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A B S T R A C T

The neural and computational mechanisms that distinguish cooperative from competitive strategies in risky 
decision-making remain incompletely understood. In this study, we combine frequency-specific prefrontal inter- 
brain synchrony (IBS) measured via functional near-infrared spectroscopy (fNIRS) hyperscanning with rein
forcement learning modeling to examine how social context shapes dyadic choice. Sixty female dyads performed 
cooperative or competitive variants of a modified Iowa Gambling Task (IGT). Behaviorally, competitive pairs 
achieved significantly higher cumulative earnings than cooperative pairs. Reinforcement learning analyses 
indicated that the Outcome Representation Learning (ORL) model provided the best account of behavior. 
Cooperative dyads showed increased sensitivity to win frequency (βfre), suggesting a tendency to favor frequent 
but suboptimal gains. In contrast, competitive dyads adopted more flexible strategies that were less dependent on 
reward frequency. Neuroimaging results revealed dissociable frequency related patterns. Ultra-low frequency 
coupling in the dorsolateral prefrontal cortex (DLPFC) within the range of 0.015 to 0.017 Hz was associated with 
goal directed control and higher earnings. Higher frequency coupling in the frontopolar cortex (FPC) within the 
range of 0.340 to 0.381 Hz was associated with opponent monitoring and sustained competitive engagement, 
and was reduced during cooperation, consistent with reduced individual responsibility. These findings support a 
dual pathway account in which competition engages both control and monitoring processes to facilitate per
formance, whereas cooperation may incur performance costs through socially shaped learning biases. The results 
provide mechanistic insight into social decision making and identify candidate neural markers for adaptive 
behavior in interactive contexts.

1. Introduction

Risky decision-making has been extensively studied at the individual 
level, providing a robust theoretical foundation for understanding 
behavior under uncertainty (Arnold et al., 2025; Nejati et al., 2024; 
Reale, 2023; Viscusi et al., 2011). However, many real-world decisions 
occur in social contexts, where cooperation and competition funda
mentally shape outcomes, requiring continuous mutual adaptation and 
additional cognitive processes such as monitoring others’ intentions and 
integrating shared goals (FeldmanHall and Shenhav, 2019; Huang et al., 
2025; Lockwood et al., 2018; Roos et al., 2024; Ruff and Fehr, 2014; van 

Baar et al., 2021). To capture these complex dynamics, researchers 
increasingly combine social neuroscience with computational modeling, 
linking neural activity to reinforcement learning (RL) processes (Frith 
and Frith, 2012; Suzuki and O'Doherty, 2020). In particular, 
frequency-specific prefrontal inter-brain synchrony (IBS) provides a 
neural marker of real-time social coordination (Cui et al., 2012; Reindl 
et al., 2018), and connecting it to RL-derived latent variables enables 
mechanistic insights into how interacting brains encode prediction er
rors, update values, and guide adaptive behavior. For example, fMRI 
studies show that the lateral prefrontal and frontopolar cortices arbitrate 
between model-based and model-free predictions, modulating behavior 
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via top-down control, while rostral anterior cingulate activity tracks 
cue-related expected value (Jones, 2011; Wan Lee et al., 2014). Those 
syntheses enable a shift from descriptive behavioral comparisons to a 
process-level understanding of how neural coupling supports strategic 
adaptation under cooperative and competitive conditions. Nevertheless, 
despite growing advances in behavioral and neuroimaging research, the 
neural mechanisms and computational processes that differentiate 
cooperation from competition in risky decision-making remain insuffi
ciently understood (Wang et al., 2018).

Prior studies have primarily contrasted cooperation and competition 
as two dominant patterns of social interaction. Cooperation can boost 
group performance through resource sharing and complementary 
expertise (Stolle et al., 2024; Takada et al., 2023) but may also trigger 
free-riding and responsibility diffusion, reducing efficiency (Cooper, 
2024; Darley and Latane, 1968). Competition, conversely, can enhance 
the subjective value of gains via reward-related processing (Gärling 
et al., 2020; To et al., 2018), yet may also promote risk-seeking. 
RL-modeling studies further reveal that prior cooperative or competi
tive experiences shape subsequent decisions in strategic games (Schulze 
and Newell, 2015; Vlaev and Chater, 2006). These models—including 
Expected Value (EV), Prospective Valence Learning (PVL), 
Win-Stay-Lose-Shift (WSLS), Outcome Representation Learning (ORL), 
Value-Plus-Persistence (VPP), and Value and Sequential Exploration 
(VSE)—provide a principled framework for estimating cognitive pa
rameters such as reward sensitivity, choice persistence, and learning 
rates (Junyi et al., 2023; Kumar et al., 2019; Steingroever et al., 2018; 
Worthy and Maddox, 2014). Yet, most RL-based investigations focus on 
individuals, leaving the computational basis of joint decision-making 
largely uncharted.

Neuroimaging studies using fMRI and functional near-infrared 
spectroscopy (fNIRS) have consistently identified prefrontal regions as 
key hubs in social and value-based decision-making (Fareri and Delgado, 
2014; Fliessbach et al., 2007). In particular, the prefrontal cortex sup
ports core executive processes such as cognitive control, value integra
tion, and strategic regulation, which are essential for navigating 
cooperative and competitive interactions. Accordingly, the present 
study focused on frontal regions to investigate the neural mechanisms 
underlying cognitive control and value negotiation during joint 
decision-making. Concentrating on this task-relevant network reduced 
multi-region sampling noise and enabled a more targeted and rigorous 
characterization of inter-brain coupling in the prefrontal cortex. Some 
recent work suggests that competition heightens activation in 
reward-related circuits, whereas cooperation is associated with greater 
orbitofrontal and ventromedial prefrontal activity (Knyazev et al., 
2024), indicating that neural encoding of outcomes depends on social 
context. However, most of these studies analyze single brains in isola
tion, neglecting the inherently interactive nature of social decisions. 
fNIRS hyperscanning directly addresses this limitation by enabling the 
simultaneous recording of cortical hemodynamics from multiple in
dividuals during naturalistic interactions. Accumulating evidence in
dicates that cooperation and competition modulate inter-brain 
synchrony (IBS) in the dorsolateral prefrontal cortex (DLPFC) and 
frontopolar cortex (FPC), with effects influenced by task structure, 
interpersonal context, and participant characteristics (Peng et al., 2025; 
Song et al., 2024; Yin, 2025). Importantly, recent hyperscanning 
research has distinguished cooperative and competitive 
decision-making into two primary interaction modes, simultaneous and 
turn-based, each engaging distinct cognitive and neural processes. For 
example, using a turn-based Balloon Analogue Risk Task (BART), Zhao 
et al. (2023) demonstrated that IBS in frontopolar and inferior frontal 
regions dynamically tracked risk-taking behavior between friends and 
strangers, reflecting real-time adaptation to social feedback. These 
findings suggest that turn-based decision-making offers a unique win
dow into the temporal dynamics of mutual influence, whereby each 
individual’s behavior continuously shapes the partner’s subsequent 
choices.

Within this growing literature, converging evidence further suggests 
that IBS is frequency-dependent. For instance, in the Iowa Gambling 
Task (IGT), competition has been shown to increase IBS in male dyads, 
whereas cooperation enhances IBS in female dyads within a low- 
frequency range (Peng et al., 2025). Such results align with broader 
findings that low-frequency hemodynamic synchrony (~0.01–0.1 Hz) 
captures slow, socially driven neural dynamics associated with sustained 
coordination and shared task engagement (Nguyen et al., 2021; Park 
et al., 2023). In parallel, hyperscanning studies have repeatedly reported 
gender-related differences in both behavioral alignment and 
brain-to-brain synchrony during collaborative tasks, with female dyads 
often exhibiting stronger interpersonal coordination (Baker et al., 2016; 
Lu et al., 2020a). Given the established differences in neural and 
behavioral strategies, restricting the sample to female participants 
allowed us to focus on a more homogeneous interaction pattern and 
reduce potential confounding effects of gender variability, thereby 
enhancing the internal validity of the present investigation into social 
decision-making.

More broadly, emerging evidence suggests that different frequency 
bands of inter brain synchrony may reflect distinct cognitive and neural 
processes, with ultra slow fluctuations reflecting sustained social 
monitoring or responsibility diffusion, and higher frequencies reflecting 
rapid reward based updating and decision adjustment. (e.g., Guglielmini 
et al., 2022). Ignoring this spectral diversity risks conflating separable 
mechanisms into a single averaged IBS measure. A recent framework has 
extended Wavelet Transform Coherence to examine cross-frequency, 
time-dependent coupling across brain–brain, brain–body, and body–
body systems (Guglielmini et al., 2022), underscoring the need to 
interpret IBS metrics across frequency bands. Nevertheless, empirical 
work directly linking frequency-specific IBS measured with fNIRS to 
reinforcement learning processes remains limited. Building on accu
mulating evidence for the functional relevance of distinct hemodynamic 
frequency bands (Peng et al., 2025; Zhang et al., 2024; Zhao et al., 
2023), the present study examines how frequency-resolved IBS relates to 
latent reinforcement learning variables, providing an initial step toward 
integrating spectral neural coupling with computational models of social 
decision-making.

In this study, we adopted a data-driven approach to identify fre
quencies of interest (FOIs) and, importantly, detected an additional FOI 
beyond those typically reported. This finding expands the spectral 
characterization of prefrontal coupling and allows us to examine 
whether specific FOIs correspond to distinct reinforcement learning (RL) 
parameters. By linking frequency-specific IBS patterns to RL-derived 
cognitive markers such as reward-frequency sensitivity and choice 
flexibility, we aim to provide a mechanistic account of how social con
texts shape adaptive decision strategies. To address these questions, we 
combined fNIRS hyperscanning with RL modeling in both turn-based 
cooperative and competitive variants of the IGT. Focusing on the pre
frontal cortex as our region of interest, we investigated: (i) whether RL 
parameters can serve as computational markers of social-context adap
tation; and (ii) how frequency-specific IBS relates to these parameters 
and to decision outcomes. We further compared five RL models (EV, 
PVL_delta, ORL, VPP, VSE) to determine the optimal fit for dyadic 
decision-making. Based on the above analysis, we propose the following 
hypotheses:

H1. RL parameters capture systematic differences in learning strate
gies between cooperation and competition.

H2. Frequency-specific IBS in prefrontal regions, in combination with 
RL parameters, explains variability in decision-making performance.

H3. Competition enhances performance via DLPFC-mediated reward 
sensitivity (H3a), whereas cooperation reduces performance via FPC- 
mediated cognitive load associated with coordination (H3b).
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2. Methods

2.1. Participants

This study employed G*Power 3.1.9.7 to conduct an a priori power 
analysis (Faul et al., 2007), which indicated that a sample of 58 dyads 
was required to detect an effect size of 0.35 (Cohen’s f = 0.35; α = 0.05; 
power = 0.85). A total of 128 female participants were recruited and 
randomly assigned into 64 previously unacquainted dyads. These dyads 
were then randomly allocated to either a competitive condition (n = 32) 
or a cooperative condition (n = 32). Four dyads were excluded due to 
data corruption and missing trials, resulting in 60 dyads being included 
in the final analyses (n_coop = 30, n_comp = 30). The two groups were 
closely matched in age (M_coop ± SD = 20.40 ± 1.78; M_comp ± SD =
20.50 ± 1.94), with no significant inter-group difference (Man
n-Whitney U = 446.50, p = 0.983). Given this high degree of de
mographic homogeneity, age was not included as a covariate in the 
primary General Linear Models (GLM) to prioritize model parsimony 
and preserve degrees of freedom. Nonetheless, to evaluate the robust
ness of our findings, we conducted supplementary Analyses of Covari
ance (ANCOVA) with age as a covariate. These sensitivity analyses 
yielded results consistent with our primary findings, confirming that the 
observed IBS and behavioral effects were not driven by age-related 
variance (detailed in Supplementary Material S3). Handedness was 
not treated as a covariate as all participants were verified as 
right-handed through verbal screening based on the Edinburgh Hand
edness Inventory criteria, rendering the variable a constant across the 
sample. Rigorous pre-screening ensured that all participants were in 
sound mental and physical health, with no history of neurological or 
psychiatric disorders. Prior to the formal experiment, current health 
status (e.g., fatigue levels and sleep duration) was verified. All partici
pants provided written informed consent and were compensated with 

performance-based monetary rewards. The study adhered to the prin
ciples outlined in the Declaration of Helsinki and received approval from 
the Institutional Review Board of the Academic Committee of Key 
Laboratory of Brain-Machine Intelligence for Information Behavior at 
Shanghai International Studies University in China.

2.2. Task and procedure

2.2.1. The Iowa Gambling Task within social interaction
Building on previous research, this study adapted the IGT for two- 

person scenarios, incorporating monetary rewards and feedback mech
anisms to distinguish between cooperation and competition. The task 
comprised 10 blocks of 20 trials each, totaling 200 trials, with partici
pants completing 100 trials independently. In each trial, participants 
alternated between roles as decision-maker and observer, with the 
decision-maker choosing one card from four decks, each characterized 
by unique reward and penalty structures (Zhao et al., 2022, 2023). In 
this study, the decision maker uses decal-marked keyboard keys to make 
the selection to regulate the influence of key positions and the original 
keyboard functionality on decision-making. The initial decision-maker 
was determined through a randomized procedure, indicated by a grey 
arrow, with subsequent assignments alternating between participants. 
The payoff structure of the four decks within each participant's trials 
mirrored the standard IGT (Schmitz et al., 2018; Zhang et al., 2023a), 
featuring two “bad” decks and two “good” decks. Importantly, the 
payoffs were independent for each participant within a dyad, ensuring 
that one participant’s decisions did not affect the other’s earnings, 
which facilitated a direct comparison of decision-making performance 
in both cooperative and competitive contexts.

Each trial included a fixation screen (0.5 s), a decision screen (≤15 
s), and feedback screens for gains and losses (2 s). Participants were 
informed that each deck entailed potential gains and losses, while the 

Table 1 
The potential gains and losses per deck in one block.

Deck Deck’s earning in one block (10 trials) Final earnings Types

Trial1 Trial2 Trial3 Trial4 Trial5 Trial6 Trial7 Trial8 Trial9 Trial10

1 100 100 100 − 1250 100 100 100 100 100 100 − 250 Bad
2 100 − 200 100 − 250 − 250 100 − 300 100 − 250 100 − 250 Bad
3 50 50 − 250 50 50 50 50 50 50 50 250 Good
4 50 − 75 50 50 − 75 − 100 50 50 50 50 250 Good

Note: This table presents an example block. Throughout the entire experiment, the gain/loss settings for trials varied across different blocks. However, the block-level 
gain of each deck remained fixed: Deck 1 and Deck 2 yielded a loss of 250, and both Deck 3 and Deck 4 yielded a gain of 250.

Fig. 1. Experimental Paradigm and Task Design. (A) Schematic representation of the overall experimental procedure. (B) Trial structure and temporal sequence of 
the dyadic risky decision-making task. (C) Instructional guidelines for the cooperative and competitive interaction contexts.
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specific Settings (see Table 1) were not directly disclosed and they 
needed to conduct their own observations and summaries (consistent 
with previous studies). To mitigate fatigue and match hemodynamic 
response dynamics, a randomized time interval (0.8–1.2 s) was jittered 
between key screens within a trial, and inter-trial intervals (ITI) varied 
from 2–4 s post-loss feedback. Other experimental parameters adhered 
to established protocols from former fNIRS-based IGT studies (León, 
2023; Li, 2019). The cooperative or competitive context was manipu
lated by the instruction, the monetary incentives (Horn and Freund, 
2021; Liu et al., 2020; Wu et al., 2023; Xu et al., 2016) and the feedback 
screen presentations (see more details in Fig. 1). Specifically, partici
pants were simultaneously informed that the task required either 
cooperation or competition and that their earnings would directly 
determine their final remuneration via on-screen written instructions 
and oral explanations from an experimenter. In both conditions, each 
participant received a base payment of 30 CNY, with the primary source 
of payoff differentiation residing in the allocation rule governing the 
bonus payment. In the cooperative condition, participants shared 
earnings and the bonus, and the feedback screen displayed the cumu
lative earnings of dyad. The higher the cumulative earnings, the larger 
the bonus (range: 0–70 CNY), which was split equally between the two 
members. In the competitive condition, earnings were independent, and 
the feedback screen presented each participant’s separate cumulative 
earnings. At the end of the task, the individual with the higher cumu
lative earnings received the entire bonus (35 CNY), whereas the indi
vidual with the lower cumulative earnings retained only the 30 CNY 
base payment.

2.2.2. Experimental procedure
Upon arrival, participants were required to complete an informed 

consent form and verbal checks covering general health, recent psy
chological/mental status, and handedness. Two participants sat side-by- 
side in front of a shared computer monitor. After a brief overview and 
practice session to ensure task understanding, participants were fitted 
with fNIRS caps. The data-collection protocol began with resting-state 
measurements, during which participants were instructed to maintain 
closed eyes and remain stationary for one minute, specifically avoiding 
both physical movement and mental exertion. Neuroactivity was then 
recorded during the modified IGT task. The resting-state data were 
subtracted from task-phase data to establish baseline-corrected task- 
state data for subsequent analysis. Verbal communication was not 
allowed during the experiment.

2.3. fNIRS data acquisition

Given the prefrontal cortex’s crucial role in decision-making, social 
cognition, and other executive functions (Yang et al., 2020), it was 
designated as the region of interest (ROI) for this study. An fNIRS optical 
topography system (LABNIRS, Shimadzu Corporation, Japan) utilizing a 
three-wavelength near-infrared semiconductor laser (780 nm, 805 nm, 
830 nm) was employed to synchronously record oxygenated and deox
ygenated hemoglobin levels in the PFC of participants in each dyad, 
based on the modified Beer-Lambert law (Scholkmann et al., 2014; 
Wang et al., 2017; Zhao et al., 2022). The sampling rate was set at 10 Hz 
(Xue et al., 2018). For each participant, a 3 × 5 photoelectric probe set 
which contained 8 emitters and 7 detectors spaced 30 mm apart was 
placed over the PFC region with Fpz as the reference, referring to the 
international 10–20 system (Zhao et al., 2023). This probe set comprised 
22 channels (CHs). The middle row of the photoelectric probe set was 
aligned with the sagittal plane, while the bottom row was aligned with 
the axial plane (see Fig. 2). The more detail of MNI coordinates of the 
optode layout was showed in Supplementary Material S2.

The spatial anatomical positions of the 22 channels were determined 
using the virtual spatial registration function of the Polhemus Fastrak 3D 
Digitizer (Lu et al., 2023; Song et al., 2024). The corresponding Montreal 
Neurological Institute (MNI) coordinates were calculated using 
NIRS_SPM MATLAB packages, referencing Nz, Cz, AL, and AR positions 
(Tsuzuki et al., 2007; Ye et al., 2009).

2.4. Data analysis

2.4.1. Behavior data analysis
Conforming to prior research, cumulative earnings and net score 

were used to assess dyadic decision-making performance (Zanini et al., 
2024). Specifically, cumulative earnings are the total value a participant 
gains (after deducting losses) via all card selections, and the net score is 
calculated by subtracting selections from disadvantageous decks (Decks 
1, 2) from those from advantageous decks (Decks 3, 4) to measure 
decision-making performance. A repeated ANOVA (group × block) was 
conducted on the cumulative earnings and the net score to test for group 
differences across the 5 blocks.

2.4.2. Computational cognitive model of the IGT task in dyads
The computational cognitive model fitting and comparison. In the 

present study, model fitting and comparison across the five models 

Fig. 2. Neuroimaging data acquisition and spectral parcellation. (A) Schematic of the hyperscanning setup, illustrating the experimental data collection scenario for 
dyadic interaction. (B) Optode configuration and topographic mapping, with probe locations defined according to the MNI coordinate system. The probe layout was 
visualized using BrainNet Viewer based on the optode localization and brain region distribution information output by NIRS_SPM. To more clearly illustrate the 
localization relationship between channels and corresponding brain regions, dotted shapes of different colors were plotted to represent the distribution of brain 
regions associated with each channel. (C) Frequency-of-Interest (FOI) identification via FDR-corrected p-value maps. The panels from left to right display the sta
tistical significance maps for FOI1 through FOI5, respectively.
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mentioned above (EV, PVL_delta, ORL, VPP, and VSE) was performed 
utilizing a MATLAB toolbox (https://github.com/romainligneul/ig 
t-toolbox) proposed by Ligneul and the VBA MATLAB toolbox 
(Daunizeau and Ligneul, 2019; Morel, 2018; Prlic et al., 2014). The 
model configurations in this study are consistent with those in the 
existing literature, which has provided an exhaustive description of the 
aforementioned model configurations (Daunizeau and Ligneul, 2019; 
Haines et al., 2018; Steingroever et al., 2016; Wetzels et al., 2010). To 
evaluate model fit, we employed the Bayesian Information Criterion 
(BIC), Akaike Information Criterion (AIC), and Free Energy (F) as met
rics to assess the fit of the five models. Lower values of these criteria 
indicate better model fit (Alibakhshi and Hartke, 2021; Fukushima and 
Yoshidome, 2023; Lv and Liu, 2014). Similar to the AIC and BIC meth
odologies, minimizing free energy leads to optimal model configurations 
(Bogacz, 2017; Buckley et al., 2017). The empirical analysis revealed 
that the ORL model exhibits the most optimal fitting performance, fol
lowed by the VSE model (DIFFAIC=133.487, DIFFBIC=133.487, DIFFF=

107.446). According to previous research, a discrepancy of greater than 
100 between the indicators of two models indicates that the selection of 
an inadequately fitting model would result in an unacceptable loss of 
information (Daunizeau and Ligneul, 2019). It can thus be concluded 
that the ORL model represents the optimal fit model in the context of the 
two-person joint IGT task. The comparative results of model fits are 
shown in Fig. 3.

The computational cognitive model comparison and recovery. The 
Bayesian group comparisons for the three fitted metrics, AIC, BIC, and F, 
were performed with the assistance of VBA and the igt_toolbox Matlab 
toolbox (Daunizeau and Ligneul, 2019; Prlic et al., 2014; Stephan et al., 
2009). These analytical procedures were grounded in the logit evidence 
for each model, and the models were attributed as random effects. 
Subsequently, simulated analysis including predictive performance, 
parameter recovery, and model recovery were conducted on the five 
models based on a series of simulated data (Chen, 2021; Palminteri 
et al., 2017; Spektor and Kellen, 2018; Steingroever et al., 2018).

The empirical findings from the Bayesian group comparison showed 
that the estimated model frequencies of the ORL, and VSE models were 
both above chance level. The ORL model demonstrated higher estimated 
model frequencies than the other models on all three measures 
(approximated exceedance probabilities between 0.6 and 0.8), with the 
VSE model exhibiting the second-highest frequency (see Fig. 4).

In addition, the results of the fitted choices demonstrate that the 
ORL, VPP and VSE models manifested the highest degree of predictive 
accuracy, with the EV and PVL models exhibiting a comparatively lower 
level of performance. Furthermore, the results of the simulated choices 
showed that the VSE model achieved the highest prediction accuracy, 
followed by the ORL model. This suggests that the ORL and VSE models 
are more effective in accurately predicting dyadic pairwise decisions 
(for further details, please refer to Fig. 5 and Table 2).

Moreover, as showed in the linear regression of parameter recovery, 
the ORL model exhibited the most robust parameter stability among 5 
models, followed by the VPP and VSE models (See Fig. 6).

Similarly, model recovery results showed that the VSE model 
demonstrated the best general stability, in that the simulation data ob
tained through the optimal fitting parameters of the VSE model 
continued to perform best when the model was re-fitted. The PVL, ORL, 
and EV models exhibited the next best performance, and to some extent 
still demonstrated model stability in describing dyadic pairs in the 
decision-making task. However, they showed poor fit consistency on 
some metrics (e.g., the EV model performing slightly worse on the F 
metric). The VPP model performed the worst on the BIC metric, sug
gesting that its fitting ability needs to be considered carefully (see 
Fig. 7).

Taken together, the results of the model fitting and comparison 
process indicate that the ORL model demonstrates the optimal perfor
mance, suggesting that dyads may integrates cognitive processes such as 
expected value learning, win frequency learning, reversal learning, and 
choice persistence to predict and explain choices in the IGT. Specifically, 
the ORL model comprises five parameters: the positive outcome learning 
rate (αRew) and negative outcome learning rate (αPun) represent the de
cision-maker’s sensitivity to positive and negative outcomes, respec
tively; the choice persistence decay parameter (K) indicates the decision- 
maker’s memory retention of past choices; the win-frequency weight 
(βfre) and choice persistence weight (βper) represent the influence of win 
frequency and choice persistence on the total value. See Table 3 for the 
specific parameter settings and their meanings within the model. In an 
analysis section below, we report an evaluation of the existence of 
between-group differences in these aforementioned model parameters 
using independent samples t-tests with GROUP as the independent 
variable, as postulated by the ORL model of optimal performance.

2.4.3. fNIRS data analysis
Preprocessing on the individual level fNIRS data. Expanding on 

prior research, this study used a two-step method to assess fNIRS data 
quality (Lu et al., 2020b; Sun et al., 2021). Initially, channel data were 
visually inspected for anomalies during hyperscanning, with flagged 
channels plotted using MATLAB's NIRS-SPM toolbox. Channels lacking 
the characteristic 1 Hz heartbeat signal (Nguyen et al., 2021) were 
deemed “bad” and replaced with the mean of adjacent channels (Zhao 
et al., 2022). Three dyads were excluded for poor signal quality or 
corruption; others were excluded for missing a trial in the 
decision-making task, leaving 60 dyads for final analysis.

The raw data of rest dyads were preprocessed using the NIRS_SPM 
package, applying HRF low-pass filtering to address temporal autocor
relation and Wavelet-MDL detrending to remove motion and other ar
tifacts (Bulgarelli, 2018; Ye et al., 2009). Following previous fNIRS 
hyperscanning studies, only the hemoglobin oxygenation (HbO) signal, 
which is sensitive to cortical blood flow changes, was analyzed (Hou 
et al., 2022; Jiang et al., 2015).

Preprocessing IBS at the dyad level. Based on previous research, we 
utilized a MATLAB package to compute inter-brain synchrony in 
decision-making and feedback phases through a Wavelet Transform 
Coherence approach (Grinsted et al., 2004). The calculation formula for 
the Wavelet Transform Coherence of the HBO signals is presented below, 
in which “n” represents time, “s” represents a wavelet scale, “i” and “j” 
represent the signals of dyads, “Wi” or “Wj” represent the continuous 
wavelet transform of two participants, and “Wij” represents the 

Fig. 3. Formal model comparison across five reinforcement learning architec
tures. Model fit was evaluated using the Bayesian Information Criterion (BIC), 
Akaike Information Criterion (AIC), and the Free Energy (F) metric. For intui
tive visualization, the ORL model is defined as the baseline (benchmark), and 
the y-axis represents the relative difference in fit metrics (△BIC, △AIC, and 
△F) for each alternative model compared to the ORL model. Lower values 
indicate superior model fit. The ORL model consistently exhibited the most 
robust performance across all evaluation criteria.
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cross-wavelet transform of two participants (Hou et al., 2020; Nozawa 
et al., 2016; Zhao, 2021). 

WTC(n, s) =
⃒
⃒
〈
s− 1Wij(n, s)

〉⃒
⃒2

⃒
⃒
〈
s− 1Wi(n, s)

〉⃒
⃒2
⃒
⃒
〈
s− 1Wj(n, s)

〉⃒
⃒2 

The FOI of IBS was identified first (Jin et al., 2024; Liang et al., 
2022). Focusing on decision making under social interaction, data were 
restricted to 0.01–1 Hz (Liu, 2023; Zhang et al., 2023a), excluding 
physiological noise bands (0.03–0.06 Hz and 0.08–0.12 Hz for blood 
pressure, 0.15–0.3 Hz for respiration, and 0.7–1.0 Hz for cardiac activ
ity) (Li et al., 2024; Rieger et al., 2018; Zheng et al., 2018). Prompted by 
recent work extending neural-coupling analyses from 0.01 to 0.2 Hz up 
to 1 Hz—and in some cases 5 Hz—we slightly expanded the traditional 
frequency-of-interest (FOI) window to achieve a more comprehensive 
characterization of the neural underpinnings of social risk 
decision-making (Cheng et al., 2022; Zhao et al., 2023). To minimize 
physiological contamination from respiration (~0.2–0.3 Hz) and car
diac activity (~0.7–1 Hz), previous studies routinely excluded these 
bands (Yin, 2025; Zhang et al., 2021, Zhang et al., 2019) and confined 
the FOI to 0.01–0.2 Hz, consequently restricting most reported effects to 

this low-frequency range. We reasoned that modestly higher, yet still 
non-physiological, bands (e.g., 0.3–0.6 Hz) might carry additional 
interpretable information. Moreover, our protocol introduced a minor 
adaptation to the standard joint-decision paradigm: participants were 
required to divide labor and make independent choices under both 
cooperative and competitive incentives. Thus, after rigorously removing 
established physiological bands, we shifted the analytical focus to these 
under-explored higher frequencies, hoping to provide complementary 
evidence that differentiates cooperative from competitive risk decisions.

After baseline correction with 1 min resting-state data (Tang et al., 
2016), task-related coherence values were transformed into Fisher 
z-statistics (Zhang et al., 2024; Zhou, 2022). A series of one-sample 
t-tests that were FDR-corrected (using the Benjamini–Hochberg pro
cedure) were performed on the Fisher’s Z statistics across all 80 fre
quency bins to identify the FOI. Five distinct FOI bands were identified 
(FDR-corrected p < 0.05, see Fig. 2C), including: (1) 0.010–0.013 Hz; (2) 
0.015–0.017 Hz; (3) 0.067–0.071 Hz; (4) 0.340–0.381 Hz; and (5) 
0.509–0.605 Hz. Ultimately, a series of FDR-corrected (Benjami
ni–Hochberg procedure) repeated-measures ANOVAs assessed group 
differences on FOIs, with group (cooperation, competition) as the 

Fig. 4. The Bayesian Group Comparison, where models 1–5 represent EV, ORL, PVL-delta, VPP, and VSE, respectively. This figure shows the approximated ex
ceedance probabilities and the estimated model frequencies based on F (A), AIC (B), and BIC (C). The red line represents the ideal approximated exceedance 
probabilities (ep) and the estimated model frequencies (emf). ep is the probability that a certain model is more likely to be the “optimal model” compared to all other 
candidate models which threshold is 0.99. emf is the proportion of times this model is determined as the optimal model among all participants (the estimated 
frequency of the ORL model is all > 30%). As shown above, the ORL model exhibited the best performance among the five models.
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between-variable and STAGE (decision-making, feedback) as the 
within-variable (Sun et al., 2021). BrainNet Viewer MATLAB package 

was utilized for visualization (Xia et al., 2013).
To further examine the robustness of our findings, we conducted 

1000 permutation tests on the significant WTC results. Given that the 
data sampling points varied across participant pairs (determined by 
participants' decision times), we adopted a data-specific permutation 
approach for significant interaction effects (Feng et al., 2025). Specif
ically, we randomly shuffled the 200-trial data from one participant for 
each pair and recomputed the WTC values with the other participant. 
After baseline correction and Fisher's Z transformation, permutation 
tests were performed. This procedure disrupted the true interactive 
states while preserving the internal coherence of trial-level data. For 
significant between-group main effects, we permuted group labels 1000 

Fig. 5. The predictive accuracy of models for fitted data (A) and simulated data (B). Note that the higher the values of these bars are, the better the predictive 
accuracy is. As shown above, the VSE and ORL model exhibited the most robust predictive accuracy among other models.

Table 2 
Predictive accuracy of all models in fitted and simulated data.

Model Fitted (M ± SD) Simulation (M ± SD)

EV 0.431±0.015 0.287±0.008
ORL 0.477±0.014 0.319±0.010
PVL_delta 0.443±0.015 0.274±0.008
VPP 0.473±0.013 0.304±0.009
VSE 0.479±0.014 0.339±0.009

Fig. 6. The parameter recovery results of the five models, including the parameter regression lines of (A) the EV model, (B) the ORL model, (C) the PVL_delta model, 
(D) the VPP model, (E) the VSE model. Here the grey dashed line represents the regression line where the fitted and simulated parameters are equal, and the closer 
the parameters line are to the grey dashed line, the better the parameter recovery results are. As shown above, the ORL model exhibited the most robust parameter 
stability among the five models, followed by the VPP and VSE models.
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times to precisely assess the authentic group effects. Furthermore, we 
conducted 1000 permutation tests based on frequency-band-by-channel 
clustering, wherein continuous frequency bands and spatially clustered 
channels were treated as a single cluster. Detailed procedures and results 
are provided in Supplementary Material S1.

The coupling directionality on the dyad level. To deepen under
standing of dyadic decision-making neural substrates, we utilized 
Granger causality analysis (GCA) to investigate directed interbrain 
connections (Bressler and Seth, 2011; Granger, 1969; Im et al., 2010), 
which has been effective in uncovering neural signal directionality in 
social contexts (Chen, 2022; Pan et al., 2017; Zhang et al., 2023b). The 

GCA procedure in this study included: extracting fNIRS data from IGT 
task phases with significant group differences using MATLAB, calcu
lating trial means to standardize data, and employing the HERMES 
package to determine pairwise causalities (Chen, 2020; Zhang et al., 
2023c).

The GC index calculation for the y to x direction is detailed subse
quently. 

GCy→x = ln
(

Vx|x

Vx|x,y

)

Fig. 7. The model recovery results, including the recovery bar plots with (A) the EV model, (B) the ORL model, (C) the PVL_delta model, (D) the VPP model, (E) the 
VSE model as the baseline model. All bars with values less than zero indicate that, compared to the original model used to generate these simulation data, other 
models can better explain the simulation data, suggesting poor model recovery capacity of the original model. As shown in the plot, the VSE and ORL model exhibited 
the most robust model stability among other models, followed by the PVL_delta and EV model.

Table 3 
The parameter settings and equations of ORL.

Parameter Equation Function

αREW EVj(t + 1) = EVj(t) + Arew⋅
(
x(t) −

EVj(t)
)

capture differential 
sensitivities to losses and 
gains

αPUN EVj(t + 1) = EVj(t) + Apun⋅
(
x(t) −

EVj(t)
)

capture differential 
sensitivities to losses and 
gains

βP Vj(t + 1) = EVj(t + 1) + EFj(t + 1)⋅βF+

PSj(t + 1)⋅βP 
Both free parameters in the function

βP > 0, tend to stick to 
previous choices (persist); 
βP < 0, tend to switch and 
select (explore); 
βP = 0, previous choices 
do not affect current 
decisions;

βF βF > 0, preference high 
win rate deck; 
βF < 0, preference low win 
rate deck.

K PSj(t+1) =
1

1 + K  
(choosen) ; 

PSj(t+1) =
PSj(t)
1 + K  

(unchoosen)

a reversal learning 
component to update the 
expected outcome 
frequency of unchosen 
decks Fig. 8. The between-group differences in the parameters of the ORL model. 

BetaFreq (βfre) refers to the decision weight of the deck win frequency. Bars 
represent mean ± SEM. * means FDR-corrected p < 0.05.
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According to this calculation, the numerator is the variance of the 
residuals when x is predicted using only the past values of x, and the 
denominator is the variance of the residuals when x is predicted using 
both the past values of x and y. The denominator is the variance of the 
residuals when x is predicted using both the past values of x and y. 

Vx|x,y = var
(
uxy

)

The time series x is similarly calculated as shown below. The fNIRS 
time series of one participant y (n) into the bivariate autoregressive 
model of the fNIRS time series of the other participant x (n) is also 
denoted below (Nisoet al., 2013). 

x(n) =
∑p

k=1
ax|x,kx(n− k) +

∑p

k=1
ax|y,ky(n− k) + uxy(n)

A three-factor repeated measures ANOVA tested for GROUP, STAGE, 
and DIRECTION effects.

2.4.4. Pearson correlations: reconciling cognitive models with 
neurobiological evidence

Pearson correlations were used to explore relationships between 
behavior, cognition, and neural activity in dyadic decision-making, 
focusing on significant IBS channels, model parameters, and IGT 
metrics.

3. Results

3.1. Behavioral performance in the IGT

The repeated measured ANOVA with GROUP (coop and comp) as a 
between-participant factor and BLOCK (B1, B2, B3, B4, and B5) as a 
within-participant factor was conducted on the accumulative earnings 
and net scores to test the group difference on the IGT task among the 5 
blocks. Results of accumulative earnings showed a significant main ef
fect of BLOCK, F (4, 232) = 5.27, p < 0.001, ηp

2 = 0.083. Subsequent 
simple effects analyses found that accumulative earnings at B1 (p <
0.01) and B2 (p < 0.05) were significantly lower than that at B5. There 
was also a significant main effect of GROUP, F (1, 58) = 94.60, p <
0.001, ηp

2 = 0.620. Following simple effects analyses, it found that the 
accumulative earnings of the COMP group was significantly higher than 
that of the COOP group. The interaction effect on accumulative earnings 
was not significant, F (4, 232) = 1.01, p = 0.401, ηp

2 = 0.017.
The analysis of net scores showed a significant main effect of BLOCK, 

F (4, 232) = 6.964, p < 0.001, ηp
2 = 0.107. Following simple effects 

Table 4 
ANOVA Results for IBS.

Channel MAIN effect INTERACTION effect

STAGE GROUP STAGE × GROUP

F value p value F value p value F value p value

CH4-FOI4 1.480 0.229 0.549 0.462 11.80 0.001
CH6-FOI2 0.140 0.710 0.917 0.342 12.358 <0.001
CH12-FOI2 2.530 0.117 9.280 0.003 1.880 0.176
CH20-FOI2 1.360 0.249 9.920 0.003 3.040 0.087
CH21-FOI2 0.702 0.405 9.390 0.003 2.366 0.129

Note: This table presents the ANOVA results for all IBS target channels. The 
frequency band for FOI2 ranges from 0.340 to 0.381 Hz, while the frequency 
band for FOI4 ranges from 0.015 to 0.017 Hz. The significant effects are bold
faced on light gray.

Fig. 9. Group differences in IBS at FOI2 in FPC channels. (A) CH12 (BA10), (B) CH20 (BA10), and (D) CH21 (BA10) all showed significantly higher IBS in the COMP 
group than in the COOP group (all FDR-corrected p < 0.01). (C) Schematic illustration of the ANOVA results. A schematic illustration including Brodmann Area 
annotations is shown in Figure S5C. Data are averaged across decision-making and feedback stages. Bars represent Mean ± SEM. ** means FDR-corrected p < 0.01.
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analyses it was found that the net scores at B5 were significantly higher 
than those at B2 (p < 0.01) and B3 (p < 0.05). In addition, the net scores 
at B4 were significantly higher than those at B2 (p < 0.01). The main 
effect of GROUP (F (4, 232) = 1.44, p = 0.235, ηp

2 = 0.024) and the 
interaction effect (F (4, 232) = 0.914, p = 0.456, ηp

2 = 0.016) were both not 
significant.

3.2. Computational cognitive modelling in the IGT

As for the computational cognitive modelling results showed in 
Fig. 8, an independent samples t-test was conducted with GROUP as the 
independent variable and with win-frequency sensitivity (βfre) as the 
dependent variable. This revealed that the βfre of the COMP group was 
significantly lower than that of the COOP group (t = 2.101, p < 0.05, 
Cohen’s d = 0.543). This finding suggests that the COOP group priori
tized deck win frequency, possibly due to a tendency to preserve 
teammates’ successful choices in a cooperative context to mitigate 
personal evaluation risks (Krieg and Xu, 2018; Ortiz et al., 2017).

3.3. Neural performance on the IGT

3.3.1. Inter-brain synchronization
A repeated measure ANOVA with the GROUP (COOP, COMP) as the 

between-participant factor and the STAGE (decision-making phase; 
feedback phase) as the within-participant factor was used on all chan
nels across five FOIs to identify the group differences in the two decision 
phases. Given that significant differences were exclusively observed in 
FOI2 (0.340–0.381 Hz) and FOI4 (0.015–0.017 Hz), subsequent ana
lyses focused specifically on these two frequencies of interest.

For FOI2 (0.340–0.381 Hz), the interaction effect of GROUP and 
STAGE at CH6 (BA9 - DLPFC) was significant, F (1, 58) = 12.358, FDR- 
corrected p < 0.001, ηp

2 = 0.176. A post hoc test with Bonferroni 
correction indicated that the IBS at CH6 for the decision-making stage 
was significantly higher than that for the feedback stage in the COMP 
group (FDR-corrected p < 0.05, see Fig. 10B and 10D). The main effects 
of GROUP and STAGE at CH6 were both not significant (for more details 
of statistical results see Table 4). In addition, the main effect of GROUP 
at CH12 (BA10 - FPC) was significant, F (1, 58) = 9.28, FDR-corrected p 
< 0.01, ηp

2 = 0.138. The post hoc test with Bonferroni correction indi
cated that the IBS for the COMP group was significantly higher than that 

Fig. 10. Stage-dependent effects on IBS in DLPFC channels at FOI2 and FOI4. (A) Schematic illustration of the interaction effect in FOI4. A schematic illustration 
including Brodmann Area annotations is shown in Figure S6A. As shown in panel (C), a significant GROUP × STAGE interaction was observed for CH4 (BA9) at FOI4 
(FDR-corrected p < 0.05), with the COMP group showing higher IBS during decision-making than feedback (FDR-corrected p < 0.05). (B) Schematic illustration of 
the interaction effect in FOI2. A schematic illustration including Brodmann Area annotations is shown in Figure S6B. As shown in panel (D), CH6 (BA9) at FOI2 also 
showed a significant GROUP × STAGE interaction (FDR-corrected p < 0.001), with the COMP group showing greater IBS during decision-making than feedback 
(FDR-corrected p < 0.05). Bars represent Mean ± SEM. * means FDR-corrected p < 0.05; ** means FDR-corrected p < 0.01.
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for the COOP group (FDR-corrected p < 0.01, see Fig. 9A). Moreover, the 
main effect of GROUP at CH20 (BA10 - FPC) was significant, F (1, 58) =
9.92, FDR-corrected p < 0.01, ηp

2 = 0.146. The post hoc test with Bon
ferroni correction indicated that the IBS for the COMP group was 
significantly higher than that for the COOP group (FDR-corrected p <
0.01, see Fig. 9B). Similarly, the main effect of GROUP at CH21 (BA10 - 
FPC) was significant, F (1, 58) = 9.39, FDR-corrected p < 0.01, ηp

2 =

0.139. The post hoc test with Bonferroni correction indicated that the 
IBS for the COMP group was significantly higher than that for the COOP 
group (FDR-corrected p < 0.01, see Fig. 9D), whereas the main effect of 
STAGE and the interaction effect at CH12, CH20, CH21 were all not 
significant (for more details of statistical result see Table 4).

For FOI4 (0.015–0.017 Hz), only the interaction effect of GROUP and 
STAGE at CH4 (BA9 - DLPFC) was significant, F (1, 58) = 11.80, FDR- 
corrected p < 0.01, ηp

2 = 0.169. The post hoc test with Bonferroni 
correction indicated that the IBS at CH4 for the decision-making stage 
was significantly higher than that for the feedback stage in the COMP 
group (FDR-corrected p < 0.05, see Fig. 10A and 10C). The main effect 
of GROUP and STAGE at CH4 were not significant (see more details in 
Table 4).

Furthermore, the interaction effect for CH6 at FOI2 (p < 0.001, see 
Fig. 11B), the main effect of group for CH12 at FOI2 (p < 0.01, see 
Fig. 12A), the main effect of group for CH20 at FOI2 (p < 0.01, see 
Fig. 12B), the main effect of group for CH21 at FOI2 (p < 0.01, see 
Fig. 12C), and the interaction effect for CH4 at FOI4 (p < 0.01, see 
Fig. 11A) all survived 1000 permutation tests. These results confirm that 
the findings of the present study reflect genuine experimental effects 
rather than random variation.

3.3.2. Coupling directionality
The GCA results found that the main effect of STAGE at CH4 (BA9 - 

DLPFC) was significant, F (1, 118) = 5.845, FDR-corrected p < 0.05, ηp
2 =

0.047. A post hoc test with Bonferroni correction indicated that the GCA 
index in the decision-making stage was significantly higher than that in 
the feedback stage (FDR-corrected p < 0.05). In addition, the interaction 
effect of STAGE and DIRECTION at CH4 was also significant, F (1, 118) 
= 4.370, FDR-corrected p < 0.05, ηp

2 = 0.036. A post hoc test with 
Bonferroni correction indicated that the strength of the observer to 
decision-maker directed brain connections of dyads at the decision- 
making stage was significantly stronger than the decision-maker to 
observer directed brain connections of dyads at the feedback stage (FDR- 

corrected p < 0.05) in CH4 (see Fig. 13). No significant differences were 
observed in the other channels.

3.4. The behavior-brain correlation

Pearson correlation analysis was conducted to investigate the re
lationships among IBS, cognitive processes, and behavioral outcomes 
across different social contexts. As shown in Fig. 14C, in the cooperative 
(COOP) group, IBS at channel CH4 (BA9 - DLPFC) in FOI4 (0.015–0.017 
Hz) during the decision-making stage (r = 0.427, p < 0.05) and the 
feedback stage (r = 0.424, p < 0.05) was positively correlated with IGT 
cumulative earnings. Additionally, IBS at channel CH20 (BA10-FPC) in 
FOI2 (0.340–0.381 Hz) during the decision-making stage (r = − 0.456, p 
< 0.05) and the feedback stage (r = − 0.427, p < 0.05) was negatively 
correlated with IGT net scores, as was IBS at channel CH21 (BA10-FPC) 
in FOI2 (0.340–0.381 Hz) (r = − 0.380, p < 0.05 and r = − 0.408, p <
0.05, respectively).

As shown in Fig. 14B, in the competitive (COMP) group, reward 
sensitivity (αRew) was negatively correlated with IBS at CH21 (BA10- 
FPC) in FOI2 (0.340–0.381 Hz) during the decision-making stage (r =
− 0.513, p < 0.01) and the feedback stage (r = − 0.499, p < 0.01) and 
with IGT cumulative earnings (r = − 0.447, p < 0.05). Perseveration was 
negatively correlated with IGT net scores (r = − 0.374, p < 0.05). In 
addition, the positive correlation between the IBS of the frontal pole 
(CH21 during feedback stage) and the weight parameter of selection 
persistence was marginally significant (r = 0.344, p = 0.063).

Across the 60 dyads, further significant correlations were observed. 
As shown in Fig. 14A, αRew was negatively associated with IBS at CH21 
(BA10-FPC) in FOI2 (0.340–0.381 Hz) during both the decision-making 
stage (r = − 0.284, p < 0.05) and the feedback stage (r = − 0.281, p <
0.05), indicating that higher reward sensitivity was linked to lower IBS. 
Accumulative earnings were positively associated with IBS at CH4 (BA9- 
DLPFC) in FOI4 (0.015–0.017 Hz) during the decision-making stage (r =
0.296, p < 0.05) and the feedback stage (r = 0.293, p < 0.05), suggesting 
that greater IBS at CH4 was linked to higher earnings. Finally, net scores 
were negatively correlated with IBS at CH21 (BA10-FPC) in FOI2 
(0.340–0.381 Hz) during the feedback stage (r = − 0.255, p < 0.05), 
indicating that higher IBS at CH21 was associated with lower net scores.

Fig. 11. Permutation test results of interaction main effect in CH4 and CH6. (A) Permutation test results of CH4 in FOI4. (B) Permutation test results of CH6 in FOI2. 
Here the green line represents the original F-value, while the light blue bars depict the distribution of F-values obtained from permutation testing. The two red dashed 
lines indicate the critical F-value thresholds at p = 0.05 and p = 0.01, respectively. The permutation test p-values are displayed below the chart title, accompanied by 
asterisk notations.
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4. Discussion

This study integrates RL modeling with dual-brain fNIRS hyper
scanning to dissect the frequency-specific neural mechanisms and 
computational processes underlying cooperative and competitive dyadic 
risky decision-making. Behaviorally, competitive dyads achieved 
significantly higher cumulative earnings than cooperative dyads, 
whereas cooperators displayed a pronounced preference for high win- 
frequency choices, likely to mitigate social evaluation risks. Computa
tional modeling revealed that the ORL model effectively captured this 
strategic divergence: cooperators exhibited elevated βfre values (reward- 
frequency sensitivity), while competitors demonstrated more flexible, 
task-oriented strategies characterized by reduced reward sensitivity 
(αRew) and lower choice persistence.

The neuroimaging findings suggest a dual-pathway mechanism 
governing competitive dyadic interactions. We observed that FPC 
(BA10) synchronization in the mid-to-high frequency band (FOI2: 
0.340–0.381 Hz) was intrinsically linked to opponent-focused moni
toring and the inhibition of impulsive risk-seeking. Concurrently, DLPFC 
synchronization (BA9) in the ultra-low frequency band (FOI4: 
0.015–0.017 Hz) correlated with generalized cognitive control and 
enhanced decision efficiency. This frequency-specific functional map
ping aligns with our RL-based behavioral inferences and converges with 

prior hyperscanning work (Peng et al., 2025), which reported 
context-dependent modulation of IBS in cooperative versus competitive 
decision-making. Importantly, our approach extends this literature by 
resolving the spectral architecture of these effects and linking discrete 
frequencies to specific latent cognitive parameters.

4.1. Prefrontal synchronization in competition: A dual-pathway 
framework for risk decision-making

Our findings support and refine the context-specific neural coupling 
effects observed by Peng et al. (2025), who demonstrated increased IBS 
in competitive interactions within prefrontal regions. In the present 
study, we show that these enhancements are not homogeneous: FPC IBS 
in FOI2 is associated with greater opponent monitoring (positively 
correlated with βpers) and reduced reward-driven learning processes 
(negatively correlated with αRew, which is associated with reduced cu
mulative earnings), while DLPFC IBS in FOI4 is positively correlated 
with cumulative earnings, reflecting sustained goal-directed control. 
This specialization suggests that competitive advantage emerges from a 
division of labor between fast social information processing and slower, 
strategic cognitive control—a pattern consistent with the DLPFC’s 
established role in orchestrating goal-oriented behavior (Miller and 
Cohen, 2001) and with the coordination–efficiency trade-offs outlined 

Fig. 12. Permutation test results of GROUP main effect in CH12, CH20, CH21 at FOI2. (A) Permutation test results of GROUP main effect in CH12. (B) Permutation 
test results of GROUP main effect in CH20. (C) Permutation test results of GROUP main effect in CH21. Here the green line represents the original F-value, while the 
light blue bars depict the distribution of F-values obtained from permutation testing. The permutation test p-values are displayed below the chart title.
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in Peng et al. (2025). This dual pathway architecture, in which ultra-low 
frequency DLPFC coupling supports decision efficiency and higher fre
quency FPC coupling supports social monitoring, provides a mechanistic 
account of competitive advantage and outlines directions for future 
research. As these frequency ranges were identified through exploratory 
analyses in a single cohort, their functional interpretation remains pre
liminary. Whether FOI4 and FOI2 selectively index social monitoring or 
cognitive control requires replication in independent samples and direct 
comparison with hyperscanning studies using comparable spectral def
initions. Future work will combine multi-site recordings, cross fre
quency coupling analyses, and causal perturbation approaches such as 
transcranial direct current stimulation to test and refine the proposed 
mapping between frequency and function.

4.2. The ORL model as a bridge between cognitive algorithms and neural 
coupling

The ORL framework outperformed alternative RL models (e.g., 
PVL_delta) by dissociating gain and loss learning rates (αRew, αPun) and 
quantifying win-frequency weighting (βfre). Elevated βfre values in 
cooperative dyads indicate a bias toward probabilistic safety, whereas 
lower βfre in competitive dyads reflects more dynamic value tracking 
that is less tied to immediate reward probability, a pattern consistent 
with adaptive optimization in competitive contexts. Our findings further 
suggest that these computational differences are grounded in prefrontal 
synchronization. The positive association between ultra-low frequency 
DLPFC coupling (FOI4) and cumulative earnings indicates that syn
chronized activity supports stable goal directed reward learning pro
cesses indexed by the decrease of αRew. In contrast, mid to high 
frequency FPC synchronization (FOI2) appears to support the integra
tion of social contextual cues, which may account for the stronger in
fluence of win frequency (βfre) in cooperative contexts. By linking FOI- 
specific IBS with RL parameters, this study provides a mechanistic ac
count of how coordinated prefrontal activity supports adaptive decision 
making across social contexts, extending prior work (Peng et al., 2025) 

that has focused on broader frequency ranges.

4.3. Cooperative reward–win frequency bias: Neural costs of social 
alignment

Beyond the computational mechanisms, the preference of coopera
tive dyads for high reward-frequency options despite lower earnings 
reflects a significant social-behavioral trade-off. This pattern is consis
tent with the diffusion of responsibility described by Darley and Latane 
(1968), where shared risk reduces individual accountability and pro
motes choices that appear safer but are suboptimal (Peng et al. 2025). At 
the neural level, the FPC synchronization (BA 10) in the FOI2 band, 
which is associated with this behavioral bias, suggests that cooperation 
shifts cognitive resources away from analytical risk evaluation toward 
the maintenance of shared intentionality (Pan et al., 2017). By inte
grating environmental information and promoting social alignment, the 
FPC highlights a key trade off in which cooperation favors relational 
stability at the cost of reward optimization. These findings link behav
ioral inefficiency with increased neural synchrony and provide a 
mechanistic account of how socially driven motivations shape the neural 
basis of decision making.

4.4. Theoretical and practical implication

This study advances a dual-system framework combining neural 
mechanisms with computational processes to reveal how social contexts 
reshape prefrontal dynamics in adaptive decision-making. By inte
grating dual-brain fNIRS hyperscanning with reinforcement learning 
modeling, we reveal frequency-specific mechanisms through which 
competition and cooperation engender a tradeoff between strategic ef
ficiency and social cohesion. In competitive environments, dual brain 
synchronization of FOI2 in the FPC reduce reward-driven risk-seeking 
strategies by focusing on social information, a process indexed by 
heightened IBS in decision-critical channels (CH12/CH20/CH21). In 
addition, neural coupling of FOI4 in the DLPFC may represent task- 

Fig. 13. Directional coupling (Granger causality analysis) in CH4 (BA9, DLPFC). 
(A) Schematic illustration of the GCA results. The red arrow indicates the direction of coupling from the observer to the decision-maker, while the blue arrow in
dicates the direction from the decision-maker to the observer. The thickness of the arrow and the height of the bars represent the coupling strength. (B) Bar plot of the 
ANOVA results. A significant main effect of STAGE was observed: GCA indices were significantly higher during the decision-making stage than during the feedback 
stage (FDR-corrected p < 0.05). Furthermore, a significant STAGE × DIRECTION interaction was found: the observer-to-decision-maker coupling strength during the 
decision-making stage was significantly stronger than the decision-maker-to-observer coupling strength during the feedback stage (FDR-corrected p < 0.05). The 
asterisk (*) denotes significance at an FDR-corrected p < 0.05.
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general cognitive control, aligning with the DLPFC’s role in sustaining 
goal-directed control through large-scale cortical integration (Miller and 
Cohen, 2001). Conversely, cooperation shows reduced IBS in the FPC, 
reflecting responsibility diffusion—a state where teammate presence 
attenuates decision-relevant information extraction, as per the 
coordination-efficiency trade-off.

These findings clarify the competition-cooperation paradox. In 
competition, participants simultaneously monitor task cues and the 
opponent, which supports strategic dominance. In cooperation, they 
trade analytical precision for relational stability, leading to re
sponsibility diffusion. By linking prefrontal oscillatory coupling (lower 
vs. higher IBS) to context-specific learning, we connect social neuro
science with computational psychiatry. The ORL model captures this 
dissociation. Higher βfre in cooperative contexts reflects a cautious bias 
driven by synchronized rhythms, whereas competitive contexts favor 
rapid value updating that is less dependent on immediate reward 
probability (Haines et al., 2018). In this way, social context constrains 
reinforcement learning processes and helps reconcile differing accounts 
of social risk taking (Linde and Sonnemans, 2015).

Practically, these insights offer actionable biomarkers for both 

clinical and technological applications. DLPFC-IBS could guide in
terventions for disorders characterized by social-cognitive inflexibility 
(e.g., autism spectrum disorder), where impaired strategic filtering ex
acerbates social interference. Conversely, the negative correlation be
tween frontopolar IBS and task efficiency identifies synchronization 
thresholds for optimizing cooperative systems—insights applicable to 
neurofeedback protocols requiring balanced social-task coordination. 
For instance, modulating frontopolar hyper-synchronization via real- 
time fNIRS feedback might enhance cooperative decision-making 
without sacrificing relational harmony.

4.5. Limitations and future prospects

Despite the insights gained, several limitations of the present study 
warrant acknowledgment. First, the recruitment of an exclusively fe
male sample, while intentional to control for gender-related variability 
in social cognition (Wang and Li, 2024), restricts the generalizability of 
our findings. Given documented gender differences in the neural dy
namics of competition and social decision-making (Liu et al., 2020), 
future research should employ balanced or mixed-gender dyads to 

Fig. 14. Correlations between IBS, RL parameters, and behavioral performance. (A) All dyads: αRew was negatively associated with IBS at CH21 (FOI2) during both 
stages (p < 0.05). Accumulative earnings positively correlated with IBS at CH4 (FOI4) in both stages (p < 0.05). Net scores negatively correlated with IBS at CH21 
(FOI2) during feedback (p < 0.05). (B) COMP group: αRew negatively correlated with IBS at CH21 (FOI2) in both stages (p < 0.05) and with accumulative earnings (p 
< 0.05). Perseveration negatively correlated with net scores (p < 0.05). A marginally significant positive correlation was found between frontal pole IBS (CH21 
during feedback stage) and selection persistence weight (p = 0.06). (C) COOP group: IBS at CH4 (FOI4) during both decision-making and feedback positively 
correlated with cumulative earnings (p < 0.05). IBS at CH20 and CH21 (FOI2) during both stages negatively correlated with net scores (p < 0.05).
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enhance the ecological validity of the results. Second, our neural mea
surements were restricted to frontal regions due to equipment-related 
spatial constraints. Whilst the prefrontal cortex is a critical hub for 
reinforcement learning and strategic control, social decision-making 
typically engages a distributed “social brain” network, including the 
temporo-parietal junction (TPJ) and superior temporal sulcus (STS), 
which are implicated in mentalizing and intention attribution (Hu et al., 
2025; Lu et al., 2020b; Wang et al., 2024). Future hyperscanning in
vestigations should adopt whole-head montages or multi-site probe ar
rays to delineate the coordination between these posterior regions and 
frontal oscillatory dynamics. Third, although our computationally 
intensive trial-shuffling permutation analysis confirmed the robustness 
of the identified IBS effects, the 1-minute resting-state baseline 
employed remains relatively brief. Future studies might consider longer 
baseline recordings or the inclusion of diverse control conditions (e.g., 
non-interactive tasks) to further isolate task-specific inter-brain 
coupling. Fourth, the computational modeling approach treated each 
dyad as a single decision-making agent. Alhough this abstraction offers a 
parsimonious framework that aligns naturally with inter-brain syn
chrony metrics and facilitates modeling of supra-individual dynamics 
(Blanchard et al., 2025; Li et al., 2024), it inevitably sacrifices granu
larity in capturing the bidirectional observation and adaptation pro
cesses that occur within dyadic interactions. Future “social 
reinforcement learning” models could overcome this limitation by 
incorporating interpersonal prediction-error signals, potentially indexed 
by dorsolateral prefrontal inter-brain synchrony or specific frequency 
bands (e.g., FOI2). Finally, although the IGT is a well-established 
paradigm for studying risky choices, it abstracts away from the com
plexities of real-world social risks. Subsequent research should examine 
whether the frequency-specific mechanisms identified here generalize to 
high-stakes, ecologically valid paradigms, such as iterative economic 
bargaining or complex cooperative-competitive games with tangible 
social outcomes.
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