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ARTICLE INFO ABSTRACT

Keywords: Recent findings indicate that neural representations of behaviors are distributed throughout the brain. These
Brain-wide distribution distributed neural representations are likely to accompany the transmission of behavioral information across
EEG

large-scale brain regions, often mediated by the propagation of brain oscillations. Yet, it remains unknown
whether the brain-wide patterns of oscillatory amplitude can represent more naturalistic behaviors, and whether
they are related to the brain-wide patterns of oscillatory propagation. Using an open human electroencephalo-
gram (EEG) dataset recorded during video-game play (behaviors: shooting, collecting, crashing), we introduced
activation states, momentary brain-wide patterns derived from oscillatory amplitude envelopes. The results
showed that brain-wide patterns of activation states reliably predicted the likelihood of each behavior during
gameplay, and cross-validated decoding recovered behavioral occurrence from single-trial brain-wide activation
patterns. We then quantified large-scale oscillation propagation using the temporal consistency of propagation
directionality. We found that the spatial patterns of propagation consistency were strongly correlated with
concurrent brain-wide patterns of activation states, indicating that where oscillation amplitudes spatially
organize, propagation organizes similarly across the whole brain. Together this study shows novel findings that
(1) distributed EEG amplitude patterns are predictive enough to decode naturalistic behavior and (2) large-scale
propagation provides a complementary signature that tracks the same brain-wide organization. From these re-
sults, we propose a Dual-State Oscillation Model (DSOM) engaging coupled brain-wide activation states
(amplitude organization) and propagation states (directional transmission), which may provide a novel frame-
work for linking distributed neural representations to large-scale communication dynamics to elucidate how
brain networks coordinate naturalistic behaviors.
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1. Introduction and Koenig, 2018). Individual EEG microstates reflect certain behavioral

states during task performance, including mental arithmetic (Kim et al.,

Accumulating evidence in neuroscience research indicates that
neural representations of various behaviors span widespread regions of
the brain (Kaplan and Zimmer, 2020; Westlin et al., 2023). For instance,
neural representations of various cognitive functions, such as percep-
tion, movement, decision-making, and working memory, are each
distributed across large-scale brain areas (Stringer et al., 2019; Stein-
metz et al., 2019; Salkoff et al., 2020; Staudigl et al., 2022; for reviews,
see Gothard, 2020; Wang, 2022).

In the perspective of neural oscillations, it has been known that
brain-wide patterns of the oscillatory amplitude are related to behaviors.
One well-known example can be found in the microstates of scalp
electroencephalogram (EEG), which represent a finite number of spatial
patterns of the EEG oscillatory amplitudes over the whole brain (Michel
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2021), audiovisual information integration (Wang et al., 2025), and the
Stroop tasks (Barzon et al., 2024).

In particular, the naturalistic behavioral task maps from various
behavioral information to different brain-wide patterns, because natu-
ralistic behavior involves multiple cognitive processes that can induce
multiple brain-wide patterns of neural activity (Samara et al., 2023).
However, EEG microstates are difficult to apply for data recorded during
naturalistic behavior, since naturalistic behaviors typically occur arbi-
trary timings whereas EEG microstate computation depends only on
peak timings of EEG global power, leading to mismatches between these
two timings. Therefore, it is necessary to devise a novel method based on
oscillatory amplitudes that can afford any timings of occurrence of
naturalistic behaviors.
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Meanwhile, brain-wide representations of behavior suggest that
behavioral information should be effectively transmitted across distant
brain areas. One proposed mechanism for this transmission is the
propagation of brain oscillations-also known as traveling waves-which
can mediate neural information transmission across brain areas (Rubino
et al., 2006; Bhattacharya et al., 2022; Zabeh et al., 2023; for reviews,
see Bauer et al., 2020; Kohn et al., 2020; Vinck et al., 2023). Recent
traveling wave studies using human electrocorticography (ECoG) and
EEG have explored how oscillatory propagation supports behavioral
information transmission (for ECoG studies, see Zhang et al., 2018; Stolk
et al., 2019; Halgren et al., 2019; Kleen et al., 2021; Mohan et al., 2024;
for EEG studies, see Alamia and VanRullen, 2019; Pang et al., 2020;
Alamia et al., 2020, 2023). For instance, in the human EEG studies,
bottom-up visual information transmission through EEG oscillatory
propagation is facilitated by visual stimulation (Pang et al., 2020) or
psychedelic drug injection (Alamia et al., 2020).

Moreover, studies have revealed that local oscillatory propagation
within a brain area is closely related to local oscillatory amplitudes. The
strength of oscillatory propagation-often measured by spatial consis-
tency of propagation directions over adjacent brain locations-is posi-
tively correlated with local oscillatory amplitudes in non-human
primate local field potentials (LPFs) (Denker et al., 2018) and human
ECoG (Das et al., 2022). However, for the human scalp EEG with stan-
dard electrode placement, such measurement of oscillatory propagation
strength is limited due to low spatial resolution. Instead, temporal
consistency of oscillatory propagation directions, which represents
sustained oscillatory propagation in a particular period of interest, can
characterize EEG oscillatory propagation, leveraging the high temporal
resolution of EEG. Our prior study revealed that temporal consistency of
local oscillatory propagation is positively correlated with local oscilla-
tory amplitudes in human scalp EEG (Sihn and Kim, 2024). However,
previous investigations have only focused on local brain regions, leaving
open the question of how brain-wide patterns of oscillatory amplitude
and oscillatory propagation interact with each other.

This study aims to investigate whether the brain-wide patterns of
EEG oscillatory amplitudes can represent naturalistic behaviors. As EEG
microstates are limited to be used for naturalistic behaviors, we propose
a novel measurement of brain-wide patterns of oscillatory amplitudes
based on the envelope of amplitudes. Specifically, we define putative
oscillatory “activation states” according to the envelope of oscillatory
amplitudes: active and inactive states. Then, we examine brain-wide
patterns of these oscillatory activation states over the whole EEG
channels. Also, we aim to examine the relationship between brain-wide
patterns of the oscillatory active states and those of the temporal con-
sistency of oscillatory propagation directions during naturalistic be-
haviors. Note that the envelope of oscillatory amplitudes used in the
proposed activation states are preferred over the relative values of
oscillatory amplitudes as used in microstates, when relating brain-wide
patterns of oscillatory amplitudes to those of the temporal consistency of
oscillatory propagation directions. For instance, the temporal consis-
tency of oscillatory propagation directions can be simultaneously
increased over whole brain regions. In this case, the relative values of
oscillatory amplitudes cannot represent such patterns of temporal con-
sistency as the gradient-like patterns of relative values cannot represent
the uniform pattern of temporal consistency having no gradients. In
contrast, the proposed activation states relaying on the absolute values
of the envelope of oscillatory amplitudes can be mapped to any pattern
of the temporal consistency of oscillatory propagation directions.

Various spatiotemporal characteristics of EEG has been widely used
in the decoding of brain activity, including power spectrum, functional
brain network, and neural manifold. For instance, periodic-aperiodic
EEG measurements were developed to refine local EEG oscillatory
amplitude and were used to validate the neural effects on acupuncture
stimulation (Yu et al., 2024). While this method offers insights into
refining our definition of "activation states" it is not optimized for
measuring oscillatory amplitude that varies in the time domain,
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requiring further adjustment for its use. In addition to local EEG am-
plitudes, functional networks based on phase synchronization extracted
from brain-wide EEG channels are altered by acupuncture stimulation or
Alzheimer’s disease (Yu et al., 2018; Yu et al., 2020). Because functional
networks reflect EEG spatial patterns, temporal changes in functional
networks can be seen as representing spatiotemporal features of neural
information, similar to what we described using "activation states" in our
study. However, the relationship between functional networks and
brain-wide patterns of oscillatory amplitudes remains unclear. Recent
studies use low-dimensional representations of EEG (i.e., neural mani-
folds) to decode external events (Yu et al., 2025). While, in principle,
“activation states” can also be transformed into low-dimensional rep-
resentations, due to the non-discrete nature of low-dimensional dy-
namics, it is necessary to further analyze relationships between the EEG
oscillatory amplitude and the temporal consistency of EEG oscillatory
propagations. Since temporal consistency could be defined on a definite
domain, it can be directly calculated on discrete domains.

In this study, we used oscillatory amplitude to define “activation
states” for neural representations of naturalistic behavior. Although
oscillatory amplitude has been considered as a primary aspect of EEG
oscillations, there are other types of information sources in EEG oscil-
lations: frequency and phase (for a review, see Buzsaki et al., 2012). The
reason why we adopt oscillatory amplitudes to define “activation states”
was that not only they are traditionally considered as the primary aspect
but also supported by many recent studies with the evidence that they
can represent behaviors (Kim et al., 2021; Alasfour et al., 2022; Barzon
et al., 2024; Yu et al., 2024; Bonstrup et al., 2025; Wang et al., 2025).
However, the frequency information was also considered together in this
study; “activation states” were separately defined in several frequency
bands and were independently explored for the relationship with
naturalistic behaviors. Furthermore, the phase information was used as
a measure of oscillatory propagation, which was compared to “activa-
tion states”.

For the investigation of naturalistic behaviors, we analyzed a pub-
licly available dataset (Cavanagh and Castellanos, 2021) that consists of
63-channel scalp EEG recorded during video game play (Cavanagh and
Castellanos, 2016). Behaviors observed in this video game play, such as
pressing a missile launch button, collecting a star or an ammo box,
crashing into wall or enemy, are more naturalistic than typical,
well-controlled behaviors. These behaviors are not confined to a trial
structure considered as statistically one sample, but rather are naturally
occurring behaviors. Also, these behaviors are volitional without any
external cues that are typically operationalized in controlled behaviors.
Therefore, these behaviors are inherently naturalistic behaviors, rather
than traditionally controlled ones. For some, playing video games may
not be a daily activity, but rather a special behavior performed only in
special circumstances. However, recent research has also determined
behavior during video game play to be naturalistic (Alasfour et al.,
2022). We tested whether the brain-wide patterns of oscillatory acti-
vation states could predict the likelihood of different naturalistic be-
haviors during video game play. Then, we compared these brain-wide
patterns with those of the temporal consistency of oscillatory
propagation.

2. Materials and methods
2.1. Dataset

In this study, we analyzed a publicly available dataset (Cavanagh and
Castellanos, 2021), which can be accessed at: https://openneuro.
org/datasets/ds003517/versions/1.1.0. This dataset consisted of
63-channel EEG recorded during video game play. The EEG data of 17
healthy participants (6 females) were included in this dataset. Partici-
pants were 29.94 x 5.02 years old on average. For 45 min, participants
played the video game during which they drove a spacecraft, shoot
missile to enemy spacecrafts, and avoided obstacles. When participants
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played the video game, the events of 6 particular behaviors were
recorded as follows: 1) “Missile launch button”, 2) “Collect star”, 3)
“Collect ammo box”, 4) “Crash into wall”, 5) “Crash into enemy”, and 6)
“Missile hit enemy”. The 63-channel EEG was recorded using the acti-
CHamp amplifier (actiCHamp, Brain Products GmbH, Germany) at a
sampling rate of 500 Hz (Cavanagh and Castellanos, 2016).

2.2. EEG processing

Before applying the EEG artifact removal procedure, raw data un-
derwent bandpass filtering at 0.5-50 Hz with a finite impulse response
(FIR) filter (the order of 14 s). Then, eye-movement artifacts were
removed by the Independent Component Analysis (ICA). The remaining
artefacts were removed by the Artifact Subspace Reconstruction (ASR)
procedure.

Afterward, we applied the surface Laplacian filtering to mitigate the
volume conduction, using the CSD toolbox (Kayser and Tenke, 20064,
2006b; Kayser, 2009). We set the parameters for CSD as m = 4 and
A=107%, according to common setups in previous research on EEG os-
cillations (Tenke et al., 2011; Sihn et al., 2023; Sihn and Kim, 2024).

After the surface Laplacian filtering, we isolated delta, theta, alpha,
and beta oscillations from the EEG data, using a FIR filter at 1-3 Hz, 4-7
Hz, 8-12 Hz, and 15-25 Hz, respectively. Filter orders were 7, 1.75,
0.875, and 0.4667 s, respectively. These bandpass-filtered data under-
went Hilbert transform to extract both the oscillatory amplitude enve-
lope and the oscillatory phase. After Hilbert transformation, EEG data
was downsampled to 100 Hz. Note that we did not extract gamma os-
cillations since the envelope and phase of gamma oscillations in the
scalp EEG recording are relatively unreliable due to vulnerability to
noise.

2.3. Oscillatory activation state

We defined an oscillatory activation state based on the envelope of
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oscillatory amplitudes. For each frequency band, an oscillatory activa-
tion state at time t was active if the amplitude envelope at time t
exceeded the median of amplitude envelopes for each participant during
the whole period of video game play. Otherwise, it was defined as
inactive. The state value was assigned to 1 for an active state, and —1 for
an inactive state (Fig. 1A).

Next, we defined the brain-wide pattern of “active/inactive states”.
For each frequency band, we gathered multidimensional oscillatory
activation states, where each dimension indicated each EEG channel, at
every time point from all participants. Then, the k-means clustering
algorithm was applied to these aggregated multidimensional oscillatory
activation state data. The number of clusters (K) was varied from 2 to 10
according to previous studies on brain-wide patterns of oscillatory
amplitude (Michel and Koenig, 2018; von Wegner et al., 2024; Tarailis
etal., 2024). Then, for each participant, every time point was assigned to
one of the clusters (Fig. 1B). Note that the clusters were formed across
participants, comparable to the methods in previous studies
(Gutierrez-Barragan et al., 2022; Michel and Koenig, 2018). A difference
from previous studies was that the number of states in this study was
fixed to 2: active and inactive states.

2.4. Oscillatory propagation analysis

To analyze EEG oscillatory propagation for each frequency band, we
measured Local Phase Gradient (LPG) based on oscillatory phases
(Fig. 2A and 2B), formed as a 3-dimensional vector (Sihn and Kim,
2024). Let t be a time, ch be an EEG channel of interest, and chn be a
neighboring channel of ch, where we used the nearest 8-channels. We
represented left-right, anterior-posterior, and superior-inferior axes as
LR, AP, and SI, respectively. Let uxy be an unit vector along with XY axis,
where XY € {LR, AP, SI}. Let 6(ch,t) be an oscillatory phase at channel
ch at time t. Let P(ch) be a 3-dimensional coordinate for the channel
position. We calculated Af(chn,t) = 6(chn,t) — 6(ch,t), and APxy(chn) =
Pxy(chn) — Pxy(ch) for each chn where Pxy indicates an 1-dimensional
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Fig. 1. Illustrations of EEG oscillatory activation states. (A) EEG oscillatory activation states were defined by the envelope of oscillatory amplitudes in a specific
frequency band: active or inactive state if the envelope amplitude was higher or lower than median. Binary values of 1 and —1 were assigned to active and inactive
states, respectively. (B) Brain-wide patterns of activation states from multidimensional oscillatory states (active state:= 1; inactive state:= —1), where each dimension
indicates each EEG channel. The k-mean clustering algorithm was applied to group brain-wide patterns of activation states into K clusters. In the example here, K = 5.
For each participant and frequency band, a brain-wide pattern at every time point belongs to one of the clusters.
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Fig. 2. Illustrations of EEG oscillatory propagation. (A) Example oscillatory phases. (B) Example local phase gradient (LPG) which quantifies the oscillatory
propagation, and was calculated based on oscillatory phases. In A and B, each dot indicates each EEG channel. L, R, A, and P indicate left, right, anterior, and
posterior, respectively. (C) Illustration of propagation strength: two different the median LPGs were obtained from time intervals when activation states belonged to a
given cluster and from the whole time period that participants play the video game (“all times™). Propagation strength was defined as the ratio of participants-
averaged median LPG lengths in decibels. It represented temporal consistency of oscillation propagation directionality.

coordinate for the channel position corresponding to XY axis. Let
pxy(ch, t) be a Pearson correlation between Aé(chn,t) and APxy(chn) for
each chn. Then, an LPG at channel ch and time t was given by (Fig. 2B):

LPG(ch,t) = pig(ch, t)uir + pap(ch, t)uap + pg(ch, t)ug;. (€D)]

The length of LPG was determined by pyy(ch, t), indicating that it
represents the directional coherence of oscillatory propagation among
neighboring channels rather than the propagation speed. If oscillatory
propagation is consistent over a time interval, the directions of LPGs
during that interval become consistent, making the aggregate of those
LPGs would be larger. Therefore, we represented the temporal consis-
tency of oscillatory propagation by the median value of LPGs. We
calculated the median vector of LPG over time intervals with a certain
condition:

belonged to a given cluster was calculated using equation (4) as shown
in Fig. 2C.

2.5. Relation of brain-wide patterns of oscillatory activation states with
behaviors

2.5.1. Prediction of the likelihood of behaviors from brain-wide patterns of
oscillatory activation states

As each cluster represents each brain-wide pattern of oscillatory
activation states, we calculated the relative frequencies of individual
clusters for each participant and frequency band. Let ¢ index a cluster
and N(c) be the number of appearances of the cluster ¢ during the video
game play. Then, the relative frequency (RF) of the cluster ¢ was given
by:

mLPG(ch) = median{LPG(ch, t) | t belongs to time intervals with a certain condition}. )

The length of median LPG was obtained by:
LmLPG(ch)=|| mLPG(ch)|, 3

Where || -||2 is an Euclidean norm. It reflected the temporal consis-
tency of oscillatory propagation in a way that the larger the length was,
the more temporally consistent oscillatory propagation was. The con-
dition could vary depending on the purpose of oscillatory propagation
analysis. Specifically, the condition could be oscillatory activation states
(i.e., active vs. inactive) or the cluster of them.

As temporal consistency could indicate the strength of oscillatory
propagation, we defined “propagation strength” at a channel ch under a
certain condition using LmLPG(ch) as:

LmLPG(Ch)conon. @

ALmMLPG(ch) o
LmLPG(ch)

= 20log

condition
whole

where (-) represents the average across participants. LmLPG(ch).ongition
is the length of median LPG obtained from all time intervals when a
given condition was met, and LmLPG(ch),;,, is that from the whole
period of video game play. For instance, when the condition was the
cluster of activation states, propagation strength when activation states

N(c)

_— 5
(L/K)Y N ®

RF(c) =

where K denotes the number of clusters. The RF(c) was normalized such
that the aggregate value across the clusters was equal to 1.

In the next step, we calculated the RF of behavior in association with
the cluster for each participant and frequency band. Let b index a
behavior and N(b,c) be the number of occurrences of the behavior b
when a cluster ¢ appeared during the video game play. The RF of the
behavior b in association with the cluster ¢ was given by:

_ N(b, c)
(1/K)> ¢ N(b, ¢)

Again, we normalized RF(b; c) such that the aggregate value across
the clusters was equal to 1.

Then, we examined dependency of the occurrence of the behavior b
on the cluster c. If the occurrence of b was unrelated to c, the occurrence
rate of b in association with the cluster ¢ was expected exactly by the
duration of c¢. Thus, RF(b; c) would be equal to RF(c). On the other hand,
if the occurrence of b was influenced by ¢, RF(b; c) would be higher or

RE(b;c) 6)
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lower than RF(c). Therefore, we measured a change in the RF of the
behavior b in association with the cluster c as:

RF(b;c)
RF(c) '

ARF(b; c) = 20log,, 7)

This measure was represented as the decibel (dB) unit. The null
hypothesis that the appearance of ¢ does not affect the occurrence of b
means RF(b; ¢) = RF(c), making ARF(b;c) = 0. The alternative hy-
pothesis that the appearance of c affects the occurrence of b means
RF(b; c) # RF(c), making ARF(b;c) # 0. As such, we statistically evalu-
ated the change in the RF of the behavior b in association with the cluster
c using the two-tailed Wilcoxon signed rank test. For multiple compar-
ison, a p-value was false discovery rate (FDR)-corrected over behaviors
and clusters.

2.5.2. Decoding behavior from brain-wide patterns of oscillatory activation
states

Here, we examined whether the brain-wide patterns of oscillatory
activation states could encode behaviors. We conducted this examina-
tion via a decoding analysis, in which we attempted to discriminate
oscillatory activation states according to behaviors. We aggregated all
multidimensional oscillatory activation states from the periods of a
certain behavior. We also averaged them over the periods of behavior-i.
e., the mean activation state of the behavior. We performed two different
decoding analyses.

First, we discriminated oscillatory activation states for a given fre-
quency band occurring along with behavior, denoted as S, here, from
those occurring at random timings, denoted as S,q,4. Let MSp,, be a mean
oscillatory activation state vector of Sy, over the whole periods of the
behavior. The dimensionality of these state vectors was equal to the
number of EEG channels. We built a simple decoder to yield output as:

BehaVi0r7 lf Sbeh'Msbeh > Srand'MSbeh
Random, otherwise.

O1(Sheh, Srand) = { (8

The decoding accuracy was set to the ratio of the number of times the
output was “Behavior” over the total number of decoding trials.

Second, we classified oscillatory activation states in each frequency
band into one of the 6 behaviors. Let Sy be an oscillatory activation
state vector occurring along with the ith behavior, and MSy.;) be a mean
oscillatory activation state vector of the jth behavior. A decoder pro-
duced output as:

O2(Sheniy) = argmj(_lxsbeh(i) “MSpey(j)- (C)]

All decoding analyses were performed following 2-fold cross-
validation.

2.6. Relations between the brain-wide patterns of oscillatory activation
state and oscillatory propagation

To analyze whether the brain-wide patterns of the oscillatory acti-
vation states were related to those of oscillatory propagation, we
examined the relationship between the multidimensional oscillatory
activation states and the multidimensional temporal consistency of
oscillatory propagation directionality. To this end, we aggregated all
multidimensional oscillatory activation states on the time intervals
belonging to a certain cluster, and averaged them over time and par-
ticipants-i.e., the mean oscillatory activation state of that cluster. Next,
we aggregated all LPGs at a given EEG channel (ch) during time intervals
belonging to the same cluster, and calculated the median LPG, denoted
as MLPG(ch) .- (see equation (2)). We calculated the propagation
strength under the condition of belonging to the cluster as (see equation
(4) and Fig. 2C):
| mLPG(ch) yser

cluster | I 2 (10)

ALmLPG(ch _—_—
( ) H ’n'LPG(Ch)whuleHz

= 20log,,

cluster
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We represented a brain-wide pattern of oscillatory propagation by
the vector of these propagation strength values from all channels. Then,
we concatenated K vectors of the mean oscillatory activation state across
the clusters, where K is the number clusters, and repeated it for the
propagation strength. Then, we computed Pearson’s correlation coeffi-
cient between this pair of concatenated vectors. We statistically evalu-
ated the resulting correlation coefficient using a permutation test. To
this end, a surrogate LPG was generated by either spatial or spatio-
temporal permutations of EEG channels. The spatial permutation shuf-
fled channels while preserving temporal patterns of LPG. In contrast, the
spatiotemporal permutation shuffled both channels and temporal pat-
terns of LPG. The number of surrogate LPGs was 1000.

3. Results

We first confirmed the existence of the relationship among the
oscillatory amplitude, the oscillatory propagation, and behaviors in
local brain regions using the data studied here. For these preliminary
results, see supplementary materials.

3.1. Brain-wide patterns of oscillatory activation states represent
behaviors

We investigated the appearance of each cluster of the brain-wide
pattern of oscillatory activation states, in association with naturalistic
behavior. We first observed that the mean oscillatory activation states
for each cluster showed distinct brain-wide patterns (see Fig. 3A for an
example of theta oscillations with the number of clusters set to 5). The
analysis of the RF change of each behavior in association with clusters
(see equation (6)) revealed that the occurrence of each behavior
significantly depended on the appearance of clusters (Wilcoxon signed
rank test, p < 0.05, FDR corrected, Fig. 3B). For the example in Fig. 3B,
when the cluster 1 appeared, all the behaviors but the behavior 4
occurred less frequently. The occurrence of the behavior 4 was inde-
pendent of the cluster 1. When the cluster 2 appeared, the behaviors 1, 2,
3 and 6 occurred more frequently whereas the behaviors 4 and 5
occurred less frequently. When the cluster 3 appeared, the behaviors 1
and 6 occurred more frequently whereas the other behaviors were in-
dependent of the cluster 3. When the cluster 4 appeared, all the be-
haviors occurred less frequently. When the cluster 5 appeared, all the
behaviors occurred more frequently. When we randomly permuted the
occurrence timing of clusters and reanalyzed the RF change of each
behavior in association with clusters, behavior-cluster relationships
observed in the original data above disappeared (Figure S4).

For each frequency band (delta, theta, alpha and beta) and cluster
count (K), we measured the proportion of significant associations be-
tween behaviors and clusters. Specifically, we calculated the ratio of
significant RF changes to the total number of combinations between
behaviors and clusters. For the example in Fig. 3, there were 30 com-
binations of behaviors and clusters in total, among which the number of
significant changes was 25, yielding the ratio of 83.33 %. The resulting
ratios for all frequency bands and cluster counts were shown in Fig. 3C.
Higher ratios of RF changes were observed in lower-frequency bands for
all cluster counts. Remarkably, over 70 % of 60 combinations of be-
haviors and clusters showed significant associations even when the
number of clusters increased to 10 in the brain-wide patterns of theta
oscillations. In contrast, few significant associations were observed in
those of higher-frequency bands such as beta oscillations. The results of
RF changes demonstrated that the likelihood of the occurrence of
naturalistic behaviors during video game play was dependent on the
brain-wide patterns of oscillatory activation states, particularly in delta
and theta bands.

Next, we conducted a series of decoding analyses to predict the
occurrence of individual behaviors from the brain-wide patterns of
oscillatory activation states. In the first decoding analysis, we discrim-
inated the brain-wide patterns of oscillatory states during each behavior
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Fig. 3. The likelihood of various behaviors was significantly dependent on the brain-wide coactivity pattern of oscillatory states. (A) An example of brain-
wide activity patterns. The distributions on EEG channels for the mean oscillatory activation state when the frequency band was set to theta oscillations and the
number of clusters was 5. (B) The relative frequency of behavior in the case of A. Each dot indicates each participant and each bar indicates the median of the relative
frequency of behavior. Asterisks indicate the statistical significance (two-tailed Wilcoxon signed rank test, N = 17, FDR-corrected p < 0.05). Behaviors 1 to 6
represent: {“Missile launch button”, “Collect star”, “Collect ammo box”, “Crash into wall”, “Crash into enemy”, and “Missile hit enemy”}. (C) The ratio of significantly
changed behavior. The significant change of behavioral occurrence indicates that the likelihood of the behavior was significantly dependent on the brain-wide

pattern of oscillatory activation states.

from those at random timings using the mean oscillatory activation
states of each behavior (see Fig. 4A). For every frequency band and
behavior, decoding accuracies were significantly higher than the chance
level (one-tailed Wilcoxon signed rank test, N =17, p < 0.05) (Fig. 4B).
We further inspected whether this discrimination of behavior-related
patterns from random ones was specific to behaviors. In other words,
we tested whether the decoding model discriminated brain-wide pat-
terns related to any kind of behavior or those related to a particular
behavior. Therefore, we performed an additional cross-behavior
decoding analysis by building a decoding model (equation (8)) using
the training data for one behavior (called ‘model behavior’) and
applying it to the test data for another behavior (called ‘sample
behavior’). The result showed that decoding accuracy was relatively
higher when the same behavior was used for both training and testing, as
shown in Fig. 4B, than when different behaviors were used for training
and testing respectively, in most cases of cross-behavior decoding (see
Figure S5). It demonstrated that the discrimination of behavior-related
activation states from randomly occurring ones was specific to
behaviors.

In the second decoding analysis, we classified the brain-wide pattern
of oscillatory states into one of the six behaviors, again using the mean
oscillatory activation state of individual behaviors. The rates of

correction classification were significantly higher than the chance level
(approximately 0.166) for: the ond (“Collect star”) and 5t (Crash into
enemy) behaviors in delta oscillations, 4th (“Crash into wall”) and 5th
behaviors in theta oscillations, 3 (“Collect ammo box™), 4™ apd 5t
behaviors in alpha oscillations, and 3rd, 4™ and 5™ behaviors in beta
oscillations, respectively (one-tailed Wilcoxon rank sum test, p < 0.05)
(Fig. 4C). The classification of the 1% (“Missile launch button”) and 6%
(“Missile hit enemy”) behaviors did not exceed the chance level. These
results revealed that the brain-wide pattern of oscillatory activation
states could encode multiple naturalistic behaviors.

3.2. Brain-wide patterns of oscillatory activation states and oscillatory
propagation

Next, we investigated the relationship between the brain-wide pat-
terns of oscillatory activation states and those of the temporal consis-
tency of oscillatory propagation directionality. We observed marked
resemblance between the spatial pattern of oscillatory activation states
and that of the propagation strength-i.e., cluster-conditioned temporal
consistency of oscillatory propagation— in each cluster (see Fig. 5A, top
and middle-upper for an example of alpha oscillations with the number
of cluster set to 5). Such resemblance survived spatial permutation
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(Fig. 5A middle-lower), but disappeared after spatiotemporal permuta-
tion (Fig. 5A bottom).

The correlation analysis across clusters revealed high correlations for
every frequency band and cluster count (Pearson correlation, N = 63 x
the number of clusters) (Fig. 5B). The mean CC over different cluster
counts was 0.85 in delta, 0.88 in theta, 0.92 in alpha and 0.91 in beta,
respectively. Positive correlations indicated that the propagation
strength increased as mean oscillatory states became more active. The
CCs from the original data were significantly higher than those from
spatiotemporal permutated surrogate data for every frequency band and
cluster count (Permutation test, p < 0.05). Furthermore, for most cases,
the CCs from the original data were significantly higher than those from
spatially permuted surrogate data (Permutation test, p < 0.05) (Fig. 5B).

4. Discussion

In this study, we investigated how the brain-wide patterns of EEG

oscillations related to the likelihood of naturalistic behaviors occurring
during video game play. To characterize the brain-wide patterns in
specific frequency bands, we defined the activation states of oscillations
based on the envelope of oscillatory amplitudes, with states classified as
active when the envelope exceeded the median and inactive otherwise
(Fig. 1). Then, we clustered whole-channel activation states to derive
brain-wide patterns, analogous to finding EEG microstates. The results
revealed that the likelihood of the occurrence of particular behaviors
was associated with the brain-wide patterns of oscillatory activation
states (Fig. 3). Stronger associations were observed in lower-frequency
oscillations (delta and theta) compared to higher-frequency ones
(alpha and beta). Further decoding analyses supported this association,
revealing that behavioral occurrences could be inferred from the brain-
wide oscillatory activation patterns (Fig. 4).

Our finding is consistent with previous studies using microstates or
the hidden Markov model (HMM). For example, studies have shown that
the brain-wide patterns of oscillatory states, which were either
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< 0.05).

microstates or latent states inferred from HMM, were associated with
behavioral performance of reasoning or motor imagery (Zappasodi
et al., 2019; Liu et al., 2024). Other studies revealed that the brain-wide
patterns of oscillatory microstates or transient states were associated
with various neurological and psychiatric disorders such as schizo-
phrenia, major depressive disorder, Alzheimer’s disease, Parkinson’s
disease, and consciousness disorders (Soni et al., 2019; Li et al., 2023;
Lian et al., 2021; Lamos et al., 2023; Bai et al. 2021). In line with the
previous studies, this study demonstrated that the brain-wide patterns of
oscillatory activation states represented naturalistic behaviors. Since
microstates could not be employed for such behaviors that occurred
naturally with no controlled timings, we developed oscillatory activa-
tion states to find brain-wide patterns.

In the aforementioned studies of EEG microstates and HMM
(Zappasodi et al., 2019; Liu et al., 2024), including our study, the rela-
tionship between behaviors and brain-wide “coactivity” patterns was
inferred through clustering algorithms. Among these studies on

“coactivity” patterns, our study uniquely deals with naturalistic behav-
iors (Fig. 3). If it is possible to dissect naturalistic behaviors as a com-
bination of specific behavioral information, we can interpret our results
as the consequence of a combination of previous findings on brain-wide
“coactivity” patterns. However, such dissection remains elusive for
naturalistic behaviors studied here, hindering direct alignment of our
result on previous ones. On the other hands, the relationship between
naturalistic behaviors and brain-wide “channel-wise average” patterns
has been investigated. For instance, a recent study on naturalistic motor
behaviors, such as “phone lifting”, “spiral drawing”, and “typing”, re-
ported the representation of these behaviors in the brain-wide amplitude
patterns of theta, alpha, and beta oscillations in EEG (Bonstrup et al.,
2025). These results are comparable to our results that brain-wide
“channel-wise average” patterns represented different gameplay be-
haviors, which varied across EEG oscillations (Fig. 4A). Since both
studies include naturalistic “motor” behaviors, our results are partly in
line with the results of previous study. Moreover, a recent intracranial
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EEG (iEEG) study showed that brain-wide patterns of the amplitudes of
high gamma activity can be decoded into naturalistic behaviors such as
“engaging in dialogue” and “using electronics” (Alasfour et al., 2022).
This result is comparable to our result that different behaviors could be
decodable from brain-wide “channel-wise average” patterns (Fig. 4C),
together indicating distinctive brain-wide “channel-wise average” pat-
terns during different behaviors.

Several brain-wide EEG features have been used in decoding neural
information, for examples, power spectrum (Yu et al., 2024), functional
brain network (Yu et al., 2020), and neural manifold (Yu et al., 2025).
This ability of decoding EEG features can provide a basis for EEG-based
brain-computer interface (BCI) systems. When one designs BCIs to
translate EEG patterns into naturalistic behaviors, the features of
brain-wide patterns may have a more flexibility than traditional features
for decoding naturalistic behaviors; since the number of naturalistic
behaviors may be varied. In this circumstance, our method could be
applied to decoding naturalistic behaviors through adjusting the optimal
number of clusters in accordance with the number of behaviors. How-
ever, EEG microstates can also be used equally for this purpose, as they
have been used in decoding neural information such as speech percep-
tion and neuropsychological biomarkers (Duc and Lee, 2020; for a re-
view, see Asha et al., 2024). Nonetheless, the advantage of our method
over EEG microstates lies in the connection between brain-wide acti-
vation patterns and oscillatory propagations (Fig. 5), which will enrich
the number of features available for decoding. As such, to build BCI
systems for naturalistic behavior, we may propose a model that uses
both brain-wide activation and oscillatory propagation patterns. This
model might be advantageous in decoding more complex naturalistic
behaviors using a larger number of brain-wide "coactivity" patterns and
have abundant propagation patterns.

Recent findings that neural representations of various behaviors are
distributed throughout the whole brain (Kaplan and Zimmer, 2020;
Westlin et al., 2023) indicate that neural information of behaviors needs
to be transmitted throughout the brain. Since the propagation of brain
oscillations mediates neural information transmission (Rubino et al.,
2006; Bhattacharya et al., 2022; Zabeh et al., 2023; Vinck et al., 2023),
we examined the relationship between the brain-wide patterns of
oscillatory propagation with those of oscillatory activation states. To
this end, we characterized EEG oscillatory propagation at each channel
using local phase gradients and defined propagation strength that rep-
resented temporal consistency of propagation directionality (Fig. 2). We
found high correlations (0.85 ~ 0.92) between the brain-wide patterns
of propagation strength and those of oscillatory activation states in
every frequency band (Fig. 5). Furthermore, we also found that the
directionality of local oscillatory propagation was related to behavioral
information processing (Figure S3).

The temporal consistency of oscillatory propagation directionality
increased when the oscillatory state was active. This means that
increased oscillatory amplitudes might support persistent oscillatory
propagation in a particular direction. It is noteworthy that although we
defined active/inactive states simply based on the median of amplitude
envelopes, which seemed somewhat arbitrary, these states could
correspond to neural information processing represented by the oscil-
latory propagation. Previous studies also reported that high-amplitude
states promote the spatial consistency of oscillatory propagation in
monkey local field potential (LPF) (Denker et al., 2018) and human
ECoG (Das et al., 2022). Taken together, high-amplitude “active states”
—i.e., synchronized neuronal units- may support spatio-temporally
consistent oscillatory propagation. As the brain-wide patterns of acti-
vation states were closely related to the likelihood of behaviors (Figs. 3
and S3), the generation of brain oscillations from synchronized neuronal
units may be related to the propagation of neural information of
behaviors.

The high correlations between the brain-wide patterns of propaga-
tion strength and those of oscillatory activation states observed in the
original data did not reduce much when the data were spatially
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permuted, but drastically reduced when spatiotemporally permuted
(Figure S6). This indicates that when surrogate LPGs were generated by
shuffling channel locations through spatial permutation, destroying
neighborhood of original EEG channels while preserving temporal
structures, temporal consistency of propagation directionality did not
decrease substantially. It implies that propagation strength defined in
this study might be more dependent on temporal structure of LPGs than
spatial phase relations. Nonetheless, correlation coefficients from the
original data were still significantly higher than those from spatially
permuted data (Fig. 5B). It verifies the existence of significant coupling
between oscillatory amplitudes and propagation directionality at a
brain-wide level.

Gap junctions between inhibitory interneurons are thought to play a
key role in the generation of these brain oscillations (Szabadics et al.,
2001; Roopun et al., 2006; Phookan et al., 2015). Since these gap
junctions connect interneurons of the same type within a cortical layer
(Hestrin and Galarreta, 2005; Coulon and Landisman, 2017), brain os-
cillations may arise independently across layers. Such layer-specific
brain oscillations could propagate though the brain to independently
transmit distinct streams of behavioral information. This view is sup-
ported by evidence that brain oscillations in different frequency bands
preferentially dominate separate cortical layers (Gieselmann et al.,
2022), suggesting frequency-specific contribution of brain oscillations to
behavior. Therefore, neural information of individual behaviors would
be transmitted independently throughout the brain via the propagation
of layer-, and frequency-specific brain oscillations.

In this study, we observed that low-amplitude, inactive oscillatory
states reduced the temporal consistency of oscillatory propagation
(Figs. 5 and S3). Such reductions in amplitude, reflecting desynchroni-
zation of neuronal activities, may indicate a distinct brain function
beyond the mere propagation of behavioral information. One possibility
is that disinhibition of interneurons can weaken oscillatory amplitudes,
facilitating information transfer between distinct neuronal populations

A Dual-state oscillation model
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Fig. 6. Dual-state oscillation model for behavioral information process-
ing. (A) During high amplitude “active state”, i.e., a period that a large portion
of neurons are synchronized, behavioral information is propagated throughout
the brain. During low amplitude “inactive state”, i.e., a period that a large
portion of neurons are desynchronized, various bodies of behavioral informa-
tion are interchanged among them. (B) Different behaviors have different brain-
wide patterns of oscillatory states, which are combinations of “active state” and
“inactive state” in many brain areas.
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(Wang and Yang, 2018; Guet-McCreight et al., 2020). This mechanism
could relate to mixed selectivity, in which a single neuron encodes
multiple types of information (Rigotti et al., 2013; Aoi et al., 2020; Fusi
et al., 2016; Gothard, 2020). From this perspective, inactive oscillatory
states may support transient information exchange across different
neural domains presumably related to different behaviors. Building on
these, we propose a “dual-state oscillation model (DSOM),” in which
active-state oscillations support the propagation of specific behavioral
information across brain areas, whereas inactive-state oscillations
enable information interchange between different neural populations
within a local area (Fig. 6A). The brain-wide patterns of oscillatory
activation states observed in this study may therefore reflect distributed
neural information processing including both global information prop-
agation and local information exchange for integrating behavioral in-
formation (Fig. 6B).

In sum, we defined “activation states” based on oscillatory ampli-
tudes and obtained brain-wide patterns of them. In fact, these brain-
wide patterns represented the global patterns of local oscillatory
amplitude levels. The high and low local amplitude levels corresponded
to active and inactive states, respectively. The active state corresponds
to the state that pyramidal neurons are synchronized by concurrently
activated inhibitory interneurons with gap junctions (Szabadics et al.,
2001; Roopun et al., 2006; Phookan et al., 2015). Since neurons are
synchronized, neural information transferred by those neurons could
easily be propagated to other regions, as demonstrated by the present
study (Fig. 5), as well as the previous studies (Denker et al., 2018; Das
et al., 2022). In contrast, the inactive state corresponds to the state that
inhibitory interneurons are inhibited so that pyramidal neurons are
disinhibited and thus desynchronized. As a result, the information
propagation between regions is limited, which is observed by the limited
oscillatory propagations in the present study (Fig. 5) as well as the
previous ones (Denker et al., 2018; Das et al., 2022). Instead, informa-
tion interchange between other populations of pyramidal neurons is
facilitated by disinhibition (Wang and Yang, 2018; Guet-McCreight
et al., 2020), which would result in mixed-selectivity in which a single
neuron encodes multiple types of information (Rigotti et al., 2013; Aoi
et al., 2020; Fusi et al., 2016; Gothard, 2020).

For the active and inactive states, the key players are inhibitory in-
terneurons with gap junctions that connect interneurons of the same
type within a cortical layer (Hestrin and Galarreta, 2005; Coulon and
Landisman, 2017), inducing functionally separated populations in each
cortical layer. The combination of activation states of these populations
across the brain regions and cortical layers can be expressed as a
behavioral state, since the brain function can be considered partially
localized (Béna and Goodman, 2025) and the combination of these
differently localized behavioral functions could represent various be-
haviors. This combination corresponds to each brain-wide pattern of
activation states, which was shown to be related to naturalistic behav-
iors in this study (Figs. 3 and 4). It is noteworthy that both brain-wide
patterns of activation states and EEG microstates are based on EEG
oscillatory amplitude. However, since EEG microstates are defined
solely on the peaks of global field power (Michel and Koenig, 2018), it
lacks the explanation of a state low amplitudes in every brain region. In
contrast, the brain-wide patterns of activation states can accommodate
all types of combinations so as to represent putatively a variety of
behaviors.

4.1. Limitations

As this study basically investigated relationships among brain-wide
patterns of oscillatory states, oscillatory propagation and behavioral
performances, no comprehensive model for brain-wide patterns and
behavioral information processing is provided. Future studies may
elaborate on the comprehensive understanding of how brain-wide pat-
terns of oscillatory states lead to certain behavioral performance.

In addition, this study used fixed frequencies for all individuals and
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brain regions to effectively control the frequency range of EEG oscilla-
tions. However, it is generally known that the central frequency of EEG
oscillations varies across individuals and brain regions (Haegens et al.,
2014). Therefore, future studies could replicate the results of this study
by using differentiated frequencies for each individual and brain region.

Finally, the volume conduction problem of scalp EEG could lead to a
wrong interpretation of spatial patterns of active/inactive states.
Although we minimized the volume conduction effect through surface
Laplacian filtering, it may not be sufficient to rule out the effect
completely. Future studies using neuroimaging methods of high spatial
resolution such magnetoencephalography (MEG) may address the vol-
ume conduction issue more appropriately.

4.2. Conclusions

In this study, we demonstrated that the brain-wide patterns of EEG
oscillatory activation states, derived from oscillatory amplitude enve-
lope, could represent naturalistic behaviors occurring during video
game play. We also showed high correlations between the brain-wide
patterns of oscillatory activation states and those of oscillatory propa-
gation directionality such that oscillatory propagation became more
persistent when oscillatory state was more active. Based on these key
findings, we proposed a dual-state oscillation model (DSOM) to depict
neural processing of naturalistic behavior. In DSOM, behavioral infor-
mation would be propagated inter-regionally during active states while
being interchanged between neuronal populations intra-regionally
during inactive state. As naturalistic behavior involves various cogni-
tive and affective processes recruiting diverse neural assemblies over the
whole brain, the brain-wide patterns of oscillatory activation states may
help to illuminate neural correlates of naturalistic behavior effectively.
Moreover, we anticipate that examination of the brain-wide patterns of
oscillatory activation states together with DSOM may offer a unique
means to diagnose the brain functions in people with neurological dis-
orders in naturalistic daily environments.
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