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Abstract

Cooperation and competition are two basic modes of human interaction. Their underlying neural mechanisms, especially
froman interpersonal perspective, have not been fully explored. Using the electroencephalograph-based hyperscanning tech-
nique, the present study investigated the neural correlates of both cooperation and competition within the same ecological
paradigm using a classic motion-sensing tennis game. Both the inter-brain coupling (the inter-brain amplitude correlation
and inter-brain phase-locking) and the intra-brain spectral power were analyzed. Only the inter-brain amplitude correlation
showed a significant difference between cooperation and competition, with different spatial patterns at theta, alpha and
beta frequency bands. Further inspection revealed distinct inter-brain coupling patterns for cooperation and competition;
cooperation elicited positive inter-brain amplitude correlation at the delta and theta bands in extensive brain regions, while
competition was associated with negative occipital inter-brain amplitude correlation at the alpha and beta bands. These
findings add to our knowledge of the neural mechanisms of cooperation and competition and suggest the significance of
adopting an inter-brain perspective in exploring the neural underpinnings of social interaction in ecological contexts.
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Introduction

Cooperation and competition are two basic modes of human
social interaction (Decety et al., 2004). While cooperation
involves the process by which a group of people strive for a
common goal, competition entails the process by which each
person strives for his or her own goal, even at the expense of
others (Deutsch, 1962; Vonk, 1998). Both processes, however,

similarly emphasize the monitoring of both one’s own and oth-

ers’ actions, as well as adopting a specific mental set (Johnson

and Johnson, 1989; Decety et al., 2004). Due to their fundamen-

tal importance in human daily life, understanding cooperation
and competition has been one of the main goals since the birth

of modern psychology, and research results have been widely

applied inmany fields, such as education, business and industry
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(Piaget, 1950; Vygotsky, 1978; Bandura, 2000; Johnson et al.,
2013).

Research on the neural mechanisms of cooperation and
competition has been greatly facilitated by the rapid develop-
ment of hyperscanning methods over the past two decades
(Montague et al., 2002; Babiloni and Astolfi, 2014; Mu et al.,
2018; Zhang, 2018; Redcay and Schilbach, 2019). Hyperscanning
methods address the exploration of neural mechanisms from
an inter-brain perspective by simultaneously recording and ana-
lyzing brain activities from multiple persons, making it ideal
for studying interactive, social processes such as cooperation
and competition. Due to the broad conceptual coverage of coop-
eration and competition, the related laboratory-based studies
fall into two main branches with different research focuses.
While one branch has explored interactive decision-making
using paradigms such as the trust game (e.g. investor–trustee
game and the prisoner’s dilemma; Fallani et al., 2010; Hu et al.,
2018; Zhang et al., 2019) and the builder game (Liu et al., 2015,
2017; Špiláková et al., 2020) to introduce cooperative or com-
petitive conditions, the other branch has focused on behavioral
coordination, in which participants are instructed to (mainly
cooperatively) perform specificmotor tasks in order tomaximize
their team’s action performance (Cui et al., 2012; Yun et al., 2012;
Cheng et al., 2015; Mu et al., 2016; Hu et al., 2017). By analyzing
the coupling of neural activities across multiple brains, findings
from these inter-brain studies have highlighted the involvement
of the mentalizing system both in interactive decision-making
and in behavior coordination, such as the right temporopari-
etal junction (Dumas et al., 2010; Bilek et al., 2015) and the right
inferior frontal gyrus (Saito et al., 2010). Although these findings
are largely consistent with psychological theories and previous
single-brain studies for cooperation and competition (Decety
et al., 2004; Hari and Kujala, 2009; Stanley and Adolphs, 2013;
Tsoi et al., 2016), the inter-brain approach is believed to provide a
unique added value to promoting the understanding of coopera-
tion and competition (Liu and Pelowski, 2014; Schoot et al., 2016;
Mu et al., 2018; Redcay and Schilbach, 2019). Specifically, the
inter-brain coupling over thementalizing regions during cooper-
ation and competition suggests a similarity of the neural activ-
ities among interacting partners for a shared representation of
the interactive and interpersonal processes.

Meanwhile, emerging research is employing naturalistic
paradigms outside the laboratory to further explore the neural
mechanisms of cooperation and competition in typical real-
world social interaction scenarios. For instance, researchers
have conducted hyperscanning studies during music perfor-
mance (Lindenberger et al., 2009; Sänger et al., 2012; Müller et al.,
2013), teamwork of pilots and co-pilots (Astolfi et al., 2011; Toppi
et al., 2016), social games (e.g. Jenga and card games; Babiloni
et al., 2006; Astolfi et al., 2010; Liu et al., 2016), etc. The rich con-
textual information in these paradigms is expected to simulate
social interactions in daily life that integrate the cognitive pro-
cesses of both interactive decision-making and behavior coor-
dination. While similar findings to the laboratory-based studies
have been reported, these studies with naturalistic paradigms
further highlight the functional importance of the mentaliz-
ing regions for social interaction in high ecological, real-world
settings.

However, most of the abovementioned studies have inves-
tigated the neural mechanisms of either cooperation or
competition. This was achieved by contrasting the inter-brain
neural activity patterns in the cooperation/competition condi-
tionwith those of a non-cooperation/non-competition condition
(i.e. independent tasks; Astolfi et al., 2011; Hu et al., 2017;

Miller et al., 2019) or by constructing a permutation condition by
calculating inter-brain patterns from randomly shuffled multi-
personal data (e.g. Pan et al., 2018; Nastase et al., 2019; Špiláková
et al., 2020). Therefore, it could be argued that the between-
condition differences were not uniquely devoted to the neural
processes of cooperation or competition. Alternatively, the dif-
ferences could reflect the neural mechanisms related to social
interaction in general, as the degrees of social interaction were
highly likely to be reduced in the contrasting conditions, leading
to possible effects such as the decrease of a general atten-
tion level. As both cooperation and competition are similarly
demanding in their degrees of social interaction, contrasting
the two conditions is expected to identify neural coupling pat-
terns that are more specific to human social functioning, such
as self–other monitoring and interpretations (De Cremer and
Stouten, 2003; Decety and Sommerville, 2003; Sommerville and
Hammond, 2007). Nevertheless, it is challenging to simultane-
ously introduce comparable conditions to effectively represent
cooperation and competition, especially for naturalistic scenar-
ios with high ecological validity. For instance, while the defi-
nition of cooperation is clear and straightforward in the music
performance context, it is not feasible to concurrently define a
meaningful ‘competitive’ condition.

Despite the challenge, there were a few inter-brain stud-
ies with both cooperation and competition conditions simul-
taneously included. Using social games (e.g. Jenga) as well
as customized computer games that either focus on interac-
tive decision-making (the trust game and the builder game) or
behavior coordination (key press), these studies have reported
involvement of distinct brain regions, mainly the frontal and
parietal cortex, when contrasting the inter-brain neural coupling
patterns between cooperation and competition (Fallani et al.,
2010; Cui et al., 2012; Liu et al., 2015, 2016, 2017; Špiláková
et al., 2020). Most of these studies, however, havemainly focused
on the hemodynamic signature using functional magnetic reso-
nance imaging (fMRI) or functional near-infrared spectroscopy
(fNIRS) techniques, with limited explorations on the electro-
physiological signature. Nonetheless, electrophysiological tech-
niques such as electroencephalograph (EEG) have been one of
the most popular approaches in inter-brain studies, and the
EEG could provide rich spectral information about how inter-
brain neural coupling is achieved. Although not directly related
to cooperation and competition, existing EEG-based inter-brain
studies have generally reported increased neural coupling dur-
ing effective social interaction conditions compared to non-
interactive controls. Neural couplings in the theta and alpha
bands are commonly reported, although delta, beta and gamma
band couplings have also been observed (Babiloni and Astolfi,
2014).

The neural mechanisms of inter-brain neural coupling could
be further promoted by EEG techniques by decomposing EEG sig-
nals into their amplitude and phase components, which have
been demonstrated to play distinct roles in a variety of human
cognitive functions (Klimesch, 2012; Engel et al., 2013; Fries,
2015; Zhang et al., 2017a). In single-brain studies, phase response
has been related to top-down information exchange between
global and local neuronal networks (Sauseng and Klimesch,
2008), whereas amplitude response has been suggested to reflect
the excitability of local neural assemblies (David et al., 2005;
Klimesch et al., 2007). In contrast, the possible functional sig-
nificance of amplitude and phase in inter-brain studies remains
to be elucidated. While some studies have reported inter-brain
phase alignment during social interaction scenarios such as
joint guitar playing (Lindenberger et al., 2009; Sänger et al., 2012),
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coordinated finger movement (Dumas et al., 2010; Yun et al.,
2012), joint key press (Mu et al., 2016) and the prisoner’s dilemma
(Hu et al., 2018), other studies have found inter-brain amplitude
correlations to be related to real-time emotional experiences
(Ding et al., 2021), duet piano performances (Zamm et al., 2018)
and joint movements (Kawasaki et al., 2018). As inter-brain stud-
ies addressed amplitude and phase responses from a completely
different perspective as compared to the single-brain studies, it
is necessary to reinterpret the functional meanings of these two
types of responses before reaching any conclusions.

The present study aimed to investigate the neural mecha-
nisms of both cooperation and competition within the same
ecological paradigm. The paradigm was designed based on the
classic motion-sensing video game Wii Sports Tennis, which is
one of the best-selling video games and is popular among play-
ers of varying ages (Collins, 2007; Hartenstein, 2007; Kolan, 2007).
It was expected to fully immerse the participants in a state of
cooperation or competition, involving not only their behavior
coordination but also interactive decision-making. The required
movement in the video game was much less intense than that
in real tennis games, making it suitable for simultaneous EEG
recording. The difference between cooperation and competition
was inspected by analyzing both inter-brain amplitude correla-
tion and phase alignment. The contrast of the EEG patterns from
the cooperation and the competition conditions in the proposed
ecological gaming paradigm is expected to provide more direct
evidence for the neural mechanisms underlying cooperation
and competition. Following previous studies with both cooper-
ation and competition conditions (Fallani et al., 2010; Cui et al.,
2012; Liu et al., 2015, 2016, 2017; Špiláková et al., 2020), between-
condition inter-brain coupling difference was expected to be
observed within the mentalizing regions but likely to be more
localized, with the general social interaction factors controlled.
The inter-brain couplings were hypothesized to occur mainly
in the theta and alpha bands, as they were most frequently
reported in previous EEG studies (Babiloni and Astolfi, 2014). No
clear hypothesis regarding the involvement of amplitude and
phase responses was formulated due to the limited evidence to
date. Any discovery would promote our understanding of the
neural mechanisms of cooperation and competition.

Materials and methods

Participants

Sixty healthy adults (30 dyads, all male, 21.8±2.4 years
[mean±S.E.]) participated in the study. The sample size was
determined according to previous EEG hyperscanning studies
on competition and cooperation (e.g. Fallani et al., 2010; Mu
et al., 2016; Balconi and Vanutelli, 2018; Hu et al., 2018) and
well exceeds the median sample size in previous hyperscanning
studies (33 participants, Reinero et al., 2020). The participants
were college students from Tsinghua University with normal
or corrected-to-normal vision. All dyads, except one, were not
familiar with each other before the experiment. All participants
provided written informed consent and were paid for their par-
ticipation. The studywas conducted in accordancewith the Dec-
laration of Helsinki, and the protocol was approved by the local
ethics committee at the Department of Psychology, Tsinghua
University.

Paradigm and procedure

The classic motion-sensing video game Wii Sports Tennis
(Nintendo, Japan) was used in the present study. The game was

run on the Nintendo Wii console and displayed on a 22-inch
monitor (DELL, USA), and the sound was played by the moni-
tor’s loudspeaker. Two participants each participated in tennis
doubles matches as companions or opponents with the other
two players controlled by computer, constituting the coopera-
tion and the competition conditions, respectively. The partici-
pants controlled their avatars to play in the virtual tennis field.
Specifically, the racket swinging actions of the avatars were con-
trolled by the participants using a motion-sensing controller
(Wii Remote Controller). The direction, strength and timing of
the swings could be well expressed by the avatars. The move-
ment of the avatars, however, was automatically determined by
the computer to follow the tennis ball as well as possible.

Two out of the four avatars were controlled by human par-
ticipants and the other two were controlled by the computer.
The two participants stood side-by-side in front of the moni-
tor and used their right hands to operate the motion-sensing
controllers. The distance from the participants to the monitor
was approximately 2m, with a 2m spacing between the partic-
ipants. In the cooperation condition, the two participants were
assigned to the same team, playing against a team consisting of
two computer-controlled avatars. In the competition condition,
the two participants were assigned to different teams, playing
against each other with their computer-controlled companions.
The two conditions are expected to be comparable in terms of
their degrees of social interaction, as the participantsmade their
moves under the same rules in similarly competitive ‘tennis
game’ atmospheres. In both conditions, the game was played in
a two-on-two doubles mode, with the same scoring rules con-
sistent with actual tennis matches. Specifically, a team needs to
score four points to win a game. The first three points are dis-
played as 15 (one point), 30 (two points) and 40 (three points),
and the fourth would result in the winning point and the end
of that game. If the scores were 40–40, this would be known as
deuce. When a game reaches deuce, the player must then win
by two clear points. For each match in this study, the experi-
menter selects from sets of either three or five games. Amatch is
won if a team canwin at least two (three) games in a three-game
(five-game) set. Unlike real tennis, thematch ends after winning
the requisite number of games. The experimental paradigm is
illustrated in Figure 1.

The experiment was carried out in a normal office space.
Upon arrival, two participants first completed four question-
naires to assess their basic dispositional traits related to cooper-
ation and competition, including the Basic Empathy Scale (BES;
Jolliffe and Farrington, 2006), the Brief Aggression Questionnaire
(BAQ;Webster et al., 2014), the Cooperative/Competitive Strategy
Scale (CCSS; Simmons et al., 1988) and the Achievement Motive
Scale (AMS; Nygård and Gjesme, 1973). The BES is a 20-item self-
reporting measure designed to assess empathy, i.e. a person’s
ability to understand and share in the emotional experiences of
others. Each item is scored on a five-point ordinal scale (ranging
from 1 [strongly disagree] to 5 [strongly agree]). The internal
consistency of BES in this study, as measured by Cronbach’s
alpha coefficient score, was acceptable (α=0.72). The 12-item
BAQ is a short form of the most commonly used trait aggres-
sion measure, the 29-item Buss–Perry Aggression Questionnaire
(Buss and Perry, 1992). Participants completed the BAQ by rat-
ing their agreement with each statement along a 1 (strongly
disagree) to 5 (strongly agree) response scale. The internal con-
sistency of BAQ in this study was acceptable (α=0.72). The AMS
was used to assess achievement motives. It consists of 30 items
that indicate perceived affect in achievement situations. Sub-
jects reply bymeans of a scale ranging from 1 (strongly disagree)
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Fig. 1. Experimental paradigm. (A) Screenshot from the competitive condition: the screen was divided into left and right parts, each of which presented one par-

ticipant’s main view. (B) A photo of two participants playing the game while their electroencephalographs were recorded. (C) Illustration of the cooperation and

competition conditions.

to 4 (strongly agree). The internal consistency of AMS in this
study was good (α=0.86). The 19-item CCSSmeasures themoti-
vation to use competitive or cooperative strategies to achieve
success. Each item is followed by five response options rang-
ing from always (5) to never (1). The internal consistencies for
the Cooperative Strategy subscale and the Competitive Strategy
subscale in this study were α=0.59 and 0.73, respectively.

Next, the experimenter explained the paradigm and con-
ducted a brief demonstration of theWii Sports Tennis game. The
participants were given a practice session of 20min (10min for
each participant) to play in tennis doubles mode independently
(i.e. each participant was teamed with a computer-controlled
companion against two computer-controlled opponents). To
reduce interfering muscle activity, participants were instructed
to restrict their body movements as much as possible and
avoid extreme facial expressions. Additionally, oral communi-
cation between the participants was not allowed. The formal
experiment started after the practice session. The experiment
consisted of two sessions, one for cooperation and one for com-
petition. The order of the two sessions was counter-balanced
across the participant dyads. Within each session, the dyad
first played multiple three-out-of-five matches. Only when the
experimenter considered the remainder of that session insuffi-
cient for a complete three-out-of-five match did they switch to a
two-out-of-three match. Each session lasted for approximately
10–20min, depending on the progress of these matches.

During the formal experiment, the participants’ EEGs were
recorded by two wireless EEG amplifiers and a web camera was
used to record the game screen at 30 frames per second. Before
the start of the formal experiment, three consecutive pure-tone
beep sounds at 1000Hz (duration: 1000ms; inter-beep interval:
1500ms) were played by a computer. The beep sounds were

recorded by the camera and input to the trigger device of the
EEG amplifier, serving as the event marker to synchronize the
EEG recordings of both participants, as well as the game screen
recordings.

EEG recording and data preprocessing

EEG signals of the dyad were recorded simultaneously using
two wireless EEG amplifiers (NeuSen.W32, Neuracle, China) at
a sampling frequency of 250Hz. EEG signals were recorded from
32 electrodes arranged according to the international 10–20 sys-
tem (Fp1/2, Fz, F3/4, F7/8, FC1/2, FC5/6, Cz, C3/4, T3/4, CP1/2,
CP5/6, Pz, P3/4, P7/8, PO3/4, PO7/8, Oz, O1/2), with the reference
at CPz and a forehead ground at Fpz. Electrode impedances were
kept below 10 kOhm for all electrodes throughout the experi-
ment. Due to technical issues during data recording, four dyads’
EEG datawere incomplete and rejected. Data from 26 dyadswere
used for data analysis.

The EEG data were first bandpass filtered to 0.1–40Hz and
then subjected to an artifact rejection procedure using indepen-
dent component analysis (ICA). Independent components (ICs)
with large weights over the frontal or temporal areas, together
with a corresponding temporal course showing eye movement
or muscle movement activities, were removed. The remain-
ing ICs were then back-projected onto the scalp EEG channels,
reconstructing the ICA-cleaned EEG signals. On average, 1–2 ICs
were rejected per participant. The EEG data of the cooperation
and competition sessions were then extracted. The beginning
of a session was defined as the moment at which ‘Start’ first
appeared on the screen, and the ending was defined as the
moment atwhich ‘WiiSports’ was displayedwhen one of the two
teams won the last match.
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As playing the motion-sensing game was likely to induce
more transient artifacts due to instantaneous movements, a
further artifact rejection procedure was performed on the
ICA-cleaned EEG signals. Specifically, the EEG data were
segmented into 1 sec non-overlapping epochs, which were visu-
ally inspected for outliers that were different from the major-
ity in mean, standard deviation, minimum or maximum. The
time duration of 1 sec was decided to minimize the impact of
transient artifacts on data rejection and maximize the propor-
tion of data to be retained. This is especially important in the
context of inter-brain analysis, which was only possible when
clean data were available at the same moments from both
participants. The above artifact rejection procedure was per-
formed using the manual artifact rejection function provided
in the FieldTrip Toolbox (Oostenveld et al., 2011). On average,
81.2% epochs (ranging from 78.8% to 83.7%) were retained per
dyad. Figure 2 illustrates one typical EEG segment before and
after the abovementioned artifact rejection procedure. A com-
plete overview of the data quality is provided in Supplementary
Figure S1.

To explore the possible functional role of different oscilla-
tory frequency bands, the ICA-cleaned data were then band-
pass filtered into four frequency bands, namely delta (1–5Hz),
theta (5–8Hz), alpha (8–14Hz) and beta (14–30Hz). The filtered
data were then segmented into 1 sec epochs, and the above
epoch-based rejection decisions were applied to these filtered
epochs.

Behavioral data analysis

The recorded game video was inspected by the experimenter,
and the game events were manually coded. The average point
length (a point starts at one serve and ends when a point
is scored) in different social contexts was calculated for all
dyads to provide evidence for the occurrence of valid coopera-
tive/competitive interactions during the experiment.

EEG data analysis

Inter-brain coupling was assessed by computing the inter-brain
amplitude correlation and inter-brain phase-locking (phase
alignment) between the data epochs filtered at the four fre-
quency bands of all dyads. The filtered signals at these bands
could be considered as narrow-band signals, for the well-
established similarity of brain activities within each band.
Accordingly, a number of studies have applied Hilbert transform
on EEG signals at these classical bands and more insights have
been gained on the possible role of the oscillatory activities for a
variety of cognitive functions (Ng et al., 2012; Pérez et al., 2017;
Assaneo and Poeppel, 2018; Goldstein et al., 2018; Ding et al.,
2021).

Specifically, these data epochs were subjected to a Hilbert
transform

ξ(t) = x(t)+ jh(x(t)) (1)

where t is time, x(t) represents EEG data, h(x(t)) represents its
Hilbert transform and j is the imaginary unit. Thus, the instan-
taneous amplitude A(t) and the instantaneous phase ϕ(t) are

A(t) =
√

(x(t))2 + h(x(t))2 (2)

ϕ(t) = tan−1
(
h(x(t))
x(t)

)
(3)

The above formulae were applied to the EEG data of all chan-
nels from all participants, at all the four frequency bands, for all
epochs.

Inter-brain coupling was then computed as follows. The
inter-brain amplitude correlation (termed as AmpCorr) was
obtained by calculating the Pearson’s correlation coefficient
between the EEG amplitudes of two channels (j, k) within an
epoch:

AmpCorrnj,k = r
(
An
j ,A

n
k

)
(4)

where n is the epoch index. AmpCorr varies between −1 and
1. High AmpCorr values indicate synchronous amplitude fluc-
tuations at the specific frequency band between two channels
in a specific epoch. AmpCorr can detect synchrony between
channels independent of phase coherence, thus presenting a
promising metric for assessing inter-brain correspondence of
amplitude dynamics between individuals in social interactions
(Zamm et al., 2018).

Inter-brain phase-locking was assessed using the phase-
locking value (PLV), which was calculated as the consistency of
phases between two channels (j, k) over time:

PLVn
j,k = T−1

∣∣∣∣∣∑
T

ei(φj(t)−φk(t))

∣∣∣∣∣ , (5)

where T is the number of time points within the epoch. PLV
varies between 0 and 1; 0 indicates randomly dispersed phases
and 1 indicates fully phase-locked oscillations between two
channels in a specific epoch. Note that PLV is an amplitude-
independent measurement as it assigns a constant unit ampli-
tude for each epoch.

Inter-brain amplitude correlation and inter-brain phase-
locking were estimated by examining PLV and AmpCorr for all
the matched-channel pairs (i.e. the same channel from the two
EEG datasets) from all dyads, at all the four frequency bands,
and for all epochs. Fisher’s Z-transformation was performed on
the correlation coefficients to generate a normal distribution,
after which the inter-brain coupling was averaged across all the
epochs within each context.

To examine whether these neural measures could differenti-
ate cooperation fromcompetition, paired t-testswere performed
on the within-dyad averaged inter-brain amplitude correlation
and phase-locking values in the two conditions across all dyads,
separately for all the channels at the four frequency bands. To
account for multiple comparisons, a non-parametric cluster-
based permutation test was applied (Maris and Oostenveld,
2007; Sassenhagen and Draschkow, 2019). For each frequency
band, the statistics results from the t-tests were spatially clus-
tered and compared with a permutation distribution to iden-
tify significant channel clusters. Specifically, clusters were first
formed if two or more neighboring channels showed signifi-
cant differences (P<0.05) in AmpCorr or PLV between the two
conditions; cluster-level statistics (cluster-t) were then defined
as the sum of the t-values of all channels within a given clus-
ter. Next, a permutated distribution of the cluster-t values was
generated by temporally shuffling the data epochs. Specifically,
the data epochs within each condition per dyad were randomly
matched by shuffling the temporal order of epochs for one par-
ticipant while keeping that of the other. Inter-brain couplings
were computed based on the randomly matched data (sepa-
rately for the two types of EEG components at the four frequency
bands). The shuffling was repeated 5000 times and the same
statistical clustering procedure as described above was applied
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Fig. 2. An illustration of one typical electroencephalograph segment before and after the artifact rejection procedure. Vertical dashed lines indicate onset and offset

of the epochs. The eye-movement artifacts at the frontal channels and the muscle artifacts at the temporal and occipital channels were largely removed by ICA. The

two epochs with still extensive artifacts after ICA were manually identified and rejected.

on these shuffled data to obtain a permutation distribution of
the cluster-t values. A cluster would be considered as significant
only if its cluster-level statistics were significantly larger (posi-
tive t-statistics) or smaller (negative t-statistics) than the cluster-
level statistics calculated from the permutated data at the 0.05
level. The cluster-based permutation test was performed for the

dyad EEG data separately for the four frequency bands and the
two types of EEG components (AmpCorr and PLV).

In addition, an intra-brain analysis was performed by calcu-
lating the relative spectral power of the four bands (compared to
the summed spectral power of all four bands) and comparing the
spectral power values in a way similar to that described above.
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Note that inter-brain phase alignment could not be computed at
the intra-brain level for the present dataset.

Since only the inter-brain amplitude correlation showed a
significant difference between the two conditions (see Results),
further statistical tests were applied to explore whether the
inter-brain amplitude correlation in each of the two conditions
could significantly differ from a permutated baseline condi-
tion. To this end, the inter-brain amplitude correlations in
cooperation or competition conditions were tested against zero
(one-sample t-test), and the formed clusters were subject to
a similar cluster-based permutation procedure as introduced
above (i.e. permutated data generated by the temporally shuffled
dyad EEG epochs).

Subsequently, to explore the possible behavioral relevance of
the inter-brain neural coupling, Pearson correlation coefficients
were calculated between the significant inter-brain signatures
and the dyad-level dispositional trait. Significant inter-brain sig-
natureswere obtained as themean values of the inter-brain cou-
pling results from all the channels within a significant cluster.
The dyads’ mean questionnaire scores were taken to represent
the dyad-level dispositional trait (Liu et al., 2017).

In the aforementioned data analysis, the EEG signals from
the two interacting players were analyzed in a ‘synchronous’
way by temporally aligning the two EEG signals with a zero lag,
as done in many previous studies on cooperation and competi-
tion (Lindenberger et al., 2009; Sänger et al., 2012; Müller et al.,
2013; Sinha et al., 2016; Balconi and Vanutelli, 2017, 2018; Liu
et al., 2017). This ‘synchronous’ strategy was selected as the two
playerswere equally engaged in the game by design, herebywith
no clear leader–follower relationships. Nevertheless, the inter-
brain phase-locking could capture non-zero-lag relationships if
there were consistent phase delays between the two signals.
Although the inter-brain amplitude correlation was conducted
with zero lag, it was expected to be less sensitive to short tempo-
ral delays, as the amplitude response of the oscillatory activities
was a slow-varying signal that fluctuated at the pace of the oscil-
latory cycles. All the EEG processing procedures, as well as the
statistical analyses, were conducted using the FieldTrip toolbox
(Oostenveld et al., 2011).

Results

Behavioral results

The average point lengths for cooperation and competition were
12.6 s and 10.7 s, respectively, which were comparable to the
average point length (8 s) in real-world tennis (Reid and Duffield,
2014). Since less energy is used when playing the Wii ver-
sion than when actually playing tennis (Graves et al., 2007),
the slightly longer point lengths in the study were consistent
with the less intense characteristic of themotion-sensing sports
game. Although paired t-tests revealed a significant difference
in average point length for cooperation and competition con-
texts (t(25) =3.15, P<0.01, Cohen’s d=0.62), the point lengths
were sufficiently long, providing preliminarily support for a good
mastery of the gaming tasks by the participants.

Different inter-brain neural signatures between
cooperation and competition

The neural signatures for differentiating cooperation and
competition conditions are summarized in Figure 3A. The
non-parametric cluster-based permutation tests revealed a
significant difference between the two conditions. The observed

difference was reflected by the inter-brain amplitude correla-
tions over a right-lateralized central-parietal-occipital cluster at
the theta band (cluster-t=29.75, P<0.001), an occipital cluster
at the alpha band (cluster-t=14.54, P<0.001) and an occipital
cluster at the beta band (cluster-t=16.75, P<0.001). All these
clusters showed positive cluster-t values, indicating larger inter-
brain coupling during the cooperation condition compared to
that during the competition condition. The distributions of the
cluster-t values from the permutated computation are shown
in Figure 3B; the three clusters had higher cluster-t values
(red lines) than those from the 5000-times permutation. The
inter-brain amplitude correlation values in the two conditions
from representative channels in the three clusters are shown in
Figure 4B. No statistically significant clusters were obtained for
inter-brain phase-locking and intra-brain spectral power.

Inter-brain amplitude correlations during cooperation
and competition

Figure 4A illustrates the significant clusters with inter-brain
amplitude correlations in the cooperation and the competition
conditions separately. When the dyads cooperated, significantly
positive inter-brain amplitude correlations were observed over a
right-lateralized fronto-central cluster at the delta band (cluster-
t=31.23, P<0.05) and a widespread cluster at the theta band
(cluster-t=108.80, P<0.001). When the dyads competed with
each other, significantly negative inter-brain amplitude corre-
lations were observed over the occipital area at both the alpha
and the beta bands (cluster-t=−6.44, P=0.001 and cluster-
t=−15.51, P<0.001, respectively). Figure 4C further demon-
strates the permutated distribution for the four clusters.

Correlation between inter-brain coupling and
dyad-level dispositional traits

To explore possible behavioral relevance of the inter-brain
neural coupling, Pearson correlation analyses were conducted
between the significant inter-brain amplitude correlation and
the dyad-level dispositional trait. Specifically, the mean Amp-
Corr (for significant clusters in each condition) or AmpCorr
difference between conditions (for clusters with significant
conditional difference) at the corresponding frequency band
within the seven significant clusters from the above tests
(see Figure 4A) were obtained, resulting in seven inter-brain sig-
natures.

The correlation results for all inter-brain signatures and
dispositional traits are summarized in Table 1. Only one sig-
nificant association was found: the participants’ alpha-band
AmpCorr difference and empathy level were negatively asso-
ciated (r = −0.43, uncorrected P<0.05). Notably, such negative
correlation did not survive correction for multiple comparisons.
No other association was statistically significant.

Discussion

The present study explored the neural mechanisms of both
cooperation and competition within the same ecological
paradigm based on a motion-sensing tennis game, using the
EEG-based hyperscanning technique. Significant conditional
differences in inter-brain neural coupling were found at the
theta, alpha and beta bands, in which the cooperation condition
manifested increased inter-brain amplitude correlation over
the competition condition. Further inspection revealed distinct
inter-brain amplitude correlation patterns for cooperation and
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Fig. 3. (A) T-maps from comparison of the cooperation and competition conditions for different neural measures. Color represents t-value from the comparison of

cooperation and competition conditions (a positive t-value indicates that the neural measure is larger during cooperation than cooperation, and a negative t-value

indicates the opposite). Black dots denote channel clusters with significantly different outcomes between the two contexts (all the dots in each topoplot belong to one

single cluster). (B) Permutation distributions for the three significant clusters of inter-brain amplitude correlation (AmpCorr) in (A). Red lines indicate the positions of

true cluster t-values.

competition. In the cooperative context, significant positive
inter-brain amplitude correlation at the delta and theta bands
was found in extensive brain regions; competition, however,
was associated with negative occipital inter-brain amplitude
correlation at the alpha and beta bands.

Most importantly, cooperation and competition were found
to be associated with inter-brain amplitude correlation rather
than phase alignment. Our observation is consistent with some
of the previous studies supporting the similarity of amplitude
fluctuations for effective social interaction (Kawasaki et al., 2018;
Zamm et al., 2018). The disagreement with other studies (Dumas
et al., 2010; Sänger et al., 2012; Yun et al., 2012; Mu et al.,
2016) could be attributed to the difference in the experimental
paradigms; the tasks in these studies, such as joint guitar play-
ing and joint key press, might require relatively precise time
synchronization between the participants. Although behavior
coordination was needed for the present paradigm, the two
participants always made different motor actions (even in coop-
eration), and it wasmore likely to have higher level of interaction
beyond simple motor action similarity. Nevertheless, the eco-
logical setting in the present study resembles a large body of
social interactions in daily life, in which precise time synchro-
nization is not always necessary. In these cases, it is plausible
to expect inter-brain neural coupling at a coarser time scale
as expressed by amplitude correlation, which is not as pre-
cisely timed as phase-locking. Moreover, this observation could

contribute to extending our understanding of the functional role
of the amplitude fluctuation. Specifically, whereas single-brain
studies have mostly considered amplitude for bottom-up infor-
mation processing (Kashiwase et al., 2012; Zhang et al., 2017a),
our results from an inter-brain perspective suggest a possible
different functional role of amplitude responses for representing
social interaction related top-down information: the inter-brain
coupling of the amplitude responses between the two players
was shown to carry information for differentiating the social
interaction modes of cooperation and competition during the
game playing.

The difference between cooperation and competition was
reflected by inter-brain amplitude correlations at the theta band
over the right central and parietal regions. The spatial distri-
bution of the theta-band cluster is consistent with previous
fMRI-based and fNIRS-based hyperscanning studies on social
interactions (Bilek et al., 2015; Liu et al., 2017), suggesting the pos-
sible involvement of a series of sociocognitive processes, such
as attention orientation, the sense of agency, self-other dis-
crimination and perspective-taking (Blakemore and Frith, 2003;
Decety and Lamm, 2007). Both the spatial distribution and
the theta-band finding are also in accordance with a previous
EEG-based hyperscanning study (Yun et al., 2012) using a coor-
dinated finger movement paradigm. The theta-band rhythm
was suggested to reflect some implicit processes essential for
social interactions, as in classical single-brain studies it has
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Fig. 4. Inter-brain amplitude correlation (AmpCorr) results. (A) T-maps of AmpCorr during cooperation, competition and their contrasts. Color in the first two columns

represents t-values from the comparison of Coop/Comp AmpCorr and zero. Black dots denote channel clusters with significant AmpCorr in certain context). Color in

the third column represents t-values from the comparison of AmpCorr during the cooperation and competition conditions. Black dots denote channel clusters with

significantly different AmpCorr between the two contexts (all the dots in each topoplot belong to one single cluster). (B) Individual differences of the AmpCorr values

between the two contexts at three representative channels. Each linked pair of points represents data from a single participant. (C) Permutation distributions for the

four clusters with significant Coop/Comp AmpCorr in (A). Red lines indicate the positions of the true cluster-t.

Table 1. Coefficients and P-values (in parentheses) for correlations between all AmpCorr indices and traits

Empathy Aggression Competitive strategy Cooperative strategy Achievement motive

Coop_Delta 0.04 (0.84) 0.05 (0.80) −0.32 (0.11) −0.06 (0.76) −0.01 (0.97)
Coop_Theta 0.20 (0.33) −0.14 (0.51) −0.13 (0.52) 0.13 (0.53) −0.16 (0.44)
Diff_Theta −0.12 (0.57) 0.02 (0.92) −0.11 (0.58) 0.04 (0.83) −0.23 (0.26)
Comp_Alpha 0.16 (0.44) 0.32 (0.12) 0.04 (0.85) −0.17 (0.40) −0.24 (0.26)
Diff_Alpha −0.43 (0.03) −0.05 (0.79) 0.07 (0.72) 0.19 (0.34) 0.26 (0.21)
Comp_Beta 0.10 (0.63) 0.05 (0.80) 0.24 (0.23) −0.05 (0.82) −0.10 (0.63)
Diff_Beta −0.08 (0.69) −0.24 (0.24) −0.26 (0.19) 0.28 (0.17) 0.25 (0.22)

‘Coop_delta’ represents the mean inter-brain amplitude correlation during cooperation at the delta frequency band from the delta-band cluster with significant
amplitude correlation during cooperation and so forth.

been related to prediction (Huang et al., 2015), outcome mon-
itoring (Cavanagh and Frank, 2014) and behavioral adaptation
(Cavanagh et al., 2010; Billeke et al., 2013). The inter-brain results

extend previous understanding of theta-band rhythm, high-
lighting the joint effort of the dyad to coordinate their behaviors
as a team during cooperation. In addition, the decomposition
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into amplitude and phase responses in the present study fur-
ther suggest the importance of amplitude response over these
regions at theta band for the regulation of a cooperative social
context.

The between-condition difference of inter-brain amplitude
correlations at the alpha and beta bands, however, could reflect
the similarity in the dyad’s visual information processing related
to the Wii tennis game. Compared to competition, the coop-
erating dyad could have a more similar attention focus and,
consequently, interpretation of the visual information (Yu and
Zhou, 2006; van Dijk et al., 2008; Kang et al., 2010; Leng and
Zhou, 2010; Samaha and Postle, 2015), leading to the enhanced
alpha- and beta-band occipital inter-brain amplitude correla-
tion. Interestingly, the separate-condition analysis revealed a
significant negative inter-brain amplitude correlation during the
competition condition, suggesting that the participants might
adopt individualistic strategies, mainly focus on themselves,
and reduce interpersonal tuning during competition (Balconi
and Vanutelli, 2018). In summary, the different findings of the
inter-brain patterns at different bands suggest distinct func-
tional roles of different oscillatory activities from an inter-brain
perspective.

We did not find significant intra-brain differences between
conditions in the present study, which is consistent with pre-
vious studies (Cui et al., 2012; Simony et al., 2016; Balconi
et al., 2017b), implying the significance of adopting an inter-
brain perspective in the study of cooperation and competition.
Nevertheless, as a few other studies have reported intra-brain
results related to social interactions (e.g. Tognoli et al., 2007;
Balconi et al., 2017a), the current finding might be limited by
our analyses. We only focused on the overall intra-brain neu-
ral activities, and the various events that happened during the
whole interacting process were not fully coded and analyzed.
Intra-brain differences between conditions might be revealed if
detailed events are taken into consideration (Ding et al., 2018;
Pan et al., 2020). Capturing the rich information embedded in
such ecological paradigms remains a challenge, which we hope
to explore in future studies. Alternatively, the null intra-brain
results might be explained by the employment of the two vs
two mode of the Wii Sports Tennis game. While the two vs
two mode was designed for the introduction of the compara-
ble cooperation and competition conditions, the involvement
of the two computer-controlled avatars could lead to additional
cooperative and competitive factors for the human players: the
two participants were competing against the two computer-
controlled avatars in the cooperation condition, and both of
them were cooperating with one computer-controlled avatar in
the competition condition. Similar neural activation in some of
the same areas activated by human partners could be elicited
even when the participants interact with such virtual partners
(Sebanz et al., 2006; Dumas et al., 2020; Moreau et al., 2020).
Hereby, the participants might have comparable senses of coop-
eration and competition in both conditions (Era et al., 2020),
resulting in null results for the between-condition comparison
in the current intra-brain analyses.

It should also be noted that the inter-brain coupling analy-
ses in the present study were conducted with matched-channel
pairs only. This choice was made mainly based on the balanced
nature of the experiment design, in which the roles of the two
players in the game were interchangeable in both conditions.
The inter-brain coupling between non-corresponding channels
in previous studies has often been interpreted as arising from
differential social roles in the interactions such as being an imi-
tator or a follower (e.g. Kuhlen et al., 2015). Admittedly, the
present study could also benefit from a cross-channel analysis

for a more thorough investigation of the inter-brain coupling
patterns. The application of a cross-channel analysis for the
present data will be considered in future studies, with a clear
hypothesis for the possibly unbalanced relationship between
the interacting partners as well as a properly designed method-
ological framework (e.g. for treating the unbalanced coupling
results).

In addition, it could be argued that the inter-brain cou-
pling results could be the by-product of interaction in the game.
Indeed, the inter-brain coupling patterns in each single condi-
tion (i.e. the first two columns in Figure 4A) could be affected by
the actual interaction between the two participants, e.g. reflect-
ing the shared sensory information. These single-condition
findings were of limited scientific implications and need to be
interpreted with caution. Nevertheless, the two conditions were
expected to introduce comparable senses of cooperation and
competition, and the most notable between-condition differ-
ence was the assignment of the human participants. Besides,
although a naturalistic paradigm was adopted in this study,
some of our results are similar to those reported by traditional
laboratory studies, e.g. the theta-band inter-brain coupling in
central and parietal regions (Yun et al., 2012) during cooperation.
Such similarities might suggest that the current findings reflect
the difference between cooperation and competition, rather
than merely the by-product of interaction.

Finally, there are some other limitations to be noted. First,
the study only included male participants. Considering the pos-
sibly different inter-brain patterns of inter-brain coupling among
mixed-sex, male and female dyadic interactions (Cheng et al.,
2015; Zhang et al., 2017b), future research with female par-
ticipations is necessary to extend the validity of the present
findings. Second, only one game was adopted in the present
paradigm, introducing possible confusing effects specific to this
game or this type of sport game. More games could be utilized
to better explore the diverse forms of cooperation and compe-
tition toward more solid conclusions on the inter-brain neural
signatures of human social interaction.
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