentive group were on medication during data collection,
and they were not excluded from the analysis; given this small subsample, we did not perform statistical comparisons by medication
status.

METHOD DETAILS

This section first describes dataset-specific preprocessing and state extraction procedures, followed by the Relative Phase Analysis
(RPA) framework and the additional measures used for comparison with RPA.

As outlined in the Figure 6, RPA pipeline consists of the following steps: (i) apply the Hilbert transform to the EEG time series to
extract the instantaneous phase; (ii) compute the relative phase, yielding the relative phase map for each time point, across time;
(iii) apply either K-means clustering or principal component analysis (PCA) to identify dominant spatial patterns (centroids or PCs,
which are approximately equivalent); (iv) perform linear regression using these centroids or PCs as regressors to compute dynamic
regression coefficients; (v) the resulting coefficient time series were analyzed to characterize the temporal expression of dominant
relative phase modes and their associated statistics.

Each step is described in more detail in the following subsections.

EEG state extraction for the UofM general anesthesia dataset

In the EEG data, we extracted 5-minute eyes-open and 5-minute eyes-closed resting states from the no anesthesia group (nine sub-
jects). Inthe general anesthesia group (nine subjects), we extracted five types of brain states over time to study differences among the
different brain states; 1) 5-minute eyes-closed resting state before general anesthesia, 2) 3-minute LOC (loss of consciousness) state
after LOC marker, 3) burst state pieces with a total of 5-minute, 4) suppression state pieces with a total of 5-minute, and 5) 5-minute
ROC (recovery of consciousness) state after ROC marker. LOC and ROC markers in the EEG data were measured by responding to
the verbal command (“Squeeze your left/right hand twice” with left/right randomized) every 30 seconds?®. In the data, six subjects of
the anesthesia group showed burst and suppression states under anesthesia. The burst state is a period when the power in the spec-
trogram suddenly increases across all frequency bands even though the subjects are under anesthesia. On the contrary, in the sup-
pression state, the power remains extremely low. In particular, we manually extracted the burst and suppression states because it is
unclear to quantitatively define the states. To increase sample size for state comparisons, we divided the data into 1-minute seg-
ments and analyzed them.

Preprocessing of the NKI fMRI dataset

In fMRI BOLD signals, we use the preprocessed data served by the reference site unc_pp_filter_gsr_sm0.mni152.3mm.-
nii.gz). Briefly, the structural preprocessing included skull-stripping, tissue segmentation (gray matter, white matter, cerebrospinal
fluid), and registration to the MNI152 template. The functional preprocessing included slice timing, motion correction, boundary-
based co-registration, nuisance regression (Friston’s 24 head motion parameters, white matter, cerebrospinal fluid, and global
signal), band-pass filter (0.01-0.1 Hz) and linear and quadratic detrending . For spatial averaging under the 1,000-parcel Schaefer
parcellation scheme,®® fMRI volumes were resampled to 2 mm isotropic resolution to align with the parcellation template. Voxel-level
time series were then averaged within each parcel, and the resulting parcel-wise time series were Z-scored across time to normalize
voxel-specific signal variability. The Z-scored time series were then averaged across trials and participants to derive group-level time
series. Finally, the difference between group-averaged signals during rest and the flashing checkerboard stimulation periods was
computed in our analysis.

We note that to account for delayed hemodynamic and electrophysiological responses, event onsets of the flashing checkerboard
stimuli were shifted by 6 seconds—effectively aligning event boundaries 6 seconds later relative to the recorded BOLD and EEG sig-
nals. Cross-correlation between BOLD response and EEG relative phase dynamics (represented by ;) peaked at zero lag, indicating
a strong temporal correspondence between the two signals. This suggests that the group-averaged EEG relative phase dynamics is
not only correlated with BOLD signals but may also exhibit similar delays relative to event onsets, reflecting shared latency in their
response to external stimuli.

30,87,88 (f
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Preprocessing of HBN EEG dataset

For the preprocessing procedure, we used the EEGLAB package in MATLAB.®® The EEG signal was processed as follows: 1) notch
filtered at 60 Hz to remove power line noise, 2) bad channels were detected and removed using the trimOutlier.m function, and 3)
band-pass filtered across six frequency bands (delta: 1-4 Hz, theta: 4-8 Hz, alpha: 8-12 Hz, low beta: 12-20 Hz, high beta: 20-
30 Hz, gamma: 30-50 Hz). We analyzed EEG signals in the original recording reference provided with each dataset and did not apply
additional re-referencing. To remove excessively noisy channels, we used the EEGLAB trimOutlier. This procedure computes a chan-
nel-wise variability metric by dividing the continuous data into 100 equal-length bins, computing the standard deviation within each
bin for each channel, and averaging these values across bins to obtain a mean SD per channel. Channels whose mean SD fell outside
the specified bounds (< 10~* or > 100) were removed.

Relative Phase Analysis of EEG signals

EEG signals can be decomposed into amplitude and phase components over time using the Hilbert transform.® The phase of each
electrode reflects the specific timing of its signal within a periodic waveform. To determine the directionality of information flow, we
use the relative phase, which is derived by subtracting the global mean phase from the phase of each electrode.”’ In the following
equations, ¢; represents the signal phase of /" electrode, and @ denotes the system’s mean phase:

, 1
Re® — N Ze/o/’ (Equation 1)

j=1

sin¢; = sin(6; — O). (Equation 2)

Here, Equation 1 represents the global mean phase and Equation 2 represents the relative phase. Equation 1 defines the system’s
phase denoted as @, which represents the global mean phase of the system at each time point, capturing the brain’s overall phase
state. In Equation 2, we subtract the system’s phase from each signal’s phase. When ¢ is a positive value, the signal from an elec-
trode leads the global mean phase, whereas a negative value indicates that it lags the global mean phase. Finally, we weighted the
resulting phase difference by applying the sine function, mapping the values continuously from — 1 to + 1. This is our definition of
relative phase for channel j. In this framework, — 1 corresponds to a 90° phase lag, +1 to a 90° phase lead, and 0 is obtained for
phase differences of 0° or 180°. This weighting strategy is inspired by phase-based measures that mitigate the heightened sensitivity
to noise—arising from factors such as volume conduction—near 0° and 180° differences in phase-lead/lag calculations.?® Using our
approach, we can reliably estimate whether j is relatively phase-leading or lagging compared to the system’s average phase at each
time point.

Choosing the optimal temporal scale of RPA

In performing Relative Phase Analysis (RPA), we determined the optimal time scale for capturing dynamics by calculating Shannon
entropy of the relative phase time series (Figure S2A). We observed that the Shannon entropy of relative phase —computed over time
windows of varying sizes —decreases as the window size increases across all frequency bands, indicating that the diversity of relative
phase patterns diminishes with broader time averaging (We note that the Shannon entropy of relative phase was computed for each
channel first then averaged over all channels). Notably, the alpha band (8-12 Hz) retains its Shannon entropy over longer time scales
compared to other bands, up to approximately 100 ms (equivalent to a 10 Hz sampling rate), suggesting that 100 ms is a character-
istic time scale for its relative phase patterns. Consequently, in our main analysis, we focus on the alpha wave’s relative phase time
series downsampled to 10 Hz (equivalent to time resolution of 100ms) to examine brain-state-dependent characteristics. We further
note that increasing the downsampling rate to 50 Hz (yielding a time resolution of 20 ms) produces transition dynamics results that are
highly consistent (Figures S4 and S5).

K-means clustering of the relative phase patterns

The relative phase in the brain shows distinct patterns over time, reflecting different brain states. We found that the dynamics of the
relative phase patterns show different aspects depending on the brain states. Interestingly, these patterns are not random in
conscious states but follow specific dynamics. The K-means clustering algorithm finds dominant patterns as centroids by iteration
in a given dataset.”'"*> We performed K-means clustering to find dominant relative phase topographic patterns in the dynamics.

K-means clustering divides the given data into K clusters, a parameter that must be predetermined. To determine the optimal K for
resting state brain patterns, we evaluate the clustering performance using the Davies-Bouldin Index (DBI).%® The DBI reflects clus-
tering quality, with higher values when the average distance between the same cluster is greater than the average distance between
different clusters, otherwise lower values. After examining the DBI values across varying K values, we found that the optimal number
of clusters for the brain’s resting state is K = 4 (Figure S3A).

In the main text, we applied RPA across different groups or brain states. In the investigation, we identified universal relative phase
patterns based on resting state data. We derived four centroids using K-means clustering from two datasets: the concatenated
resting state recordings of 18 subjects from the University of Michigan (UofM), and the concatenated resting state recordings of
the Healthy Brain Network (HBN) control group (66 subjects), respectively. We excluded the NKI dataset due to noise introduced
by simultaneous fMRI-EEG recordings. Despite analyzing different datasets, we found that the same four centroids emerged
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consistently: i) front-leading/back-lagging pattern (mode 1), ii) left-leading/right-lagging pattern (mode 2), iii) right-leading/left-lagging
pattern (mode 3), iv) back-leading/front-lagging pattern (mode 4) (Figure 1B). Therefore, we analyzed relative phase dynamics using
these four centroids as the standard. We note that mode 1 and mode 4 are almost anti-symmetric to each other, as with mode 2 and
mode 3.

Linear regression using the centroids as regressors
The K-means clustering algorithm assigns every time frame to one of the four modes, even if some ambiguous frames do not closely
resemble any mode. This limitation introduces ambiguity, as frames that fall between distinct patterns are still forced into one cluster.
To address this issue, we performed multiple linear regression with the universal centroids identified with the K-means clustering®* as
regressors. Unlike K-means clustering, which provides binary assignments, multiple linear regression assigns continuous weights to
each mode for every time frame, representing the contribution of each pattern more accurately.

For every time series of relative phase topographic maps, such linear regression (taking the centroids of the K-means clustering as
the vector of regressors) can be performed. The relative phase topographic map of each time point becomes the dependent variable
y(t) (Figure 1C):

V(@) = Bi(t)- X1+ Bo(t) - Xo +&(t), (Equation 3)

where ¥ is the relative phase pattern at a given time t, Xy and X are regressors based on the previously identified centroids. The first
regressor is the centroid representing front-to-back pattern (negative of which represent back-to-front pattern), and the second vec-
tor is a centroid representing left-to-right (negative of which represent right-to-left pattern) (Figures 1C, S1B, and S1C). By observing
how the coefficients for the first and second vector (4, (t) and 3, (t) respectively) change over time, we can quantify the dominance of
each mode. € represents residuals that cannot be explained by the superposition of X1 and X.

We note that such linear regression approach is approximately equivalent to principal component analysis (PCA), and the resulting
clustering closely aligns with the K-means clustering results (Figure 1B). This equivalence arises from the inherent relationship be-
tween K-means clustering and PCA, where each principal component closely corresponds to two paired modes identified by K-
means clustering.

Quantifying brain states is challenging because both the relative phase time series and traditional measurements are calculated for
each channel. Conventional approaches often reduce the dimension of the time series by averaging the measurements across chan-
nels, even though this approach may overlook spatially specific brain activity. In contrast, our approach preserves spatial information
by focusing on temporal patterns without averaging over channels. In summary, we can obtain three distinct coefficient time series
(i.e. p1, Po, and |e]) using multiple linear regression with the universal centroids.

Principal Component Analysis (PCA) of relative phase dynamics

Principal component analysis (PCA) is a linear dimensionality reduction technique that finds the dominant axes of variation from a
given dataset.?>°° By applying PCA, we can obtain the principal components, with each component explaining a proportion of
the total variance along its corresponding axis. The inverse Participation Ratio (iPR) is defined as the following:

(Equation 4)

The inverse participation ratio (iPR) provides a measure of how unevenly variance is distributed across components: a high iPR
indicates localization onto a few dominant components, while a low iPR indicates broader participation.?”°® By inverting the iPR,
the participation ratio (PR) estimates the effective number of principal axes that significantly contribute to variance. This measure
enables direct comparison of the dimensionality of brain dynamics across states.

As described in the previous section, our linear regression approach is mathematically equivalent to principal component analysis
(PCA). When the regressors in the linear regression are chosen as the principal components of the relative phase topographic maps,
the resulting coefficients (5, (t) and f,(t) in our case) correspond to the coordinates of the relative phase topographic maps in the
principal component space. The relationship between linear regression, K-means clustering, and PCA has been previously studied
and established”’: it was shown that the centroids produced by K-means clustering approximately span the first K = 1 principal com-
ponents. The principal components closely resemble the centroids from the K-means clustering. To validate the robustness of our
findings, we applied all three methods (linear regression, K-means clustering, and PCA) and cross-checked the consistency of the
results across techniques.

Statistics over brain states

By applying multiple linear regression and comparing whether |3,] is larger than |, |, we can obtain an index for each time frame. This
index indicates the similarity to specific modes; i) mode 1 (front-leading/back-lagging, i.e. positive sign of ), i) mode 2 (left-leading/
right-lagging, i.e. positive sign of f,), i) mode 3 (right-leading/left-lagging, i.e. negative sign of f3,), iv) mode 4 (back-leading/front-
lagging, i.e. negative sign of ). Using these indices, we can construct a probability density function to calculate the mode
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distribution over different brain states. In addition, by weighting each time frame with its corresponding regression coefficient, we can
better distinguish the brain states (Figures S4C and S5C). To get the information intuitively comparing with unweighted version, we
normalize the statistics with the mean of ﬂ% +ﬁ§ in baseline (eyes-closed resting state) to reasonably compare across different brain
states in Figures S4C and S5C. This weighted approach enhances the effects of clear patterns and reduces the effects of ambiguous
patterns. In the following analyses of EEG relative phase patterns, we find that the mode distribution can distinguish different brain
states.

Furthermore, we can examine the dwell time for each mode. The dwell time refers to the time spent in a mode before transitioning to
another. The mode time series changes noisily at the boundary of each mode. By investigating the average dwell time distribution
across each mode, we can reduce the impact of these boundary effects and obtain a more accurate characterization of brain states.
In addition, we can also define the weighted dwell time by multiplying the coefficients of multiple linear regression. Please see
Figures S4C and S5C for more results from the weighted approach.

Other Measures

To validate that the relative phase approach is analogous and related to other measures, we compared it with key metrics such as
amplitude and phase-lag measures. Additionally, we compared relative phase with measures that quantify traveling wave propaga-
tion to demonstrate that our measure captures the directionality of activity. To accomplish this, we applied the relative phase and
other measures to the EEG data collected from the University of Michigan and looked at how the relationships between measures
change across different states.

For each state, we segmented the alpha-band filtered signal into non-overlapping epochs of 2 seconds (Figure S1). The measures
were then computed over these data segments. Finally, pairwise linear correlations were calculated for the time series of the mea-
sures. These correlation values were Fisher Z-transformed and averaged across subjects. P-values were calculated from these
values and corrected for multiple comparisons using the Bonferroni method.

Amplitude

To calculate the amplitude, we applied the Hilbert transform to the segmented signals and averaged the instantaneous amplitude
over each window. The amplitude time series for each channel was then averaged across the frontal and parietal regions. For the
frontal region, we selected 14 channels corresponding to the electrodes Fpz, Fp1-2, AF3-4, AF7-8, Fz, F1-4, and F7-8. Similarly,
for the parietal region, we considered the electrodes Pz, P1-8, POz, PO3-4, and PO7-8.

Phase Lag Index

As a measure of functional connectivity, we used the weighted phase-lag index (wPLI), which takes into account the strength of the
phase difference between signals and is robust to volume conduction and uncorrelated noise sources.”® The wPLI ranges from
0 (random phase lead/lag) to 1 (consistent phase lead/lag). After obtaining the wPLI matrix for all channel pairs, we averaged the
values for the frontal, parietal, and fronto-parietal regions. Additionally, we introduced a directional weighted Phase Lag Index
(dwPLI) as a measure of directional connectivity, computed from the signed wPLI (i.e., without taking the absolute value) and aver-
aged across frontal and parietal channels. A positive dwPLlI indicates that signals from the averaged region are phase-leading relative
to other areas, whereas a negative value indicates phase-lagging.

Traveling wave propagation

We calculated two measures of traveling waves using three lines of electrodes spanning from the frontal to the occipital regions.
These included one line of midline electrodes and two lines of electrodes positioned to the left and right of the midline, respectively.
First, we quantified traveling wave propagation using 2D fast Fourier transform (FFT) representations of the time-by-channel data
matrix."" The spectral peaks in the first and fourth quadrants of the 2D FFT spectra correspond to forward- or backward-propagating
waves. We took the maximum value, P4, Over spatial frequencies in the temporal frequency domain, and repeated this procedure
with shuffled electrodes to obtain a surrogate measure as Pghuffieq- The amount of waves was then calculated in decibels [dB] as 10 -
10910 (Preal /Pshutfied ), Which represents waves relative to the null distribution. The forward- or backward-propagating waves were
calculated for each electrode line, and then averaged. Additionally, we measured traveling wave propagation by calculating the
phase gradient over the three lines of electrodes.® This involved computing the relative phase across the selected electrodes and
fitting a polynomial surface to these values. For each time point, we extracted the y coefficient from the polynomial, which quantifies
the phase gradient from the frontal to the occipital electrodes.

Temporal window sensitivity

We assessed sensitivity to temporal window length by repeating all comparisons across window sizes of 0.5, 2, 5, and 10 s. K-means
clustering consistently recovered the same four canonical modes across all window sizes. Longer windows increased the dominance
and dwell times of modes 1 and 4 and attenuated the transient modes 2 and 3, reinforcing that modes 1 and 4 constitute the dominant
modes across temporal resolutions. Correlations between relative phase and other directional measures remained consistently high
(0 > 0.660) regardless of window size.

Comparison between RPA and traveling-wave measures

To quantify the relationship between RPA-derived directionality and conventional traveling-wave estimates, we compared the RPA
front-to-back mode coefficient g, (t) with the anterior-posterior phase-gradient traveling-wave measure. The traveling-wave mea-
sure was computed by estimating phase gradients along three anterior—posterior channel lines and averaging the resulting gradient
time series.
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We first computed the Pearson correlation between the two continuous time series to quantify their overall linear association. To
examine temporal alignment and possible lead-lag relationships, we then computed the lagged cross-correlation:

R S x() — X)(trr) ~ )
Xy (1) = 2 —
V() — 7St — )

where x(t) and y(t) denote the RPA and traveling-wave time series, respectively, and = denotes the temporal lag. Positive and nega-
tive lags were used to assess whether one measure systematically preceded the other.

Finally, to compare directional switching events directly, we transformed each continuous time series into a discrete transition-
event time series. Positive-to-negative transitions were assigned — 1, negative-to-positive transitions were assigned + 1, and all
non-transition time points were assigned 0. We then computed correlations and lagged cross-correlations between these transi-
tion-event time series. This analysis focuses specifically on whether RPA and phase-gradient measures identify similar directional
switching events, rather than on amplitude covariation alone (Figure S1C; Table S1).

(Equation 5)

Statistical Analysis and Computational Model

In this section, we first present the details on the statistical analysis of our results, followed by the details of the computational model.
Statistics of general anesthesia analysis

To compare mode occurrences, dwell times, and iPR across different states, we performed one-way ANOVA for each mode. For
each resampling iteration, confidence intervals were computed, and p-values were estimated as the proportion of bootstrap samples
in which the confidence interval did not contain zero. To account for multiple comparisons, p-values were adjusted using the
Bonferroni-Holm method. For the typically developed versus ADHD dataset, where the sample sizes were sufficiently large and
the difference less pronounced (typically developed = 66, ADHD = 40), we conducted statistical analyses without resampling. We
performed a two-sample t-test to compare mode occurrences and dwell times.

For the general anesthesia dataset, where sample sizes varied significantly across states (resting = 90, LOC = 15, Burst = 30, Sup-
pression = 30, ROC = 45), we also applied bootstrap resampling 1,000 times per state and compared the resampled means, in addi-
tion to the regular means shown in Figures 2B and 2C of the main manuscript. The bootstrap results were highly consistent with the
original analysis and are summarized as follows.

The occupancy rate of mode 1 changed from 31.02% (resting) to 32.40% (LOC), 28.48% (Burst), 14.64% (Suppression), and
23.01% (ROC). Mode 4 shifted from 28.02% (resting) to 24.31% (LOC), 23.22% (Burst), 20.03% (Suppression), and 34.49% (ROC).

Statistically significant differences in mode 1 occupancy rates were observed between resting and suppression states, resting and
ROC states, LOC and suppression states, LOC and ROC states, burst and suppression states, and suppression and ROC states
(one-way ANOVA test performed for all comparisons; all p-values < 0.05). For mode 4, significant differences occurred between burst
and ROC states, and suppression and ROC states (all p-values<0.05).

Mode 1 dwell time changed from 242.7 ms (resting) to 197.4 ms (LOC), 195.5 ms (Burst), 132.2 ms (Suppression), and 185.5 ms
(ROC). Mode 4 dwell time varied from 224.7 ms (resting) to 179.4 ms (LOC), 173.1 ms (Burst), 148.0 ms (Suppression), and 242.8 ms
(ROC). Significant differences in mode 1 dwell time were found between resting and burst states, resting and suppression states,
resting and ROC states, LOC and suppression states, burst and suppression states, and suppression and ROC states (all p-values
<0.05). For mode 4, significant differences were observed between resting and suppression states, LOC and suppression states,
burst and suppression states, and suppression and ROC states (all p-values <0.001).

Statistics of ADHD analysis
For the typically developing vs. ADHD dataset (typically developing = 66, ADHD = 40), we conducted statistical analyses without re-
sampling, using two-sample t-tests to compare mode occurrences and dwell times, with FDR correction for multiple comparisons.

Four our Receiver Operating Characteristic (ROC) curve analysis comparing the model based on Relative Phase Analysis (RPA)
and the theta/beta ratio (TBR) model in individual-level diagnostic prediction (Figure 4F), we used logistic regression to determine
the weights, with the diagnostic outcome as the dependent variable and the independent variables being the occurrence of mode
4, the dwell time in mode 4, and the self-transition probability from mode 4 to mode 4. We then used these weights to calculate
an assessment score for each subject based on their independent variables.

Cross-band correlation analysis

To assess whether mode dynamics reflect a single broadband phenomenon or band-specific structure, we constructed a mode-tran-
sition time series for each frequency band by assigning one of the four dominant modes to each time point and computed pairwise
correlations across bands. Non-adjacent frequency bands exhibited low correlations, indicating genuine frequency-specific struc-
ture, while neighboring bands showed only moderate similarity. Cross-band correlations were strongest at rest and substantially
reduced under general anesthesia. The same dominant spatial mode classes were detectable across all bands, with mode-pattern
correlations >0.98, while temporal dynamics and cross-band relationships remained frequency-specific, arguing against a single
broadband process.
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K-means clustering method validation

Selection of K = 4 via Davies-Bouldin Index: To determine the optimal number of clusters for resting-state brain patterns, we
evaluated clustering performance using the Davies-Bouldin Index (DBI),®® which reflects clustering quality; lower values indicate bet-
ter-separated, more compact clusters. After examining DBI values across K = 2 to 10, we found that K = 4 optimally captured the
dominant relative phase patterns during the resting state.

Universality of centroids across datasets: We identified universal relative phase patterns based on resting-state data, deriving four
centroids using K-means clustering independently from two datasets: the concatenated resting-state recordings of 18 subjects from
the University of Michigan (UofM), and the concatenated resting-state recordings of the HBN control group (66 subjects). The NKI
dataset was excluded due to noise introduced by simultaneous fMRI-EEG recordings. Despite different EEG systems and popula-
tions, the same four centroids emerged consistently: (i) front-leading/back-lagging (mode 1), (ii) left-leading/right-lagging (mode 2),
(iii) right-leading/left-lagging (mode 3), (iv) back-leading/front-lagging (mode 4). Mode 1 and mode 4 are nearly anti-symmetric to
each other, as with modes 2 and 3. These four centroids were used as the standard in all subsequent analyses.

Fuzzy C-means clustering method (FCM)

To assess whether our clustering results were robust to the use of hard assignments, we applied fuzzy C-means (FCM) clustering to
the same relative-phase maps used in the main K-means analysis.'”® FCM partitions N observations {x;} into K clusters by
minimizing

N K
Jm = D0 D uR X — el
i=1 k=1
where ujy denotes the membership of observation x; in cluster k, ¢ is the centroid of cluster k, and m > 1 controls the degree of fuzz-
iness. In the present analysis, we set m = 2. The memberships satisfy >, ux = 1 and 0 < uy < 1. Centroids and memberships
were updated iteratively according to the standard FCM update rules:

mX; -1
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We applied FCM to the eyes-closed data from 18 subjects from the University of Michigan dataset and evaluated K over the same
range used in the hard-clustering analysis (Figures S3A and S3B). FCM recovered centroids closely matching the K-means modes
and supported the same optimal K = 4. Modes 1 and 4 were nearly identical across methods (¢ > 0.99), whereas the transient modes
2 and 3 showed lower but still high correlations (> 0.66). When each time point was assigned to the mode with the highest FCM mem-
bership, 85.46% received the same label as in K-means, confirming the robustness of the hard-assignment approach.
Simulation of relative phase dynamics with Kuramoto model
To elucidate the mechanism behind the mode fluctuations, we ran simulations of relative phase dynamics using a Kuramoto model, a
well-known canonical coupled oscillator model frequently used to model large-scale cortical dynamics.”?%'%"="* Using the gener-
ated relative phase signals from the model on human cortical network, we constructed the spatially extrapolated relative phase topo-
graphic map to obtain regression coefficients (; and f,) that specify the mode distribution over different brain states, using the same
procedure for the empirical EEG data. Specifically, we focused on modeling the general anesthesia EEG data (UofM, University of
Michigan) to find the model parameters that best match the empirical statistics of the brain states including mode occurrence
and dwell time.

Structural connectivity data. The structural and function connectome data was collected from 70 healthy individuals on a 3T scan-
ner.''® We used a group-averaged structural network generated with a consensus approach''® which preserve the edge length dis-
tribution in individual participants, described in detail elsewhere.*®"""""'8 |n particular, we used the network with 114 regions. The
structural matrix was further binarized, yielding a binary adjacency matrix of size 114 by 114 specifying the connectivity between
brain regions (represented by the matrix A; in Figure 5). This matrix was then used to specify the connection between nodes in
the Kuramoto model, explained below.

Kuramoto model. To simulate the phase signals of individual regions on the brain network, we utilized a Kuramoto model with a
generalized coupling function that includes a constant term (cp), which results in a more realistic first order approximation of
many coupling functions obtained from the phase reduction method.****""? The model is written as:

de, N . .

i w,-+S]Z_;A,-,- [co +sin(g; — 6 — 7)], (Equation 6)
where 6; is the phase of the oscillator i, w; is the intrinsic frequency of the oscillator, S is the global coupling strength, A is the binary
adjacency matrix of the network (1 if connection exists between node j and j, 0 otherwise), and 7 is the phase shift term between two
nodes capturing the transmission delay between regions. c( is a constant that results from the first-order approximation of the
coupling function. Seen in another way, this term can be thought of as a natural consequence of incorporating diffusive coupling
in limit cycle oscillators.*®:°”:%%7° For all of our simulations, we set » = 10Hz for all nodes to focus on the alpha band frequency,
and r = 0.12z, which approximately translates into the average time delay between brain regions.
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Ornstein-Uhlenbeck (OU) and other stochastic processes in cq. The previous study has shown that inclusion of the cq parameter in
the coupling function of oscillators results in a rich repertoire of phase dynamics, especially relevant to the transitions between two
distinct and dominant modes in the brain: one in which high-degree midline cortical regions phase-lag the network becoming sink of
the directionality, and one in which they phase-lead the network and becoming source of the directionality.®® To simulate the signals,
we assumed that the brain exhibits random fluctuations in the ¢y parameter. The stochastic dynamics were specified with the
Ornstein-Uhlenbeck (OU) process, '“° a commonly adopted framework for implementing time-varying random noise.'#'~'#> Formally,
the OU process for our variable of interest x; (= co at time t) is described as:

ax; = — w(x — p)dt +odWs, (Equation 7)

where y is the parameter controlling for the rate of drift toward the constant x which specifies the mean of the process, and ¢ is the
parameter controlling the variance of the Gaussian noise dW;. While u could be a free parameter, we set ;. = sin(z) for all simulations
as this corresponds to the in-phase synchronous state.

To explore other potential random dynamics in cq that might account for the observed relative phase dynamics, we tested two
additional stochastic processes involving pitchfork bifurcations. More specifically, the supercritical case was described by its normal
form involving third-order term, with the variable centered at u as follows:

dxe = —y(r(x —p) — (x — p)°)dt+odW;, (Equation 8)

where r > 0 is the parameter controlling the distance between the two stable fixed points (Figure S6B). Note that the two stable fixed
points appear only when r>0."%°
For the subcritical case, an additional fifth-order term was included to stabilize the dynamics as follows:

e = —w(r — u) + (x — ) — (x — u)°)dt+odW,, (Equation 9)

where r is a parameter bounded between — 0.25 <r <0 to allow for two stable fixed points (Figure S6B). For all simulations, we chose
r = 0.1 for the supercritical case and r = — 0.18 for the subcritical case to allow for two stable fixed points on both sides of u =
sin(co), namely, the attractors states for mode 1 and 4 (Figure S6A).

Parameter estimation using grid search. To estimate the parameters of the stochastic processes, we ran simulations of Kuramoto
oscillators with stochastic processes in cq for 60s with a time step of At = 0.001 (for a total of 60,000 time steps). This was repeated
for 10 unique random seeds, and the resulting mode occurrences and dwell time were averaged. We used grid search to run sim-
ulations with the given values of y, o (step size of 0.5), and the coupling strength S (step size of 0.1), and selected the set of parameters
which exhibited the minimum mean absolute error from the empirical mode occurrences and dwell times.
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