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An amygdala-mediated simulation-to-
decision cascade aligns interbrain dynamics 
to solve social dilemmas
 

Jun Ni    1,2,6, Fangang Meng3,6, Chao Zhang3,6, Huixin Tan1,2, Xiaoyu Zeng    1,2, 
Jiaxin Yang1,2, HuanJia Li1,2, Yuan Qi1,2, Yuchi Yan1,2, Yanyang Zhang4, Kai Zhang3 & 
Yina Ma    1,2,5 

Mutual cooperation (MC) requires independent decision-makers to 
coordinate under uncertainty about each other’s intentions. Using 
simultaneous intracranial electroencephalography from epilepsy–patient 
dyads playing a real-time iterated prisoner’s dilemma, we identified 
neurocognitive mechanisms that enable interacting brains to align during 
mutual cooperation. Amygdala interbrain representational alignment 
(IBRA), similarity in fine-grained neural spectral patterns across partners, 
emerged selectively during MC and predicted trial-by-trial outcomes. 
Early θ-suppression-characterized IBRA reflected rapid, history-sensitive 
alignment, whereas later IBRA, characterized by low-frequency suppression 
and γ increases, supported coordinated commitment and action. 
Furthermore, mutual cooperation relied on an amygdala-mediated, 
simulation-to-decision cascade, operationalized here as a model-based 
prospective estimate of partner cooperation that guided self-choice. 
Amygdala low-frequency suppression tracked this prospective estimate 
of partner cooperation and θ–γ coupling linked this partner estimate 
to self-decision processes. Conditional cooperators strategically relied 
on partner tracking, whereas unconditional cooperators leveraged 
dispositional tolerance of uncertainty to transition into anticipatory neural 
alignment. These findings reveal the neural interdependency underpinning 
MC, redefining cooperation not as isolated decision-making but as a 
dynamic, interbrain, cognitive alignment.

Mutual cooperation represents one of humanity’s most remarkable 
strengths, yet also one of its most fragile achievements. From interper-
sonal alliances to large-scale endeavors, cooperation enables collective 
achievements that far exceed individual capabilities1,2. Defined as joint, 
interdependent commitments to align actions toward shared benefits3,4, 
mutual cooperation (MC) emerges when individual decisions dynami-
cally converge into collective action. However, despite its fundamental 
importance, MC often fails to emerge even among well-intentioned 

individuals5,6. This paradox manifests prominently in social dilemmas 
such as the prisoner’s dilemma (PD), wherein mutual cooperation yields 
the optimal collective outcomes, yet rational agents typically default 
to defection—the individually dominant strategy7. A central question 
therefore remains unresolved: how do two autonomous minds, each with 
private intentions and incentives to act selfishly, align their decisions and 
take a joint leap toward cooperation? Addressing this question is central 
across disciplines, including economics, psychology and neuroscience8,9.
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(iEEG) studies have shown that spectral power patterns carry distinct 
cognitive content at millisecond resolution27,31, tracking episodic rein-
statement, shared abstract structures and internal task models32–34. 
Extending these insights, we operationalize IBRA as within-dyad simi-
larity in time-resolved spectral patterns between interacting brains. 
Unlike traditional metrics of interbrain synchrony, which quantify 
co-fluctuations in amplitude or phase without reference to represented 
content3,35,36, IBRA captures crossbrain similarity in representational 
structure, allowing us to test whether convergent neural representa-
tions specifically emerge during mutual cooperation.

Second, social prospective simulation addresses the challenge of 
informational uncertainty by enabling individuals to form a prospec-
tive estimate of their partner’s upcoming decisions and integrate 
that estimate into their own decision-making processes13,23–25,37,38. This 
mechanism is motivated by three lines of evidence: (1) human neuro-
imaging studies showing prospective inference about others’ mental 
states8,39; (2) primate electrophysiological research demonstrating 
that amygdala neurons encode predictions about partner choices37; 
and (3) behavioral findings indicating shifts in cooperative strategies 
when partners’ decision-making becomes transparent13,38. Translating 
these insights into real-time human interactions, we hypothesized 
that, during MC, the amygdala supports a model-based prospective 
estimation of partner intent, with this prospective estimate linked to 
self-decisions, possibly via cross-frequency neural coupling. This mech-
anism enables individuals to align not only based on history, but also 
through forward simulation that mentally bridges informational gaps.

Here we leverage simultaneous intracranial recordings (Fig. 1a) 
from interacting patients with epilepsy to enable millisecond-resolution 
tracking of neural representational alignment and prospective simula-
tion across brains. We focused on the amygdala (Fig. 1b), crucial for 
social valuation and partner inference16,17,37, and the TPJ (Fig. 1b), which 
is central to mentalizing and social prediction8,39. We distinguished 
two cooperation phenotypes: pure (unconditional) cooperators, who 
consistently achieve MC from the outset, and conditional cooperators, 
whose cooperation varies depending on historical interactions and 
contextual factors. This distinction enabled us to probe whether the 
proposed mechanisms are essential prerequisites for MC or compen-
satory processes that emerge under uncertainty. We found that MC 
was selectively accompanied by amygdala IBRA, with early and late 
alignment reflecting distinct history-sensitive and decision-related 
neural dynamics. Computational modeling further revealed an 
amygdala-mediated prospective partner estimation-to-decision pro-
cess, in which partner-related estimates are linked to self-decisions 
through low-frequency and cross-frequency neural dynamics. Finally, 
pure mutual cooperators exhibited anticipatory interbrain alignment, 
suggesting that MC can arise through distinct neural routes depending 
on how individuals resolve social uncertainty.

Results
Behavioral signatures of MC in the iterated PD
To investigate the neurocognitive dynamics underlying MC, defined 
here as both individuals choosing to cooperate within the same trial, we 
simultaneously recorded iEEG signals from pairs of patients with epi-
lepsy (n = 45 dyads; Supplementary Table 1 and Supplementary Fig. 1) 
engaged in a real-time, feedback-based, iterated PD game (Fig. 1c), a 
classic paradigm for studying cooperation decision-making. In this task, 
each individual faced a binary choice to cooperate (C) or defect (D), 
with the payoff matrix designed to create a tension between individual 
self-interest and collective benefit. This matrix ensures that MC yields 
optimal collective gains, whereas unilateral defection maximizes the 
defector’s payoff at the expense of the cooperator (Fig. 1d and Meth-
ods). Our primary analyses focused on 26 conditional-cooperator (CC) 
dyads (Supplementary Table 1a) who exhibited variability across trials, 
achieving both MC and non-MC outcomes (unilateral cooperation or 
mutual defection), enabling within-dyad comparisons. The remaining 

Classic game-theory models identify two fundamental barriers to 
MC: the defection equilibrium5,6 and the commitment problem10. The 
defection equilibrium arises from independent, self-interested reason-
ing: individuals conclude that defection maximizes personal payoff 
regardless of the partner’s choice5,6. Mutual defection thus becomes 
the stable Nash equilibrium, despite being collectively suboptimal. 
This reflects decisional independence, wherein individuals treat their 
partner’s intentions as irrelevant or opaque11,12. Second, even when both 
parties prefer cooperation and consider each other’s intentions, they 
still face the commitment problem: each fears unilateral exploitation 
without guarantees that the partner will also cooperate6,13. This barrier 
stems not from selfishness as such, but from informational uncertainty 
in decentralized decision-making: the fundamental opacity of the 
partner’s mind. Together, these challenges highlight that MC is not 
merely an aggregate of individual cooperative acts, but a relational 
achievement requiring intentional alignment and mutual commitment 
under uncertainty10,14.

Previous neuroscience studies have implicated the temporo-
parietal junction (TPJ), prefrontal cortex and amygdala in coop-
erative decision-making, highlighting mechanisms of social 
valuation that integrate external incentives with intrinsic motivations 
for cooperation9,15–17. However, existing studies have predominantly 
treated cooperation as discrete, isolated choices made by individuals 
in parallel, necessitating a conceptual shift: from viewing cooperation 
as independent choice events to understanding it as a dynamically 
constructed, interbrain process18,19. This perspective relates to, but is 
distinct from, classic theory-of-mind accounts of social cognition20,21. 
Theory of mind primarily addresses an epistemic challenge: how indi-
viduals infer another agent’s beliefs, intentions or mental states21. 
Although such inference is fundamental for social interaction, accurate 
mental-state inference alone does not guarantee coordinated out-
comes in strategic environments characterized by interdependence 
and incentive conflict. For example, in the PD, individuals may correctly 
infer a partner’s cooperative intention yet still defect to maximize per-
sonal payoff22. Thus, beyond understanding another mind, successful 
cooperation requires mechanisms that transform partner-related 
information into coordinated action.

To address this coordination-level challenge, we proposed that MC 
becomes feasible through what we term ‘interdependent cognition’: a 
process in which each individual’s decision-making process is shaped 
by internal representations and predictions of the partner’s likely 
intentions and actions23–25. Within this framework, cooperation does 
not arise from isolated decisions, but from dynamically interdependent 
cognitive processes across interacting individuals. We formalized this 
idea as a neural interdependency framework, positing that cooperative 
convergence emerges when individuals, despite making private deci-
sions, become functionally coupled through aligned neural representa-
tions and prospective partner-estimation processes.

This framework specifies two neural mechanisms that operation-
alize such interdependency: interbrain representational alignment 
(IBRA) and social prospective simulation. IBRA addresses decisional 
independence by aligning task-relevant neural representations across 
interacting partners, whereas social prospective simulation may 
address informational uncertainty by enabling individuals to gener-
ate a prospective estimate of their partner’s forthcoming decisions 
and integrate that estimate into their own decision process.

Specifically, IBRA enables interacting individuals to develop simi-
lar internal representations of ongoing interactions, such as prior 
cooperative exchanges or partner-related expectations, by converging 
on similar, task-relevant neural patterns. This mechanism builds on 
foundational work on neural reinstatement, in which neural patterns 
from encoding episodes are reactivated during retrieval26,27, and on 
the representational similarity framework28, which quantifies neu-
ral pattern similarity across cognitive states, attitudes and abstract 
mental constructs29,30. Recent intracranial electroencephalography 
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19 dyads (Supplementary Table 1b), who consistently cooperated 
throughout, were analyzed separately.

Participants achieved MC in 53% of trials, a rate consistent with 
prior reports in healthy individuals15. Compared to non-MC trials, mutu-
ally cooperative decisions occurred significantly faster (P = 3.33 × 10−4; 
Fig. 1e and see full statistical reports in Supplementary Table 2) and 
exhibited greater temporal alignment between partners (P = 0.021; 

Fig. 1f and Supplementary Table 2) even after controlling for individual 
decision speed or choice similarity. These findings suggest that MC 
involves not only joint choices but also temporal alignment within 
the dyad.

We next examined how interaction history influenced cur-
rent cooperation decisions. Both the likelihood (P = 4.27 × 10−13; 
Fig. 1g and Supplementary Table 2) and speed (P = 0.001; Fig. 1h and 
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Fig. 1 | Experimental setup and behavioral results. a, Schematic of simultaneous 
intracranial recordings from dyads of patients with epilepsy engaged in a 
real-time PD game. Implanted electrodes recorded local field potentials (LFPs) 
from neuronal populations. b, Locations of 208 amygdala (left) and 410 TPJ 
(right) channels. The anatomical localization of each channel was determined 
and visually inspected within the native space of each patient. For visualization, 
electrode locations were registered to standard Montreal Neurological Institute 
(MNI) space and projected onto the surface of the right hemisphere of the 
ICBM152 template (channels located in the left hemisphere are mirrored at their 
symmetrical locations in the right hemisphere). Each colored sphere represents 
a single channel. D, dorsal; P, posterior; M, medial; A, anterior; L, lateral. c, Trial 
timeline: example of an MC trial. Each trial included a decision phase (cooperate 
versus defect), followed by the outcome phase (both decisions and the resulting 
payoffs) and an optional punishment phase when defection occurred. Phases 
were separated by a 600-ms to 1,000-ms jitter and trials were separated by an 
intertrial interval of 1,200–2,000 ms. d, Payoff matrix specifying monetary 

rewards for all choice combinations. e,f, MC trials showing faster decision times 
(e) and greater dyadic decision–time similarity (f) than non-MC trials. The box 
plots show the medians (center line), interquartile ranges (IQRs, box edges), 
whiskers (1.5× IQR) and mean values (crosses). Black lines connect mean values 
across all trials in each condition. Significance was assessed through two-sided 
linear mixed-effects models (see Supplementary Tables 2 for full statistics). 
g,h, Regression coefficients for MC rate in the previous three trials predicting 
MC likelihood (g) and MC decision time (h), derived from (generalized) linear 
mixed-effects models, two sided. MC history rate positively predicted MC 
likelihood (g) and negatively predicted MC decision time (h). Model formulas are 
specified below the x axes, with tildes linking dependent (left) and independent 
variables (right). Center dots and corresponding error bars represent estimated 
coefficients and s.e. values, respectively. See Supplementary Tables 3 for full 
statistics: ***P < 0.001, **P < 0.01, *P < 0.05. C, cooperate; D, defect. Illustration in 
a created in BioRender; Ni, J. https://www.biorender.com/adev72z (2026).
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see Supplementary Table 2 for full statistics) of achieving MC were pre-
dicted by recent MC history defined as the MC rate over the preceding 
three trials (see history-length analyses in Supplementary Table 3a). We 
next performed forward stepwise model selection to assess the relative 
predictive contributions of recent MC rate, individual-level coopera-
tion rate and punishment rates. The MC rate entered the models first 
and was the only predictor retained for both MC likelihood (χ2 = 253.16, 
P = 5.33 × 10−57) and MC speed (F395 = 16.37, P = 6.28 × 10−5). After the 
MC rate had entered the models, neither individual cooperation rate 
nor punishment rate met the criterion for further inclusion (P > 0.05; 
Supplementary Table 3b). In addition, this interaction-history effect 
cannot be reduced to simple reciprocal strategies (such as Tit-for-Tat or 
Win-Stay-Lose-Shift strategies; Methods and Supplementary Table 4). 
These findings suggest that MC in this task is driven not solely by 
momentary individual cooperative preferences or fixed rule-based 
reciprocity, but also by history-dependent interaction dynamics. This 
raises the possibility that MC may rely on shared interaction-dependent 
processes between partners, motivating our investigation of IBRA in 
the following neural analyses.

Amygdala-mediated IBRA supports mutual cooperation
We tested whether MC involves IBRA. Leveraging the broadband spec-
tral coverage and high spatiotemporal resolution of iEEG, we extracted 
trial-wise spectral power from each intracranial electrode (4–200 Hz, 
200-ms sliding windows, 10-ms steps; analyses with a shorter 100-ms 
sliding window replicated the main findings; Supplementary Fig. 2). 
IBRA was quantified by calculating Fisher’s z-transformed Spearman’s 
correlations between time-resolved spectral power vectors within the 
decision-making epoch (0–1,500 ms) for each pair of same-region 
channels between interacting brains. This yielded a time-resolved IBRA 
profile per dyad and trial, enabling us to track representational align-
ment over time (Fig. 2a).

For each region (amygdala: 141 channel-pairs; TPJ: 332 channel- 
pairs; Supplementary Table 1a), we compared IBRA time courses 
between MC and non-MC conditions across all channel-pairs using 
two-sided, paired Student’s t-tests (P < 0.05, cluster corrected via 
permutation tests). In the amygdala, IBRA was significantly higher 
during MC than non-MC trials in two time windows (early: 70–380 ms, 
Pcorr = 0.002; later: 480–1,160 ms, Pcorr = 1.00 × 10−4, 10,000 permuta-
tions; Fig. 2b). The increased IBRA within each time window was specific 
to MC (versus 0: early: Pcorr = 0.001, late: Pcorr = 1.00 × 10−4, one-sided, 
one-sample Student’s t-test), with no significant IBRA increases 
observed in non-MC trials (early: Pcorr = 0.227; late: Pcorr = 1.000; full 
statistical reports in Supplementary Table 5a). In contrast, TPJ showed 
early IBRA increases (90–410 ms) in both MC (Pcorr = 0.003; Fig. 2c 
and Extended Data Fig. 1a–c) and non-MC (Pcorr = 0.003; Fig. 2c and 
Extended Data Fig. 1d–f) trials, without condition differences, sug-
gesting that TPJ IBRA may reflect a more general process engaged 
during real-time interaction, rather than being specific to MC. These 
results highlighted the role of amygdala IBRA in MC, leading us to 

focus further analyses on the amygdala. To ensure that the regional 
dissociation between amygdala and TPJ was not driven by differences 
in the number of channel-pairs, we performed a subsampling control 
in which 141 TPJ channel-pairs were randomly selected to match the 
amygdala sample size. Repeating the MC versus non-MC comparison 
across 5,000 subsamples yielded no significant MC-specific IBRA in TPJ 
(significant clusters observed in <5% of subsamples), confirming that 
the absence of MC modulation in TPJ cannot be attributed to unequal 
statistical power.

As a confirmatory analysis accounting for the hierarchical 
structure of the iEEG data, we further applied time-resolved, linear 
mixed-effects models (LMEs) with dyad and channel-pair as random 
effects (Methods). These analyses replicated the two temporally dis-
tinct windows with MC > non-MC effects in the amygdala IBRA and the 
absence of condition differences in TPJ IBRA (Extended Data Fig. 2). Fur-
thermore, the MC-increased amygdala IBRA was consistently observed 
in 75% of dyads and remained at the dyad level (Supplementary Table 5a).

Specificity of amygdala IBRA for MC
To rule out alternative explanations for the observed increases in amyg-
dala IBRA, we performed permutation-based control analyses target-
ing shared task settings, concurrent decision-making behaviors and 
same choices or outcomes (Fig. 2d and Supplementary Note 1). First, 
we performed a full-trial permutation by randomly pairing choices  
across trials, thereby disrupting trial-level simultaneity while maintain-
ing the overall task settings. The observed amygdala IBRA during MC 
exceeded the 95% confidence interval (CI) of the null distribution in 
both early (Pcorr = 1.00 × 10−4; Fig. 2e) and late (Pcorr = 1.00 × 10−4; Fig. 2f) 
windows, ruling out shared task settings as a sufficient explanation. 
 Second, we randomly paired cooperation choices while ensuring 
that both participants chose to cooperate, but disrupting whether 
these choices occurred on the same trial. Again, amygdala IBRA 
during real MC exceeded this control (early: Pcorr = 2.00 × 10−4; late: 
Pcorr = 4.00 × 10−4; Fig. 2g,h), ruling out simple co-cooperation as a 
source. Third, we restricted the random pairing to trials in which dyads 
achieved MC, preserving the MC outcome but disrupting real-time 
dyadic simultaneity and shared trial-specific interaction history. 
Here a temporal dissociation emerged: early IBRA remained signifi-
cantly increased (Pcorr = 1.00 × 10−4; Fig. 2i), whereas late IBRA did not  
(Pcorr = 0.684; Fig. 2j). To assess whether this dissociation could be 
attributed to the different lengths of the early and late windows, we 
randomly extracted shorter segments of the same duration as the 
early window from the late IBRA window in each permutation. The 
observed late IBRA still did not exceed the outcome-paired null distribu-
tion (Pcorr = 0.805), indicating that the early–late dissociation was not 
attributable to window length alone. These results suggest that early 
amygdala IBRA requires real-time cooperative alignment, whereas late 
IBRA may occur whenever MC is achieved, even across different trials.

These control analyses confirmed that MC-increased amygdala 
IBRA cannot be explained by task structure, same choices or the mere 

Fig. 2 | Amygdala-mediated IBRA underlies mutual cooperation. a, Schematic 
of IBRA calculation. For each dyad, simultaneous iEEG signals from same-region 
electrodes were transformed into time–frequency spectra (4–200 Hz). Spectral 
power across all frequencies was extracted in sliding windows (200 ms, 10-ms 
steps) and represented as feature vectors. Trial-wise Fisher’s z-transformed 
Spearman’s correlations between feature vectors from paired electrodes 
yielded a time-resolved IBRA profile. Example windows with high (red) and low 
(black) alignment are illustrated. b,c, Time courses of IBRA in amygdala (b) 
and TPJ (c) during MC and non-MC (colored curves representing mean values 
across channel-pairs with shaded areas indicating the 95% CI). Horizontal lines 
indicate significant time windows (cluster-based permutation corrected, 
n = 10,000); blue or pink: MC versus non-MC (two-sided, paired Student’s t-tests); 
purple or gray: MC or non-MC > 0 (one-sided, one-sample Student’s t-tests). 
Amygdala exhibited two distinct MC-specific IBRA increases (70–380 ms and 

480–1,160 ms), whereas TPJ showed early IBRA increases (90–410 ms) in both MC 
and non-MC trials. d–j, Validation of MC-specific amygdala IBRA. d, Illustration 
of three trial-shuffling schemes used to generate pseudo-MC-trials: full-trial 
permutation (top), paired-cooperation-choice permutation (middle) and paired-
MC-outcome permutation (bottom). e,f, In full-trial permutations, real MC IBRA 
exceeded the 95% CI of the null distribution in both early (e) and late (f) windows. 
g,h, In paired-cooperation-choice permutations, real MC IBRA again exceeded 
the 95% CI in both windows (early (g) and late (h)). i,j, In paired-MC-outcome 
permutations, real MC IBRA exceeded the 95% CI in the early (i) but not the late (j) 
windows, indicating a temporal dissociation. Null distributions are plotted with 
values exceeding 95% CI colored, whereas vertical lines indicate the observed 
IBRA values. See Supplementary Table 5 for full statistics. TF, time frequency; 
corr., correlation.
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co-occurrence of MC outcomes. Furthermore, MC recruits two tem-
porally dissociable phases of amygdala IBRA, with early IBRA sensi-
tive to real-time cooperative alignment, whereas late IBRA reflects a 
more generalized alignment of the cooperation state, independent of 
real-time simultaneity. To further rule out timing-related confounds, 

we conducted additional analyses including trial-wise decision speed 
and dyadic decision–time similarity as covariates in LMEs, and the 
MC-specific IBRA effects in both early and late windows remained signif-
icant (Extended Data Fig. 3a and Supplementary Table 6). Similar results 
were obtained when recomputing IBRA on behavior-matched subsets 
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of MC and non-MC trials (Extended Data Fig. 3b and Supplementary  
Table 6). Moreover, aligning neural activity to each participant’s 
response (that is, response-locked IBRA analysis) did not reveal sig-
nificant MC-specific IBRA effects (Extended Data Fig. 3c), indicating 
that the observed stimulus-locked alignment cannot be explained by 
shared motor preparation or synchronized response timing.

Finally, to determine whether the two-stage structure of IBRA 
was tied to absolute physical timing or instead tracked the cognitive 
stages of the decision-making process, we performed a decision-time 
(DT)-normalization (time-warping) analysis. By rescaling each trial’s 
neural time series into a fixed number of bins from stimulus onset to 
response execution, we aligned neural dynamics by relative decision 
progress. This analysis replicated the two-phase temporal structure, 
revealing robust MC-specific alignment in both the early and the late 
stages of the normalized decision interval (Extended Data Fig. 3d and 
Supplementary Table 6). Thus, early and late IBRA may reflect distinct 
stages of the cooperative decision process rather than fixed absolute 
time intervals.

Interaction-history similarity organized amygdala IBRA
The permutation-based controls above constrained several nonrep-
resentational explanations for amygdala IBRA. However, these analy-
ses did not directly test whether IBRA was organized by task-relevant 
content. To address this, we performed a crossbrain, crosstrial repre-
sentational similarity analysis (RSA). For each dyad, we constructed a 
30 × 30 crossbrain neural similarity matrix, in which each cell (i, j) rep-
resented the similarity between the spectral pattern of trial i from one 
participant and trial j from the partner (Extended Data Fig. 4a). We then 
tested whether interaction-history similarity organized this crossbrain 
neural similarity. Interaction-history similarity significantly accounted 
for crossbrain neural similarity specifically within MC–MC trial pairs, 
even after controlling for the same-trial diagonal component as well as 
the overall history-similarity and condition-similarity structure (early: 
t = 2.391, P = 0.009; late: t = 2.626, P = 0.005; Extended Data Fig. 4b,c). 
Time-resolved analyses yielded similar effects (Extended Data Fig. 4d), 
whereas no comparable positive history-structured effect was observed 
for pairs of non-MC trials (Extended Data Fig. 4e,f). Thus, although simi-
lar interaction histories can occur in both cooperative and noncoopera-
tive contexts, only MC was associated with reliable history-structured 
alignment across brains.

These results support the interpretation of amygdala IBRA as 
content-structured representational alignment. Specifically, they show 

that crossbrain neural similarity was organized by behaviorally mean-
ingful interaction-history across trials, rather than merely by same-trial 
timing, shared sensory events or generic dyadic co-fluctuation. Impor-
tantly, these findings complement rather than contradict the earlier 
observation of the real-time specificity of early IBRA: real-time interac-
tion appears to amplify an underlying history-structured alignment 
across brains during MC.

Trial-level prediction of MC by amygdala IBRA
Although we observed stronger amygdala IBRA during MC at the 
condition level, this does not necessarily imply that it can distinguish 
MC from non-MC on individual trials. We therefore tested whether 
amygdala IBRA dynamics during decision-making carried information 
about upcoming cooperative outcomes. We performed time-resolved 
decoding in which amygdala IBRA strength was used to classify each 
trial as MC or non-MC. To ensure robust out-of-sample generaliza-
tion and minimize overfitting, we implemented leave-one-dyad-out 
cross-validation using a linear discriminant classifier (Methods). 
Cooperation outcomes could be decoded significantly above chance 
within two sustained temporal windows (90–350 ms, Pcorr = 2.00 × 10−4; 
490–1,130 ms, Pcorr = 2.00 × 10−4; Extended Data Fig. 5), closely over-
lapping with the early and late IBRA periods (Fig. 2b). These findings 
indicate that amygdala IBRA dynamics contain trial-level predictive 
information about forthcoming MC outcomes.

Dissociation of early and late amygdala IBRA
Having identified two temporally distinct amygdala IBRA phases 
during MC, we next sought to determine whether they reflected dis-
tinct functional and neural processes. We addressed this question at 
three levels: behavioral relevance, spectrospatial organization and 
representational content.

Functional dissociation. We began by examining the relationship 
between IBRA and past interaction history, which was identified as 
a behavioral predictor of MC. Past cooperation history influenced 
both early and late IBRA, but through different response features. 
Specifically, a higher proportion of recent MC history predicted both 
an earlier onset (but not intensity) of early IBRA (β = −0.109, P = 0.009; 
Fig. 3a and Supplementary Table 5b) and a reduced intensity of late 
IBRA (β = −0.110, P = 0.004; Fig. 3a and Supplementary Table 5b). 
Further mediation analysis revealed that the effect of history on late 
IBRA intensity was partially mediated by early IBRA onset (indirect 

Fig. 3 | Dissociable dynamics and representational content of early and late 
amygdala IBRA. a–d, Functional dissociation. Early and late amygdala IBRA 
showed different relationships with past and current cooperation. a, Recent 
cooperation history advancing the onset of early IBRA but reducing the intensity 
of late IBRA. b,c, Both IBRA predicting dyadic decision–time similarity (b), yet 
their relationship to decision speed diverging: stronger early IBRA predicting 
faster MC, but stronger late IBRA predicting slower cooperation (c). In a–c, 
regression coefficients were derived from LMEs, two sided. Center dots and 
corresponding error bars indicate the estimated coefficients and s.e. values, 
respectively. Multiple comparisons were all corrected by FDR. d, Mediation 
analyses revealed that early IBRA timing directly linked past history to faster 
current MC (pathway colored in blue) and also acted serially with late IBRA to 
shape decision speed (pathway colored in pink). See Supplementary Table 5 for 
the full statistics. e–h, Spectral dissociation. Time–frequency spectrograms  
(t-maps, e and g) and power amplitude averaged within each frequency band  
(f and h) for MC. Early IBRA was characterized by θ suppression (e and f), whereas 
late IBRA involved θ and α suppression together with γ increases (g and h). 
Significance was assessed through two-sided, one-sample Student’s t-tests. 
Multiple comparisons were corrected by cluster-based permutation tests  
(e and g, n = 10,000; black contours delimit significant clusters) and FDR (f and 
h). Black contours delimit significant clusters after two-sided, cluster-based 
permutation tests. These frequency-specific signatures were unique to mutual 
cooperation. i–l, Spatial dissociation. i, IBRA strength across timepoints for 

amygdala-responsive channel-pairs, sorted by channel-pair types. Most channel-
pairs exhibited either early-specific or late-specific IBRA increases, with only 
9% showing overlap. Each row represents an amygdala channel-pair responsive 
to MC, with the color indicating the IBRA strength differences between MC and 
non-MC conditions. The white areas indicate timepoints without significant 
MC-increased IBRA relative to 0 or non-MC. j–l, Average IBRA time courses for 
early-only (j), late-only (k) and both-responsive (l) channel-pairs (colored curves 
representing mean values across channel-pairs with shaded areas indicating 
the 95% CI). The horizontal lines indicate time windows with significant effects 
(cluster-based permutation corrected, n = 10,000): black: MC versus non-MC 
(two-sided, paired Student’s t-tests); blue, pink or green: MC > 0 (one-sided, one-
sample Student’s t-tests). m–q, Representational dissociation. m, Illustration of 
RSA. Trial-wise representational similarity matrices were constructed for neural 
spectrograms, illustrated with the early IBRA time windows, where similarity was 
defined as the correlation coefficient of trial-pair spectral power, and for past MC 
rate (MC_ratei−j), where similarity was indexed by 1 − the absolute difference in 
prior MC rate between two trials. Neural spectral (left) and history-based (right) 
similarity matrices were then correlated. Spectral pattern in the early (n), but not 
late (o), windows represented past MC history. The spectral patterns in the early (p) 
and late (q) windows encoded discrimination and similarity across MC trials.  
In f, h and n–q, box plots show medians (center line), IQR (box edges), whiskers 
(1.5× IQR) and mean values (crosses). See Supplementary Table 7 for the full 
statistics: ***P < 0.001, **P < 0.01, *P < 0.05, NS, not significant. abs, absolute.
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effect = 0.014, 95% CI: 0.003, 0.029, P = 0.012 (two-sided equivalent), 
bootstrapping, n = 5,000; Supplementary Table 5b), indicating that 
early IBRA partially offsets the direct influence of past interactions on 
reducing late IBRA strength.

We then examined how IBRA related to behaviors in current MC 
trials. With regard to behavioral coordination, both early and late 
IBRA intensity predicted greater dyadic decision–time similarity 
(early: β = 0.121, P = 3.71 × 10−4; late: β = 0.169, P = 3.01 × 10−7; Fig. 3b 
and Supplementary Table 5b), suggesting a role for both early and 
late IBRA in behavioral coordination between partners. However, 
their relationships with decision-making speed differed: stronger 
early IBRA predicted faster cooperation decisions (β = −0.102, 
P = 0.002; Fig. 3c and Supplementary Table 5b), whereas stronger 
late IBRA was linked to slower decisions (β = 0.099, P = 0.002; Fig. 3c 
and Supplementary Table 5b). These behavioral relationships were 
not restricted to cluster-averaged IBRA measures. Time-resolved 
analyses confirmed similar associations across sustained time 

windows (Extended Data Fig. 6). These findings suggested that early 
neural alignment was associated with rapid, coordinated coopera-
tion, whereas late IBRA may be engaged during more deliberate 
decision-making processes.

Last, we tested whether IBRA mediated the influence of past 
cooperation history on current decision speed. Two significant 
mediation pathways emerged: recent MC history influenced 
cooperation decision–time: (1) through earlier onsets of early 
IBRA (pathway colored in blue: indirect effect = −0.009, 95% CI: 
−0.018, −0.001, P = 0.020, two-sided, bootstrapping, n = 5,000; 
Fig. 3d and Supplementary Table 5b); and (2) via a serial path 
involving both (earlier) early and (weaker) late IBRA (pathway 
colored in pink: indirect effect = 0.001, 95% CI: 1.11 × 10−4, 0.003, 
P = 0.014, two-sided, bootstrapping, n = 5,000; Fig. 3d and 
Supplementary Table 5b). No significant mediation was observed 
through late IBRA alone (P > 0.05; Supplementary Table 5b). Together, 
these results highlight the importance of early interbrain alignment 
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in linking history to faster cooperation decisions, while suggesting 
that late IBRA may be recruited more strongly during slower or more 
deliberative coordination.

Spectrospatial dissociation. We next examined whether the early and 
late IBRA differed in their spectral and spatial profiles. We performed 
time–frequency decomposition for early and late time windows, 
respectively, revealing distinct frequency-band-specific responses. 
Early IBRA during MC was characterized by significant θ-band suppres-
sion in the amygdala (P = 0.005; Fig. 3e,f; survived false discovery rate 
(FDR) correction across frequency bands; Supplementary Table 7a). 
Late IBRA was marked by θ and α suppression and γ-band increases 
(θ: P = 0.011; α: P = 0.002; γ: P = 1.47 × 10−4; Fig. 3g,h; survived FDR 
correction; Supplementary Table 7a). Importantly, suppressed 
low-frequency power was specific to MC and not observed during 
unilateral cooperation (Supplementary Fig. 3). These findings indicate 
distinct spectral profiles for early and late amygdala IBRA, supporting 
the hypothesis that different neural dynamics underlie the two phases 
of amygdala-mediated interbrain alignment.

We then examined whether the two IBRA were also spatially dis-
sociable within the amygdala. We identified amygdala interbrain 
channel-pairs showing significant MC-related IBRA increases in the 
early window, late window or both. Among channel-pairs showing 
significant IBRA increase during MC relative to both 0 and non-MC 
(n = 69), only 9% exhibited IBRA increases in both windows. The major-
ity (91%) showed temporal selectivity (early only: 25%; late only: 66%; 
Fig. 3i–l), a significant imbalance relative to a shared response (9% 
shared; χ2 = 28.386, P = 9.94 × 10−8). This pattern suggested that early 
and late IBRA emerged from partially distinct neural processes, rather 
than simply reflecting a single temporally extended effect. Although 
late-selective channel-pairs appeared more common than early-only 
ones, this difference may partly reflect the longer duration of the late 
window. Spatial clustering analyses showed no anatomically distinct 
amygdala subregions exclusively supporting early or late IBRA, sug-
gesting distributed rather than topographically segregated representa-
tions (Supplementary Table 7b).

Representational dissociation. Having established that early and 
late IBRA differ in behavioral correlates and neural signatures, we next 
asked what task-relevant information was reflected in their associated 
neural spectrograms. To address this, we constructed trial-by-trial 
pairwise similarity matrices for neural spectrograms (of early and late 
IBRA), past MC rates (Fig. 3m) and current outcomes. First, correlating 
the neural spectral and history-based matrices revealed that the similar-
ity in past MC rates was positively associated with similarity in neural 
spectral patterns of the early IBRA (t = 5.421, P = 1.28 × 10−7; Fig. 3n) 
but not late IBRA (t = 1.434, P = 0.153; two-sided, one-sample Student’s 
t-tests, Fig. 3o and Supplementary Table 7c). Thus, early, but not late, 
spectral patterns carried information about interaction history.

We then tested whether neural spectrograms of early and late 
IBRA represented current MC outcomes by quantifying neural simi-
larity among MC–MC trial pairs. The neural spectra in the early time 
window showed a significant negative correlation between MC–MC 
trials (t = −2.804, P = 0.005; Fig. 3p and Supplementary Table 7c), sug-
gesting that different MC trials were discriminated by early spectral 
patterns. In contrast, neural spectra in the late time window showed 
robust positive similarity across MC–MC trials (t = 6.421, P = 5.76 × 10−10; 
Fig. 3q and Supplementary Table 7c), reflecting shared neural represen-
tations of MC across trials. Trial-pair shuffle analyses further confirmed 
that the observed MC–MC discrimination (early) and similarity (late) 
were specific to MC (early: Pcorr = 0.009; late: Pcorr = 0.014, n = 10,000 
permutations). Together, these analyses specified the task-relevant 
information carried by the spectral patterns contributing to IBRA: early 
IBRA-related spectrograms encoded shared interaction history and 
discriminated different cooperative events, whereas late IBRA-related 

spectrograms reflected a shared anticipation of forthcoming decisions 
and generalized across cooperative trials.

From shared representations to individual decisions:  
a prospective partner-estimation process
Although IBRA captures dyadic-level interbrain alignment, MC ulti-
mately depends on two autonomous individuals each making private 
decisions to cooperate. This raises the classic commitment problem: 
how do individuals commit to MC without knowing their partner’s 
upcoming decision? We therefore shifted from interbrain alignment 
to the individual-level neurocognitive processes that could support 
such commitment, asking whether and how participants formed a 
prospective estimate of their partner’s forthcoming choice and used 
that estimate to guide their own behavior.

To formalize this process, we constructed a set of models that 
differed in the information used to update expected partner coopera-
tion. Bayesian model selection identified the self-and-other-history 
model as the winning model (protected exceedance probability >0.999; 
Methods), indicating that participants’ trial-wise estimate of partner 
cooperation was best captured when both their own and their partner’s 
past choices were taken into account. From this model, we derived 
three trial-wise variables: (1) a model-derived prospective estimate 
of partner cooperation, indexing the estimated probability that the 
partner would cooperate on the current trial; (2) estimate uncertainty, 
indexing uncertainty in that estimate; and (3) retrospective coopera-
tive prediction error (PE), indexing whether the partner had been more 
cooperative than estimated on the previous trial.

We first asked whether these model-derived variables related to 
actual behavior. The model-derived prospective estimate of partner 
cooperation positively predicted the partner’s actual cooperation 
(β = 0.651, P = 1.26 × 10−9, survived FDR correction for multiple compari-
sons), whereas estimate uncertainty negatively predicted it (β = -0.413, 
P = 3.45 × 10−4); retrospective cooperative PE was unrelated to the part-
ner’s current decision (P = 0.989; Fig. 4a and Supplementary Table 8a). 
Thus, partner cooperation was most likely when the partner was esti-
mated to cooperate and when that estimate was relatively certain. 
These effects remained after controlling for the participant’s own 
current choice (Supplementary Table 8a), indicating that the model 
captured a meaningful prospective estimate of partner behavior rather 
than merely reflecting concurrent choice coupling.

We then examined whether participants used this prospec-
tive estimate to promote MC or instead to exploit expected partner 
cooperation. The model-derived prospective estimate of partner 
cooperation positively predicted the participant’s own cooperation 
(β = 0.656, P = 2.18 × 10−9), whereas estimate uncertainty was unrelated 
to self-decision (P = 0.323; Fig. 4b and Supplementary Table 8a). Thus, 
when participants estimated that their partner was likely to cooperate, 
they were themselves more likely to cooperate, suggesting that pro-
spective partner estimation supported MC rather than opportunistic 
defection. In addition, when the partner had been more cooperative 
than estimated on the preceding trial, participants became more likely 
to cooperate on the current trial (β = 0.371, P = 6.99 × 10−8; Fig. 4b and 
Supplementary Table 8a), indicating that unexpectedly cooperative 
feedback further reinforced commitment to MC.

We next asked how the amygdala implemented these computa-
tions. We focused on spectrotemporal features linked to MC (that is, 
early θ suppression, late low-frequency suppression and late γ increase 
in the amygdala; Fig. 3e–h) and asked how these signals related both 
to observable choices and to the model-derived latent variables. 
A double dissociation emerged at the level of observable choices: 
low-frequency suppression predicted whether the partner would 
cooperate (early θ: β = −0.131, P = 0.022; late low-frequency: β = −0.173, 
P = 0.003; Fig. 4c; survived FDR correction for multiple comparisons; 
Supplementary Table 8b), but was unrelated to the participant’s own 
choice (all P > 0.05; Fig. 4c and Supplementary Table 8b). In contrast, 
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late γ activity selectively signaled the participant’s own decision to 
cooperate (β = 0.183, P = 0.004; Fig. 4d and Supplementary Table 8b), 
but bore no relationship to the partner’s choice (P = 0.452; Fig. 4d and 
Supplementary Table 8b). This dissociation suggested that amygdala 
low-frequency power was preferentially linked to partner-oriented 
prospective processing, whereas γ activity was preferentially linked 
to self-decision.

The model-based analyses further clarified the computa-
tions carried by these signals. Early θ power selectively tracked the 
model-derived prospective estimate of partner cooperation, such 
that stronger early θ suppression was associated with higher esti-
mated probability of partner cooperation (β = −0.121, P = 6.05 × 10−4; 
Fig. 4e; survived FDR correction for multiple comparisons; 
Supplementary Table 8c). Estimate uncertainty was encoded more 
broadly by low-frequency power, including both early θ (β = −0.079, 
P = 0.016; Fig. 4e) and later low-frequency responses (β = −0.120, 
P = 0.007; Fig. 4f and Supplementary Table 8c), indicating that 
low-frequency dynamics also carried an uncertainty-related com-
ponent of the prospective partner-estimation state. In contrast, 
retrospective cooperative PE, defined relative to the model-derived 
prospective estimate, was encoded only at a later stage, with signifi-
cant effects in late low-frequency (β = 0.064, P = 0.015, Fig. 4f) and γ 

power (β = 0.062, P = 0.018; Fig. 4g), but not in early θ (P = 0.141; Fig. 4e 
and Supplementary Table 8c). This temporal and spectral dissocia-
tion indicates that early low-frequency suppression was most closely 
linked to the prospective estimate of partner cooperation, whereas 
later low-frequency and γ power reflected retrospective evaluation 
of whether the partner had been more cooperative than estimated.

Finally, we asked whether partner estimation-related and 
self-decision-related signals interacted during MC. Building on 
previous work suggesting that low-frequency phase can modu-
late high-frequency amplitude to facilitate cross-timescale 
coordination40,41, we performed phase-amplitude coupling (PAC) 
analyses within the amygdala. The phase of low-frequency oscillations 
entrained γ-band amplitude selectively during MC (MC > non-MC; 
θ phase (4–8 Hz) to γ amplitude (53–62 Hz); Pcorr = 0.027, paired Stu-
dent’s t-tests with cluster-based permutation correction; Fig. 4h). A 
paired-choice permutation test (n = 10,000) showed that PAC values in 
real MC trials exceeded the 95% CI of the null distribution (Pcorr = 0.001), 
ruling out the possibility that stronger PAC during MC was merely 
driven by the same choice and confirming its specificity to MC. Moreo-
ver, significant MC-related PAC was observed only in the late window, 
but not in the early phase (P = 1, one-sided, paired Student’s t-test), 
suggesting temporal specificity. This phase-mediated modulation 

c

Re
gr

es
si

on
 c

oe
�i

ci
en

t

*

d

**

**

h

Am
pl

itu
de

 fr
eq

ue
nc

y 
(H

z)

Phase frequency (Hz)

MC versus non-MC

T-
va

lu
e

–5

5

NS

NS

NS

Coupling

Self-decision

***

***

NS

***

***

NS

Re
gr

es
si

on
 c

oe
�i

ci
en

t

Re
gr

es
si

on
 c

oe
�i

ci
en

t

Re
gr

es
si

on
 c

oe
�i

ci
en

t

Re
gr

es
si

on
 c

oe
�i

ci
en

t

***
*

NS

**

*

NS

NS
NS

*

e f g

a b

Self
Partner

C?

D? γ

Re
gr

es
si

on
 c

oe
�i

ci
en

t

Early θ Late low-frequency Late γ

C?
D? Low frequency

C?

D?
γ

θ/α 

C?
D?

0.8

0.6

0.4

0.2

0

–0.2

–0.4

–0.6

Esti
mate

Uncerta
inty PE

Esti
mate

Uncerta
inty PE

Esti
mate

Uncerta
inty PE

Esti
mate

Uncerta
inty PE

Re
gr

es
si

on
 c

oe
�i

ci
en

t

0.8

0.2

0.2

0.3

0.1

0.1

0.1

–0.1

–0.1

–0.1
–0.2

–0.2

–0.3

0

0

0

0.6

0.4

0.2

0.20

0.15

0.10

0.05

–0.05

–0.10

–0.20

–0.15

0

0.20

0.15

0.10

0.05

–0.05

–0.10

–0.20

–0.15

0

0.20
70

50

35
4 8 15

0.15

0.10

0.05

–0.05

–0.10

–0.20

–0.15

0

0

–0.2

Esti
mate

Uncerta
inty PE

Fig. 4 | An amygdala-mediated simulation-to-decision cascade.  
a,b, Model-derived variables showing significant relations to actual behavior. 
a, The partner’s actual cooperation associating positively with the prospective 
estimate of partner cooperation and negatively with estimate uncertainty. b, The 
prospective estimate of partner cooperation and retrospective cooperative PE 
positively predicting upcoming self-cooperation. c,d, Amygdala spectrotemporal 
features significantly predicting observable partner and self-decisions. c, Early θ 
(left) and late low-frequency (right) power in the amygdala selectively predicting 
the partner’s upcoming cooperation, but not the participant’s own choice.  
d, In contrast, late γ activity signaling the participant’s own cooperation decision, 
but bearing no relation to the partner’s choice. e–g, Amygdala spectrotemporal 
features significantly encoding model-derived variables. e, Early θ power 
suppression associating with the prospective estimate of partner cooperation 

and the uncertainty of that estimate. f, Late low-frequency power negatively 
associating with estimate uncertainty and positively associating with retrospective 
cooperative PE. g, Late γ power correlated with only retrospective cooperative PE. 
In a–g, regression coefficients were derived from (generalized) LMEs, two-sided. 
The center dots and corresponding error bars indicate estimated coefficients and 
s.e. values, respectively. All reported effects survived FDR correction for multiple 
comparisons; see Supplementary Table 8 for full statistical reports. h, Partner-
prediction-related and self-decision-related signals interacting through PAC. 
Amygdala PAC co-modulogram (t-value map) for MC versus non-MC, revealing  
θ phase (4–8 Hz) entraining γ amplitude (53–62 Hz) selectively during MC. The 
black contour delimits the overlapping significant cluster for both MC versus  
non-MC (two-sided, cluster-based permutation tests) and MC (non-MC) versus  
null distribution (one-sided). ***P < 0.001, **P < 0.01, *P < 0.05.
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of γ power in the amygdala suggests a temporally specific interaction 
through which partner-estimation-related, low-frequency suppression 
could become linked to γ-band-associated, self-decision processes 
during MC.

Together, these findings suggest a neurocognitive architec-
ture for resolving the commitment problem through prospective 
inference. By estimating the partner’s intentions through amygdala 
low-frequency suppression and engaging in temporally specific cross-
frequency coupling during self-decision, individuals may achieve 
mutual commitment.

Neural mechanisms in unconditional cooperation
Finally, we examined a distinct subset: pure MC dyads (pMC dyads, 
n = 19), who achieved MC from the outset and maintained it through-
out. As this subgroup lacks non-MC trials, it does not allow the same 
within-dyad condition contrast used in conditional cooperator (CC) 
dyads. Nevertheless, it provides an exploratory opportunity to ask 
whether neural mechanisms identified in CC dyads are universally appli-
cable regardless of how cooperation is achieved or whether they are 
specific to situations requiring transformations from non-MC to MC. 
If the neural processes observed in CC dyads reflect a general feature 
of MC, then they should also be observed in pMC dyads.

We observed significant amygdala (n = 137 channel-pairs) IBRA 
increases in pMC dyads relative to 0, in two distinct temporal windows. 
An ultra-early alignment window emerged before trial onset (−340 ms to 
170 ms, Pcorr = 1.00 × 10−4, 10,000 permutations, one-sided, one-sample 
Student’s t-test; Fig. 5a), a pattern unique to real-time alignment and 
stronger than temporally shuffled controls (Pcorr = 1.00 × 10−4, 10,000 
permutations; Fig. 5b). A later IBRA window (290–630 ms, Pcorr = 0.003; 
Fig. 5a) was also present in both real-time and shuffled-control condi-
tions, suggesting a more MC-outcome-related alignment pattern (real 
versus shuffled, Pcorr = 0.477; Fig. 5c). The earlier IBRA onset in pMC 
(pMC: −340 ms; CC: 70 ms, pre-onset IBRA of CC dyad was insignificant; 
Supplementary Fig. 4) suggested a potential for pre-emptive neural 
alignment when freed from commitment struggles or trust stabilized.

Time–frequency decomposition revealed distinct spectral pat-
terns of early and late amygdala IBRA in pMC dyads. We observed 
significant increases in amygdala low-frequency power in pMC dyads 
(θ in the earlier window: P = 0.007; low-frequency in the later win-
dow: P = 9.26 × 10−4; survived FDR correction across frequency bands; 
Supplementary Fig. 5a,b), different from the low-frequency suppression 
observed in CC dyads (Fig. 3e–h). In contrast, late IBRA showed γ-band 
increases in pMC dyads (P = 6.33 × 10−5; Supplementary Fig. 5c), resem-
bling that observed in CC dyads. This spectral similarity suggested that 

high-frequency activity may represent a shared neural substrate for 
cooperation-related convergence, irrespective of cooperative stability.

To explore why some dyads naturally fall into the pMC category, 
we conducted trait-level assessments. Although pMC and CC dyads 
showed comparable levels of empathy and prosocial preference 
(P > 0.05; Supplementary Table 9), pMC dyads scored significantly 
higher on uncertainty tolerance than CC dyads (P = 6.75 ×10−4; Fig. 5d 
and Supplementary Table 9). This suggests that dispositional comfort 
with unpredictability may scaffold early cooperative commitment, 
enabling MC to emerge more reflexively, without requiring deliberate 
strategic simulation.

In summary, these results indicate that the core mechanism of 
interbrain alignment, indexed by amygdala IBRA, is preserved across 
both CC and pMC dyads, suggesting real-time neural convergence as a 
general feature of MC. However, differences in their temporal onset and 
low-frequency spectral profiles of amygdala alignment suggest that MC 
may be supported by partially overlapping, but not identical, neural 
processes across dyads. Given the absence of within-dyad condition 
contrasts in pMC dyads and the state-dependent spectral differences 
between CC and pMC dyads (Supplementary Fig. 6), these differences 
should be interpreted with caution.

Discussion
How do two autonomous minds, each harboring private intentions 
and uncertainty about the other, converge on MC in real time? Our 
findings suggest two amygdala-mediated mechanisms that scaffold 
this convergence: (1) IBRA, which aligns task-relevant representations 
across interacting brains to overcome decisional independence; and 
(2) social prospective simulation, which we operationalize here as a 
model-based prospective estimate of the partner’s likely cooperation 
that can be linked to one’s own decision process under uncertainty. 
These mechanisms suggest a neurocognitive route through which 
interacting individuals may overcome the two barriers emphasized by 
classic game theory—the defection equilibrium and the commitment 
problem. MC, we argue, emerges not merely from thinking about the 
other, but from dynamically embedding a prospective estimate of the 
partner’s likely cooperation into one’s own decision process.

By tracking fine-grained spectral patterns using hyper-iEEG, we 
show that MC is scaffolded by amygdala-mediated, temporally struc-
tured representational alignment. Notably, our core measure (IBRA) 
was initially quantified as time-resolved similarity in spectral patterns 
between partners. Given the inherent variability of human cognitive 
processing, such temporally precise alignment may seem counterintui-
tive. Follow-up time-lagged analyses (Supplementary Note 2) revealed 
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Fig. 5 | Neural mechanisms of unconditional cooperation. a, Amygdala IBRA 
time course (colored curves representing mean values across channel-pairs 
with shaded areas indicating 95% CI) in pMC dyads revealing an ultra-early 
alignment window (−340 ms to 170 ms) and a later window (290–630 ms). 
The horizontal lines indicate significant timepoints against 0 (one-sided, 
one-sample Student’s t-test; multiple-comparison corrected by cluster-based 
permutation test, n = 10,000). b,c, Null distributions from pseudo-MC IBRA 
(n = 10,000) confirming that the real value of early IBRA exceeded the 95% CI of 

the null distribution (b), whereas the late IBRA did not (c). Null distributions are 
plotted with values exceeding 95% CI colored, whereas vertical lines indicate 
the observed IBRA values. d, The pMC dyads reporting higher uncertainty 
tolerance than conditional-cooperation dyads (two-sided, independent-
samples Student’s t-test). Box plots show medians (center line), IQR (box edges), 
whiskers (1.5× IQR) and mean values (crosses). See Supplementary Table 9 for 
full statistics: ***P < 0.001.
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that IBRA was better understood as temporally diffuse alignment, in 
which one’s neural patterns at a given moment resembled an extended 
temporal window in their partner’s brain (Extended Data Fig. 7). This 
temporal diffuseness suggests that IBRA reflects alignment at the 
level of cognitive processes, rather than simple neural entrainment. 
Importantly, this process-level alignment also carried behaviorally 
meaningful directional structure. By anchoring time-lagged IBRA to 
behaviorally meaningful asymmetries, we found that temporal prec-
edence was related to differences in partner-predictive signal strength 
(which measured how strongly the participant’s low-frequency power 
predicted the partner’s upcoming choice; Extended Data Fig. 8a–c)  
and trial-wise decision speed (Extended Data Fig. 8d–f). During MC, 
the participant with stronger partner-predictive signals and the 
faster decision-maker tended to lead the lagged alignment struc-
ture, whereas non-MC trials showed different or reversed lag profiles 
(Extended Data Fig. 8b,c,e,f). Thus, IBRA was not merely symmetrical 
co-fluctuation, but also organized by asymmetries in ongoing decision 
processes. Time-resolved decoding and behavioral association analy-
ses further revealed sustained relationships between IBRA strength and 
cooperation-related behavioral metrics, indicating that the functional 
relevance of neural alignment itself unfolds across extended temporal 
windows. This process-level interpretation is further reinforced by 
decision–time-normalized analyses, which demonstrated that the 
early–late structured, sustained IBRA remained robust when trials 
were aligned by relative decision progress, irrespective of absolute 
physical duration. Together, the observation that both IBRA and its 
behavioral relevance are temporally diffuse, directional and bound to 
decision stages suggests that amygdala-mediated alignment reflects a 
process-level mechanism, possibly reflecting the sustained, predictive 
coordination of internal decision processes during MC.

In addition to the amygdala, IBRA was also observed in the TPJ. 
However, unlike the amygdala, TPJ IBRA did not exhibit condition 
specificity, emerging across both cooperative and noncooperative 
interactions. Rather than suggesting that TPJ IBRA is unnecessary for 
cooperation, this pattern indicates that TPJ IBRA may reflect a more 
general process engaged during real-time interaction rather than a 
mechanism specific to cooperative convergence. One plausible inter-
pretation is that TPJ-mediated alignment reflects ongoing mental-state 
inference8,39 through which interacting individuals attempt to inter-
pret their partner’s intentions during strategic exchange. By contrast, 
the selective emergence of amygdala IBRA during MC suggests that 
successful cooperative convergence requires an additional layer of 
coordination beyond mentalizing: the alignment and integration of 
partner-related representations into one’s own decision dynamics.

What, then, is the nature of this aligned process? Our data sug-
gest that an amygdala-mediated ‘simulation-to-decision’ cascade 
links prospective partner-estimation and self-decision processes and 
orchestrates MC. In the present task, this cascade is likely expressed as 
a prospective partner-estimation process. Early amygdala θ suppres-
sion was shaped by prior interactions and prospectively tracked the 
partner’s intention and likely cooperative behavior. Given the role of 
amygdala θ oscillations in fear detection and social vigilance42,43, this θ 
suppression may reflect reduced social vigilance or uncertainty-related 
processing, thereby enabling forward modeling of the partner’s intent. 
Early within-dyad aligned θ suppression suggests simultaneous 
engagement in social forecasting, creating the cognitive conditions 
necessary for trust. Importantly, the model-based analyses refine this 
interpretation by showing that early low-frequency dynamics carried a 
prospective partner-estimation signal, whereas broader low-frequency 
power carried an uncertainty-related component of that prospective 
estimate. This partner-estimation process may lay the foundation for 
one’s own decision to cooperate, encoded by amygdala γ activity. Nota-
bly, this γ activity did not appear as an isolated execution-related signal, 
but rather had its amplitude modulated by the phase of θ oscillations. 
Amygdala θ–γ coupling therefore provides a plausible link between 

prospective partner-estimation and cooperative action. This inter-
pretation is also broadly consistent with recent computational work 
suggesting that cross-frequency interactions can support coordinated 
neural dynamics in social interaction and interbrain synchronization44. 
Although these findings were consistent with the idea that aligned 
amygdala dynamics may help reduce uncertainty during interaction, 
the present study did not directly manipulate or quantitatively measure 
uncertainty. Thus, the proposed role of uncertainty processing should 
be interpreted as a theoretical inference grounded in prior literature45,46 
and trait-level behavioral patterns, rather than as direct evidence of 
uncertainty modulation in the amygdala. Likewise, although the tem-
poral profiles of amygdala IBRA and time-resolved decoding indicate 
temporal precedence of IBRA relative to cooperative outcomes, they 
do not establish that the amygdala causally drives MC. Future work 
that experimentally manipulates informational uncertainty or partner 
predictability or uses causal perturbation approaches (for example, 
electrical stimulation or lesion studies) will be necessary to test this 
mechanism directly.

However, the extent to which this simulation-to-decision cascade 
generalizes across different cooperative modes remains an open ques-
tion. Pure cooperators, who consistently choose cooperation, showed 
a distinct neural profile: early amygdala θ increases and anticipatory 
IBRA before trial onset. Although these findings are suggestive rather 
than decisive due to the absence of within-dyad condition contrasts, 
they point toward a possible functional shift in amygdala θ’s role under 
stable cooperation conditions. θ increases in pure cooperators may 
tentatively reflect proactive coordination, affiliative expectation 
confirmation or dispositional trust engagement. Supporting this 
interpretation, prior work has linked amygdala θ to context-specific 
salience, safety signaling in predictable environments and motiva-
tional internal-state tracking47–49. Notably, pure cooperators lacked 
the characteristic low-frequency power increase during their very 
early interactions (Supplementary Fig. 6), yet their behavior remained 
consistently cooperative. This initial behavioral resilience may be gated 
by individual traits. Our trait-level analyses indicated that pMC dyads, 
relative to CC dyads, were not uniquely prosocial, but more tolerant of 
uncertainty—highlighting uncertainty tolerance, rather than conven-
tional assumptions of altruistic dispositions, as the key differentiator 
facilitating stable MC. High uncertainty tolerance may enable uncon-
ditional cooperators to behaviorally overcome the initial interactive 
uncertainty that otherwise would require prospective partner estima-
tion. Rather than a simple linear progression, these two modes may 
represent distinct ‘stable states’ in cooperative dynamics, gated by 
individual differences. This distinction aligns with dual-process mod-
els of cooperation50, suggesting that both deliberative and intuitive 
pathways can support MC.

Yet despite these differences, both cooperative profiles shared 
a fundamental reliance on IBRA. Although their temporal dynamics 
and representational contents vary, the presence of IBRA underscores 
within-dyad neural convergence as a hallmark of MC. Moreover, both 
dyad types address uncertainty: CC through interaction-based social 
forecasting and pMC through trait-level tolerance accelerating the 
transition to stable coordination. Together, these findings identify 
two components necessary for MC: (1) shared representational modes 
enabling dyadic alignment and (2) uncertainty-resolution mechanisms. 
These components map directly onto the two classic dilemmas in game 
theory: decisional independence and informational uncertainty10,14. 
Our findings thus offer an amygdala-mediated neural solution that 
dynamically integrates individual neural computations into collective, 
cooperative outcomes.

In conclusion, our study provides a mechanistic account of 
MC as a neurally interdependent phenomenon, instantiated by 
amygdala-mediated representational alignment and a prospective 
partner-estimation process. By elucidating distinct pathways to coop-
erative convergence, we concretize the theoretical construct of neural 
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interdependency, addressing MC’s two Achilles’ heels—independence 
and uncertainty—and binding separate cognitive systems into a uni-
fied cooperative unit. This interdependency offers a bridge between 
individual neural computations and shared social outcomes—trans-
forming MC from a theoretical ideal into a biologically instantiated 
process. Conceptually, these findings encourage a transformative 
shift from viewing social cognition primarily as the individual repre-
sentation of others, toward understanding social interdependence 
as the dynamic alignment of internal models across minds. Future 
research combining noninvasive neuroimaging with more diverse 
populations should extend this framework to examine the generaliz-
ability of interbrain dynamics and partner-estimation-to-decision 
cascades across broader domains, such as moral consensus building, 
collective problem-solving, negotiation, social bonding and other 
forms of shared cognition.
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Methods
Participants and ethics
Fifty-eight patients with epilepsy participated while undergoing iEEG 
monitoring for clinical seizure localization. Electrode placement was 
determined exclusively by clinical needs. During each experimental 
session, two concurrently hospitalized patients were paired oppor-
tunistically to play an iterated PD game. Some patients participated 
in multiple sessions with different partners because recruitment was 
constrained by overlapping clinical availability. Each pairing consti-
tuted a distinct dyad (n = 47) and each patient in the dyad was treated 
as a separate session-participant observation for individual-level 
analyses. Patients were seated separately and unable to view each 
other’s screens.

Eligibility required at least one electrode in the amygdala or TPJ, 
seizure free for ≥3 h before testing, no major psychiatric disorder, head 
trauma or encephalitis and the capacity to complete computerized 
decision-making tasks. Two dyads were excluded because they failed 
to complete the task and never achieved MC, leaving a final behavioral 
dataset of 45 dyads (corresponding to 90 session-participant obser-
vations; Supplementary Table 1 and Supplementary Fig. 1). Among 
these 45 dyads, 15 had amygdala channel-pairs (that is, at least one 
clean amygdala electrode in each patient, nchannel-pair = 278) and 15 had 
TPJ channel-pairs (nchannel-pair = 812); some dyads contributed to both 
regions (Supplementary Table 1).

Behaviorally, 45 dyads fell into two patterns: 19 cooperated 
on all 30 trials and were classified as pure mutual cooperators 
(pMC dyads; Supplementary Table 1b); the remaining 26 dyads 
(Supplementary Table 1a) exhibited both MC and non-MC and were 
classified as conditional cooperators (CC dyads). The MC rate in CC 
dyads was stable across trials (no significant change with trial number, 
P = 0.107).

All procedures conformed to the Declaration of Helsinki and were 
approved by the Institutional Review Boards of Chinese PLA Gen-
eral Hospital (protocol no. S202139402) and Beijing Tiantan Hospital 
(protocol nos. KY 202008002 and KY 2023-034-02). All participants 
provided informed consent and could withdraw without affect-
ing clinical care. The study involved no deception and participants 
were compensated.

Sample-size estimation
Similar to prior iEEG studies33,51–54, no formal a priori sample-size estima-
tion was conducted. However, the numbers of dyads, patients, clean 
channels and channel-pairs (Supplementary Table 1) were comparable 
to or larger than those in recent iEEG studies55,56 and multi-brain record-
ing studies3,18,19. Our main findings were statistically robust and survived 
multiple-comparison corrections.

Real-time iterated PD
We employed a two-player, real-time iterated PD to elicit cooperation 
and defection in a controlled yet ecologically valid social setting. 
On each trial, each participant chose to cooperate (C) or defect (D). 
Payoffs (in monetary units (MU)) followed a standard PD ordering: T 
(temptation payoff to unilateral defector, 4 MU) > R (reward for mutual 
cooperation, 3 MU) > P (punishment for mutual defection, 2 MU) > S 
(sucker payoff to unilateral cooperator, 1 MU), with 2R > T + S satisfied. 
Participants knew that both choices jointly determined their earn-
ings. An optional costly punishment stage was included to maintain 
reputational stakes and discourage an always-defect strategy. Neutral 
instructions were used to minimize demand characteristics.

Each experiment session consisted of 30 trials (Fig. 1c). The trial 
events were as follows: (1) decision phase (self-paced, +fixation jit-
ter 600–1,000 ms): both players simultaneously viewed the choice 
screen and chose between cooperate and defect. (2) Dyadic reveal 
and outcome screen (self-paced, +fixation jitter 600–1,000 ms): both 
players’ choices and resulting payoffs were displayed simultaneously 

on each player’s screen. (3) Optional punishment phase (self-paced): 
the player (defected upon) could choose to punish the partner or not 
(cost-to-penalty ratio, 1:2), +2,000-ms feedback. (4) Intertrial interval: 
1,200–2,000 ms, jittered. Participants were not told the total number 
of trials. Testing computers were synchronized over a local network.

Behavioral analysis
Trials were categorized as MC when both players chose C and as 
non-MC otherwise. For participant p, decision time (DTp) was meas-
ured from decision-screen onset to response. Dyadic mean DT was 
dDT = (DT1 + DT2)/2. Dyadic DT similarity was dDTsim = 1 − abs(DT1 − DT2)/
(DT1 + DT2), with larger values indicating greater temporal similarity. 
DT and dDT were log-transformed and z-scored across trials.

Behavioral differences between MC and non-MC trials were 
tested with LMEs (fitlme, MATLAB; restricted maximum likelihood), 
which accommodate unequal trial counts. Condition (MC versus 
non-MC) was entered as a fixed effect, with dyads and its interaction 
with trial number as two random-effect variables. Control analyses 
(1) added individual DTs as covariates (confirming faster MC effect; 
P = 0.004) and (2) used within-dyad trial-shuffling (randomly paired 
cooperation choices across trials) and confirmed that observed 
MC-related dDTsim exceeded that expected from shared cooperation 
choices alone (P = 1.00 × 10−4, one sided). It should be noted that 
overall behavioral trajectories remained largely distinct between 
interacting partners (choices: r = 0.058, P = 0.330; decision times: a 
significant but small-effect correlation, r = 0.134, P = 0.007).

To characterize how interaction history influenced current MC 
in CC dyads, we first fitted generalized LMEs (GLMEs; logit link) pre-
dicting MC on trial t (t > 1) from three history measures computed 
over the preceding k = 1–5 trials: (1) MC rate; (2) the dyad’s overall 
cooperation-choice rate (C_rate); and (3) the punishment rate (Pun_
rate). We capped k at 5 to remain within a plausible working-memory 
capacity57 and to limit model complexity given the 30-trial task. 
Each z-scored regressor and history-length k was tested separately, 
with FDR correction. The three-trial MC rate produced the larg-
est standardized β and was therefore used in subsequent analyses 
(Supplementary Table 3a). Furthermore, we conducted forward step-
wise model selection (stepwiseglm function in MATLAB) beginning 
with an intercept-only model, with three-trial MC_rate, C_rate and 
Pun_rate specified as candidate predictors. At each step, the remain-
ing candidate predictors were evaluated individually and entered only 
if their inclusion significantly improved model fit at the threshold of 
P < 0.05. For MC likelihood, changes in deviance were evaluated using 
χ2 tests; for MC speed, model improvement was evaluated using F tests 
(Supplementary Table 3b).

We also compared the observed history dependence of MC 
with two classic reciprocal strategies38 (that is, Tit-for-Tat and 
Win-Stay-Lose-Shift). Tit-for-Tat was defined as copying the partner’s 
preceding action. Win-Stay-Lose-Shift was defined as repeating one’s 
action after higher-payoff outcomes (MC or unilateral defection) and 
switching after lower-payoff outcomes (mutual defection or unilateral 
cooperation). GLMEs were then fitted to predict trial-wise MC from 
each strategy.

Computational modeling of prospective partner estimation
We constructed four Bayesian models58,59 in which participants 
estimated the partner’s probability of cooperation from differ-
ent sources of information: (1) the partner’s own choice history 
(consistency-assumption model); (2) the participant’s own choice 
history as a proxy for expected reciprocity (reciprocity-assumption 
model); (3) dyadic MC versus non-MC history (dyadic-outcome model); 
or (4) the combination of both self-choice and partner-choice histories 
(self-and-other-history model).

For each information source, accumulated evidence for cooper-
ation-like and defection-like outcomes was represented by a conjugate 

http://www.nature.com/natureneuroscience


Nature Neuroscience

Article https://doi.org/10.1038/s41593-026-02473-z

β distribution: β (αt, βt). Following the trial (t − 1), the evidence counts 
were updated as:

αt = αt−1 + Ct−1

βt = βt−1 + Dt−1

where Ct−1 = 1 and Dt−1 = 0 for cooperation-like outcomes (coopera-
tion choice or MC outcome), and Ct−1 = 0 and Dt−1 = 1 for defection-like 
outcomes (defection choice or non-MC outcome), depending on the 
information source used in a given model.

For each source-specific β distribution, the prospective estimate 
of partner cooperation and uncertainty of that estimate were the pos-
terior mean and variance:

μt = αt/(αt + βt)

σ2t = (αt × βt)/((αt + βt)
2 × (αt + βt + 1))

The probability of partner cooperation on trial t was obtained 
using a logistic decision rule:

Pt =
1

1 + e−ζ×(μt−ψ)

where ζ is an inverse-temperature parameter and ψ is a cooperation- 
threshold parameter.

Models were fitted separately for each participant using maxi-
mum a posteriori estimation60. Group-level Bayesian model selection61 
identified the self-and-other-history model as the winning model 
(expected posterior model frequency: 0.911; protected exceedance 
probability: >0.999). This winning model was then used to generate 
trial-wise computational variables for subsequent behavioral and 
neural analyses.

In the winning model, posterior estimates based on partner-choice 
and self-choice histories were updated in parallel and integrated using 
a participant-specific weighting parameter (w): (1) the final model- 
derived prospective estimate of partner cooperation was calculated 
as the weighted mean of the two source-specific posterior means; (2) 
estimate uncertainty was calculated as the correspondingly weighted 
mean of their posterior variances; and (3) retrospective cooperative 
PE was defined at the estimate level, before the logistic response 
transformation, as the discrepancy between the partner’s actual 
choice on the previous trial (partnert−1, cooperate = 1, defect = 0) and 
the model-derived prospective estimate for that trial (μt−1). Positive 
values indicated that the partner had been more cooperative 
than estimated.

To examine how these model-derived variables related to observ-
able behavior, we fitted GLME models predicting either the partner’s 
current choice or the participant’s own current choice. Fixed effects 
included estimate mean, estimate uncertainty and retrospective 
cooperative PE. Random intercepts were included for participant 
and P values were adjusted using FDR correction. In additional con-
trol analyses, the participant’s own current choice was included as 
a covariate when predicting the partner’s current choice, to ensure 
that the effects of the model-derived variables were not reducible to 
concurrent choice coupling.

Acquisition of iEEG data, electrode localization  
and preprocessing
The iEEG data were acquired with Nicolet amplifiers at 4,096 Hz (Chi-
nese PLA General Hospital) or Nihon–Kohden amplifiers at 2,000 Hz 
(Beijing Tiantan Hospital). During recording, raw iEEG signals were 
referenced to an electrographically silent channel outside the seizure 

foci. Depth electrodes were 0.8 mm in diameter and contained 8–16 
contacts (2-mm contact length, 1.5-mm spacing).

Electrode locations were determined in each patient’s native space 
by co-registering postoperative head computed tomography and pre-
operative structural magnetic resonance imaging using established 
methods62. These locations were then projected onto a normalized 
cortical surface in the MNI space and visualized on the ‘ICBM152’ tem-
plate63. These steps were performed using the FieldTrip toolbox64, 
Freesurfer software65 and Statistical Parametric Mapping (SPM12)66 
implemented in MATLAB.

An established iEEG data-preprocessing pipeline32,53 was imple-
mented as follows: raw iEEG signals were downsampled to 1,000 Hz, 
bandpass filtered at 1–250 Hz and notch filtered at 50 ± 3 Hz and har-
monics. All channels underwent a quality check. Channels in the epi-
leptic zone or showing substantial epileptic activity, abnormal power 
spectra, extreme variance (>5× or <5× the median variance across all 
channels) or excessive (≥3× the median number) spikes (defined as 
100-μV changes between consecutive samples) were excluded. All 
remaining channels were further visually inspected. Clean channels 
were re-referenced to the average activity across all clean channels (that 
is, common average reference)34,51,53. We opted for common average 
reference because it effectively reduces global noise while preserving 
the broad, distributed spectral signals across electrodes. This is critical 
for our core metric (that is, IBRA) calculated from the high-dimensional 
pattern of spectral power across a broad frequency range67. Our main 
condition-specific IBRA effects were replicated (Extended Data Fig. 9a) 
using white-matter referencing41,67.

Interictal epileptiform discharges (IEDs) were detected using a 
double-thresholding algorithm52: (1) the envelope of the unfiltered signal 
exceeded 5 s.d. values above baseline or (2) the envelope of the filtered 
signal (15-Hz to 80-Hz bandpass-filter) exceeded 6 s.d. values above 
baseline. IEDs were further processed by smoothing the vector of identi-
fied IED samples using a one-dimensional, Gaussian-weighted, moving 
average filter (window length = 0.4 s). Any samples with values >0.01 
after smoothing were also marked as IED samples. Our neural analysis 
focused on the decision-phase epochs (from −200 ms to 1,500 ms rela-
tive to decision-screen onset). Epochs containing IEDs were excluded and 
channels with >30% rejected epochs were removed. These procedures 
resulted in the exclusion of 7.89% epochs and 3.5% channels. All neural 
analyses were conducted on the clean trials and clean channels.

Spectral decomposition
Spectral power was estimated using a multitaper-based method54,68 
(4–32 Hz: 6 cycles and 3 Slepian tapers per window; 32–200 Hz: a fixed 
240-ms window, with 4–31 tapers increasing with frequency per win-
dow). Spectral power was calculated at 60 logarithmically spaced 
frequencies from 4 Hz to 200 Hz and downsampled to 100 Hz. For 
each frequency and channel, we pooled all fixations (200–500 ms) as 
baselines and normalized the power by subtracting the baseline mean 
and dividing by its s.d.69.

IBRA
IBRA quantified similarity between the spectral patterns of interact-
ing participants. Specifically, normalized power from 4 Hz to 200 Hz  
(60 logarithmically spaced frequencies) was averaged in 200-ms win-
dows (10-ms increments) from decision-screen onset to 1,500 ms. For 
each time window and trial, spectral power across frequencies formed 
a feature vector for each channel. Spearman’s correlations were then 
computed between feature vectors from paired same-region chan-
nels in the two interacting brains and Fisher’s z-transformed, yielding 
a time-resolved IBRA profile for each channel-pair and trial. Analyses 
using shorter 100-ms windows replicated the MC-specific IBRA effects 
(Supplementary Fig. 2).

To identify MC-specific IBRA, MC and non-MC IBRA time courses 
were compared at each timepoint using two-sided, paired-sample 
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Student’s t-tests across channel-pairs, with cluster-based permuta-
tion tests (n = 10,000; Supplementary Note 3). Significant condition 
effects were then further tested against 0 using one-sided, one-sample 
Student’s t-tests (Supplementary Table 5). Amygdala analyses iden-
tified early (70–380 ms) and late (480–1,160 ms) MC-specific clus-
ters. For subsequent window-averaged analyses, these clusters were 
standardized to adjacent 50-ms-aligned windows of 50–400 ms and 
500–1,200 ms. This standardization did not affect their original 
time-resolved identification.

As channel-pairs were nested within dyads and some patients 
participated in multiple dyads, we performed confirmatory analyses 
to verify that the primary condition effects remained after accounting 
for the hierarchical structure of the data. Time-resolved LMEs included 
condition (MC versus non-MC) as a fixed effect and random intercepts 
for dyad and channel-pair (Extended Data Fig. 2). Additional analyses 
used a reduced dataset retaining only one channel-pair for any physi-
cal contact repeated across dyads (Extended Data Fig. 9b), included 
patient identity as a random effect (Extended Data Fig. 9c) and aggre-
gated IBRA at the dyad level. These supplementary analyses replicated 
the primary results (Supplementary Table 5).

IBRA controls and content validation
We assessed possible baseline and timing confounds using comple-
mentary controls. Pre-stimulus fixation IBRA did not differ between 
MC and non-MC (Extended Data Fig. 9d), confirming comparable 
baseline representational alignment. With regard to timing-related 
confounds, we performed the following: (1) covariate control: 
trial-wise dDT and dDTsim were included as fixed-effect covariates 
in the LMEs (Extended Data Fig. 3a). (2) Propensity-score matching 
analysis: MC and non-MC trials were propensity-score matched on 
dDT and dDTsim (Extended Data Fig. 3b). (3) Response-locked analy-
sis: trial-wise neural time series were realigned to each participant’s 
response (−1,500 ms to +500 ms; Extended Data Fig. 3c). (4) DT nor-
malization: for each trial, stimulus-to-response neural time series was 
rescaled to a standardized length of 150 time-bins (cubic interpola-
tion; Extended Data Fig. 3d). IBRA was then recomputed at each bin 
using the same method as described above. We further compared 
observed IBRA with three permutation distributions that disrupted 
trial correspondence, paired-cooperation choices or paired dyadic 
outcomes while preserving trial counts. Full procedures are described 
in Supplementary Note 1.

To test whether amygdala IBRA reflected behaviorally mean-
ingful alignment across brains beyond same-trial simultaneity, 
we performed a crossbrain, crosstrial RSA. For each dyad, we con-
structed a 30 × 30 crossbrain neural similarity matrix, in which each 
element (i, j) was defined as the Spearman’s correlation between 
the spectral vector (4–200 Hz) from trial i in one participant and 
trial j in the partner. The diagonal of this matrix (that is, i = j) cor-
responds to the original same-trial IBRA, whereas off-diagonal 
elements capture across-trial, across-brain similarity. A correspond-
ing interaction-history similarity matrix (30 × 30) indexed 1 − the 
absolute difference in three-trial MC history. History similarity 
was masked separately by MC–MC and non-MC–non-MC trial-pair 
matrices to generate condition-specific, history-similarity matri-
ces. Partial correlations tested whether condition-specific history 
similarity explained neural similarity after controlling for the full 
history-similarity matrix, the corresponding condition-pair matrix 
(MC–MC or non-MC–non-MC) and a diagonal matrix indexing 
same-trial comparisons (Extended Data Fig. 4).

We also tested whether amygdala IBRA carried information pre-
dictive of cooperative outcomes by performing time-resolved decod-
ing analyses. IBRA was averaged across all amygdala channel-pairs 
within each dyad. At each timepoint, these values were used as fea-
tures to classify trial outcomes using a linear discriminant classifier. 
Leave-one-dyad-out cross-validation3,70 assessed generalization and 

statistical significance was assessed using a cluster-based permuta-
tion test (500 within-dyad label permutations; Extended Data Fig. 5).

Dissociation of early and late amygdala IBRA
Relationship between IBRA and behavior. For each MC trial, we 
extracted early IBRA onset and mean early and late IBRA values for each 
channel-pair. Onset was the first significant timepoint within the early 
window, based on one-sided tests against 0 (100-ms windows, 10-ms 
steps; FDR corrected across all timepoints). LMEs that included dyad 
and channel-pair identity as random effects tested relationships of 
recent three-trial MC history with IBRA onset or intensity, and rela-
tionships of IBRA with dDT and dDTsim. Time-resolved LMEs provided 
a window-independent confirmation. All continuous variables were 
standardized and two-sided P values were adjusted via FDR correction. 
LME-based mediation with 5,000 bootstrap samples tested whether 
early IBRA onset and/or late IBRA intensity mediated the association 
between MC history and current MC decision speed.

Spectral profile of IBRA. To characterize the spectral profiles of 
MC-specific early and late IBRA, baseline-normalized power within 
MC trials was tested against 0 across channels using cluster-based 
permutation tests (n = 10,000). Power was additionally averaged in the 
θ (4–8 Hz), α (8–15 Hz), β (15–35 Hz), γ (35–70 Hz) and high-frequency 
broadband (70–200 Hz), for both early and late time windows, with 
FDR corrected for multiple frequency bands. For visualization, power 
time series at each frequency were smoothed using a one-dimensional, 
Gaussian-weighted, moving average filter (window length = 200 ms).

Responsive channel-pair identification. We identified interbrain 
channel-pairs as responsive if they showed both IBRA > 0 during MC 
and MC > non-MC for at least 50 ms consecutively. We resampled 
the data with replacement over 1,000 iterations for each condition 
(MC versus non-MC), matching the trial numbers of the condition 
with fewer trials. Mean IBRA across these 1,000 iterations was taken 
as the representative IBRA value for each condition51. Responsive 
channel-pairs were further classified as early selective, late selective 
or shared. Their frequencies and spatial distributions were compared 
using the χ2 test and MNI-coordinate tests, respectively (detailed in 
Supplementary Table 7b).

Neural representation of IBRA-related spectral patterns. We 
investigated the representational contents of the spectral patterns 
of the early and late IBRA by examining how their spectral patterns 
encoded interaction history and current MC outcomes. We constructed 
30 × 30 similarity matrices for: (1) neural spectrograms (spectral power 
from 4 Hz to 200 Hz of early and late IBRA window), (2) three-trial 
MC rates and (3) current outcomes. The neural similarity matrix was 
indexed by the Spearman’s correlation between neural spectral pat-
terns of each trial-pair, separately for early and late time windows. The 
interaction-history matrix was indexed by 1 − the absolute difference 
in the three-trial MC rate between each pair of trials. To test whether 
neural spectral patterns reflected past interaction history, we corre-
lated the lower off-diagonal elements of the neural and history-based 
behavioral matrices. Resulting correlation coefficients were Fisher’s 
z-transformed and tested to 0 across all channels using two-sided, 
one-sample Student’s t-tests.

Next, we examined whether these IBRA-related spectral patterns 
were sensitive to current MC outcomes. From the neural similarity 
matrix, we extracted the similarity values for MC–MC trial pairs, sepa-
rately for early and late time windows and compared them against 
0 across all channels using two-sided, one-sample Student’s t-tests. 
Positive values indicated shared representations across MC trials, 
whereas negative values indicated discriminative patterns. To estab-
lish specificity for mutual cooperation, we performed trial-pair shuf-
fle analyses: for each channel, trial labels were randomly shuffled to 
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generate pseudo-MC–MC pairs, trial-wise neural spectral similarity 
was recalculated and this process was repeated 10,000 times to yield 
permutation distributions. The observed MC–MC neural dissimilarity 
(similarity) was then compared against the 95% CI of the null distribu-
tion for each time window.

Neural analysis of prospective partner estimation
We first tested whether amygdala spectrotemporal features associated 
with IBRA (early θ suppression, later θ and α suppression and late γ 
increases) predicted overt choices. GLMEs were fitted across trials and 
channels for self-choice and partner choices, with cooperation coded 
as 1. The target choice was predicted from neural power while control-
ling for the other player’s concurrent choice (Supplementary Table 8b). 
The regression coefficient (β) was extracted for each regressor and 
statistical significance was assessed using FDR correction. We utilized 
random-intercept-only models to ensure model stability and prevent 
overfitting, while acknowledging the assumption that the predictive 
effect of neural power is constant across the participants.

Next, to determine which computational components of the  
partner-estimation process were encoded by IBRA-related amygdala  
spectrotemporal features, we related trial-wise neural responses to 
latent variables derived from the winning model (including model- 
derived prospective estimate of partner cooperation, estimate uncer-
tainty and retrospective cooperative PE; Supplementary Table 8c). 
Random intercepts were included for participant and channel nested 
within participant. An expanded intrabrain dataset, including 11 addi-
tional dyads with amygdala coverage in only one participant, replicated 
the findings (Extended Data Fig. 10).

PAC analysis
We investigated cross-frequency communication within the amy
gdala, by calculating the PAC values40,41. Specifically, iEEG data were 
0-padded and bandpass-filtered to extract instantaneous phase 
and amplitude. θ and α phase (4–15 Hz, 21 logarithmically spaced 
frequencies, 2-Hz bandwidth) and γ amplitude (35–75 Hz, step: 2 Hz, 
adaptive filter bandwidth: 2× corresponding low frequency) were 
obtained using Hilbert’s transform. PAC values were calculated as 
the circular–linear correlation coefficients between the phase and 
amplitude time series within the late-IBRA time window (correspond-
ing to the time window with γ increase). These values were Fisher’s 
z-transformed and averaged within each condition.

To identify significant PAC clusters for each condition, we per-
formed permutation tests. The amplitude time series were randomly 
segmented at a given timepoint and the order of the two segments 
was reversed; afterward, PAC values were recalculated71. This process 
was repeated 1,000 times to generate a null distribution. Significant 
frequency clusters were required both to exceed the within-condition 
surrogate threshold (95% CI) and to show an MC versus non-MC dif-
ference (Fig. 4h). Moreover, mixed-effects models controlling θ and γ 
power confirmed the MC-related PAC effect.

Analyses in pMC dyads
IBRA in pMC dyads. The amygdala IBRA during the decision phase  
was examined in pMC dyads (ndyads = 19, nchannel-pairs = 137; Supplemen-
tary Table 1b). Preprocessing (7.75% bad epochs and 0.8% bad channels 
were excluded) and IBRA calculation followed the CC-dyad procedure, 
but the analysis epoch was −500 ms to 1,000 ms relative to stimulus 
onset because pMC decisions were faster (median, 730 ms versus 
1,200 ms in CC). IBRA was averaged across all 30 MC trials and tested 
against 0. Time-resolved analysis identified two temporal clusters of 
increased amygdala IBRA in pMC dyads (−340 ms to 170 ms and 290 ms 
to 630 ms). Subsequent window-averaged analyses used adjacent 
50-ms-aligned windows of −350 ms to 200 ms and 300 ms to 650 ms. 
Full-trial permutation tested whether observed IBRA exceeded ran-
domly paired trials (Supplementary Note 1).

Spectral profile in pMC dyads. The spectral patterns underlying early 
and late IBRA in pMC dyads were analyzed using the same procedures 
as for CC dyads.

Trait-level individual differences between pMC and CC dyads.  
To explore potential individual differences between pMC and CC  
dyads, we assessed three key traits: (1) empathic concern (interpersonal 
reactivity index)72; (2) social preference, measured by social value ori-
entation73; and (3) uncertainty tolerance (intolerance of uncertainty 
scale)74. For each trait, we averaged the scores of both participants 
within each dyad and compared the dyadic trait scores between pMC 
and CC dyads using two-sided, independent sample Student’s t-tests.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
The raw magnetic resonance imaging and iEEG data that contain 
patients’ personal information are protected and have restricted access 
for ethical and privacy reasons. Access can be obtained from the cor-
responding author upon reasonable request. Preprocessed data used 
to generate the figures and perform statistical tests are available in the 
following repository: https://osf.io/gy829.

Code availability
Analysis codes are available in the following repository: https:// 
osf.io/gy829.

References
51.	 Xie, W., Bainbridge, W. A., Inati, S. K., Baker, C. I. & Zaghloul, K. A. 

Memorability of words in arbitrary verbal associations modulates 
memory retrieval in the anterior temporal lobe. Nat. Human 
Behav. 4, 937–948 (2020).

52.	 Stangl, M. et al. Boundary-anchored neural mechanisms of location- 
encoding for self and others. Nature 589, 420–425 (2021).

53.	 Stieger, J. R. et al. Cross-regional coordination of activity in the 
human brain during autobiographical self-referential processing. 
Proc. Natl Acad. Sci. USA 121, e2316021121 (2024).

54.	 Lopez-Persem, A. et al. Four core properties of the human brain 
valuation system demonstrated in intracranial signals. Nat. 
Neurosci. 23, 664–675 (2020).

55.	 Costa, M. et al. Human hippocampal reactivation of amygdala 
encoding-related gamma patterns during aversive memory 
retrieval. Nat. Commun. 16, 6820 (2025).

56.	 Pacheco-Estefan, D. et al. Representational dynamics during 
extinction of fear memories in the human brain.Nat. Commun. 10, 
29–48 (2026).

57.	 Philippe, R. et al. Neurocomputational mechanisms involved in 
adaptation to fluctuating intentions of others. Nat. Commun. 15, 
3189 (2024).

58.	 Babür, B. G., Leong, Y. C., Pan, C. X. & Hackel, L. M. Neural 
responses to social rejection reflect dissociable learning about 
relational value and reward. Proc. Natl Acad. Sci. USA 121, 
e2400022121 (2024).

59.	 Lamba, A., Frank, M. J. & FeldmanHall, O. Anxiety impedes adaptive 
social learning under uncertainty. Psychol. Sci. 31, 592–603 (2020).

60.	 Gershman, S. J. Empirical priors for reinforcement learning 
models. J. Math. Psychol. 71, 1–6 (2016).

61.	 Stephan, K. E., Penny, W. D., Daunizeau, J., Moran, R. J. &  
Friston, K. J. Bayesian model selection for group studies. 
Neuroimage 46, 1004–1017 (2009).

62.	 Stolk, A. et al. Integrated analysis of anatomical and 
electrophysiological human intracranial data. Nat. Protoc. 13, 
1699–1723 (2018).

http://www.nature.com/natureneuroscience
https://osf.io/gy829
https://osf.io/gy829
https://osf.io/gy829


Nature Neuroscience

Article https://doi.org/10.1038/s41593-026-02473-z

63.	 Fonov, V. et al. Unbiased average age-appropriate atlases for 
pediatric studies. Neuroimage 54, 313–327 (2011).

64.	 Oostenveld, R., Fries, P., Maris, E. & Schoffelen, J. M. FieldTrip: 
open source software for advanced analysis of MEG, EEG, and 
invasive electrophysiological data. Comput. Intell. Neurosci. 2011, 
156869 (2011).

65.	 Fischl, B. FreeSurfer. Neuroimage 62, 774–781 (2012).
66.	 Ashburner, J. & Friston, K. J. Unified segmentation. Neuroimage 

26, 839–851 (2005).
67.	 Parish, G. M., Michelmann, S. & Hanslmayr, S. How should I 

re-reference my intracranial EEG data? In Intracranial EEG: A 
Guide for Cognitive Neuroscientists (ed. Axmacher, N.) 451–473 
(Springer International Publishing, 2023).

68.	 Laquitaine, M. et al. Optimal level of human intracranial theta 
activity for behavioral switching in the subthalamo-medio- 
prefrontal circuit. Nat. Commun. 15, 7827 (2024).

69.	 Cohen, M. X. Analyzing Neural Time Series Data: Theory and 
Practice (MIT, 2014).

70.	 Bijanzadeh, M. et al. Decoding naturalistic affective behaviour 
from spectro-spatial features in multiday human iEEG. Nat. Human 
Behav. 6, 823–836 (2022).

71.	 Hülsemann, M. J., Naumann, E. & Rasch, B. Quantification of phase- 
amplitude coupling in neuronal oscillations: comparison of 
phase-locking value, mean vector length, modulation index, and 
generalized-linear-modeling cross-frequency-coupling. Front. 
Neurosci. 13, 573 (2019).

72.	 Davis, M. H. A Multidimensional Approach to Individual Differences 
in Empathy (Univ. Texas at Austin, 1980).

73.	 Murphy, R. O., Ackermann, K. A. & Handgraaf, M. J. Measuring 
social value orientation. Judgm. Decis. Mak. 6, 771–781 (2011).

74.	 Freeston, M. H., Rhéaume, J., Letarte, H., Dugas, M. J. & 
Ladouceur, R. Why do people worry? Personal. Individ. Differ. 17, 
791–802 (1994).

Author contributions
Y.M. conceived the project, designed the experiments, interpreted the 
results and wrote the original and final versions of the paper. J.N. analyzed 
the data under the supervision of Y.M. J.N., F.M., C.Z., H.T., X.Z., J.Y., H.L., 
Y.Q., Y.Y., Y.Z. and K.Z. performed the experiments and collected data. All 
the authors approved the final version of the paper for submission.

Funding
This work was supported by the National Natural Science Foundation of 
China (Brain Science and Brain-like Intelligence Technology—National 
Science and Technology Major Project: grant nos. 2022ZD0211000, 
32125019 and 32430041 to Y.M.) and the Fundamental Research Funds for 
the Central Universities (grant no. 2233300002 to Y.M.).

Competing interests
The authors declare no competing interests.

Additional information
Extended data is available for this paper at https://doi.org/10.1038/
s41593-026-02473-z.

Supplementary information The online version contains supplementary 
material available at https://doi.org/10.1038/s41593-026-02473-z.

Correspondence and requests for materials should be addressed to 
Yina Ma.

Peer review information Nature Neuroscience thanks Micah Allen, 
Steve Chang and Guillaume Dumas for their contribution to the peer 
review of this work.

Reprints and permissions information is available at  
www.nature.com/reprints.

http://www.nature.com/natureneuroscience
https://doi.org/10.1038/s41593-026-02473-z
https://doi.org/10.1038/s41593-026-02473-z
https://doi.org/10.1038/s41593-026-02473-z
http://www.nature.com/reprints


Nature Neuroscience

Article https://doi.org/10.1038/s41593-026-02473-z

Extended Data Fig. 1 | Validation of real-time-specific TPJ IBRA in both MC and 
non-MC conditions. Real TPJ IBRA exceeded the 95% CI of the null distribution in 
both MC (a-c) and non-MC (d-f) conditions in the full-trial permutations (a, MC: 
pcorr = 8.00×10−4; d, non-MC: pcorr = 0.003, n = 10,000 permutations, two-sided), 
the paired-choice permutations (b, MC: pcorr = 1.00×10−4; e, non-MC: pcorr = 0.012), 

and the paired-outcome permutations (c, MC: pcorr = 7.00×10−4; f, non-MC: 
pcorr = 0.004). Null distributions are plotted with values exceeding 95% CI colored, 
and purple/grey vertical lines indicate the observed IBRA values of the real MC/
non-MC condition.
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Extended Data Fig. 2 | IBRA results in the amygdala and TPJ were replicated 
with time-resolved LME analysis. Time courses of IBRA in the amygdala (a)  
and TPJ (b) during MC and non-MC conditions across all trials, assessed 
using time-resolved linear mix-effects models (LME). MC-specific IBRA 
increases were observed in two time windows in the amygdala (a): 120 ms 
to 330 ms (tsum = 64.050, pcorr = 0.021) and 480 ms to 1190 ms (tsum = 290.523, 
pcorr = 2.00×10−4), whereas no significant condition difference was found in TPJ (b).  

LMEs were conducted at each time point with condition (MC/non-MC) as a  
fixed effect dyad and channel-pair as random effects. Multiple comparisons  
were corrected through cluster-based permutation testing (n = 5,000, two-
sided). Colored curves represent mean values across trials with shaded areas 
indicating 95% CIs. Horizontal lines indicate time windows with significant 
conditional differences.
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Extended Data Fig. 3 | Validation of MC-increased amygdala IBRA after 
controlling for timing-related confounds. a, Time courses of amygdala IBRA 
during MC (purple) and non-MC (grey) across all trials. MC-specific IBRA 
increases were observed in two time windows (130-370 ms and 480-1190 ms) 
after controlling for dDT and dDTsim. Linear mix-effects models were conducted 
at each time point with condition (MC/non-MC) as a fixed effect and dDT and 
dDTsim as covariates. Multiple comparisons were corrected through cluster-
based permutation testing (n = 5,000, two-sided). Colored curves represent 
mean values across trials with shaded areas indicating 95% CIs. b, Time courses 
of amygdala IBRA during dDT- and dDTsim-matched MC and non-MC conditions. 
Propensity-score matching was used to create subsets of MC and non-MC trials 
matched on dDT and dDTsim. MC-specific IBRA increases were observed in two 
time windows (130-320 ms and 540-1130 ms). c, Time courses of response-

locked IBRA of MC and non-MC, from -1500ms to 500 ms relative to individual 
response onset. No significant MC-specific IBRA was found. d, Time courses 
of DT-normalized amygdala IBRA during MC and non-MC conditions. Each 
participant’s trial-wise neural time series were temporally normalized according 
to their decision time. The neural time series between stimulus onset and the 
participant’s response were interpolated into a fixed 150 time-bins (shape-
preserving piecewise cubic interpolation) and IBRA was recalculated for each 
dyad. MC-specific IBRA increases were observed in two time windows (bins 1-39 
and 49-104). In b-d, colored curves represent mean values across channel-pairs 
with shaded areas indicating 95% CIs. Multiple comparisons were corrected 
through cluster-based permutation testing (n = 10,000, two-sided). Horizontal 
solid lines denote significant timepoints. Supplementary Tables 6 for full 
statistics. dDT, dyadic decision time, dDTsim, dyadic decision-time similarity.
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Extended Data Fig. 4 | Interaction-history similarity organized cross-brain 
neural similarity specifically for MC-MC trial pairs. a, Schematic of the 
cross-brain, cross-trial representational similarity analysis (RSA). For each 
dyad, a 30×30 cross-brain neural similarity matrix was constructed, in which 
each cell (i,j) was defined as the Spearman correlation between the spectral 
pattern of trial i from one participant (S1) and trial j from the partner (S2). The 
interaction-history similarity matrix was constructed as 1 minus the absolute 
difference in MC rate between trial pairs. It was then multiplied with a binary 
MC-MC or non-MC-non-MC pair matrix to generated condition-specific history-
similarity matrix, isolating the component of history similarity expressed 
specifically within trial pairs of MC or non-MC, respectively. Partial correlations 
were conducted between the cross-brain neural similarity matrix and each 
condition-specific history-similarity matrix while controlling for the same-trial 
diagonal component and the overall history- and condition-similarity structure. 
b,c,e,f, Time-window-averaged cross-brain, cross-trial RSA. Interaction-history 

similarity was significantly associated with cross-brain neural similarity within 
MC-MC trial pairs for both early (b) and late (c) spectra. While, interaction-
history similarity was not associated with cross-brain neural similarity within 
trial pairs of non-MC for either early (e) or late (f) spectra. d, Time-resolved 
cross-brain, cross-trial RSA. Significant associations between cross-brain neural 
spectral similarity and interaction-history similarity were observed specifically 
for MC-MC trial pairs in two time-windows: 270-620 ms (tsum = 115.298, 
pcorr = 0.003), 770-970 ms (tsum = 62.579, pcorr = 0.035). Multiple comparisons were 
corrected through cluster-based permutation testing (n = 10,000, one-sided). 
Colored curves represent mean values across channel-pairs and shaded areas 
indicating 95% CIs. Horizontal solid lines denote significant timepoints. In b,c,e,f, 
statistical significance was assessed using one-sided one sample t-tests. Box plots 
show medians (center lines), interquartile ranges (IQR, box edges), whiskers 
(1.5×IQR), and mean values (crosses). Supplementary Table 5 for full statistics.  
CI: confident interval. **p < 0.01, n.s., not significant.
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Extended Data Fig. 5 | Trial-level prediction of mutual cooperation by 
amygdala IBRA. Time-resolved decoding accuracy of trial-wise IBRA values 
predicting upcoming mutual cooperation outcome (MC/non-MC). For each 
dyad, IBRA strength was first averaged across all available amygdala channel 
pairs, yielding a single IBRA time series per trial. Decoding was then performed 
using a linear discriminant analysis (LDA) classifier and a leave-one-dyad-out 
cross-validation procedure. In each fold, data from one dyad was used as the 
testing set and the remaining dyads were used as the training set. The training 
set was balanced by randomly selecting a number-matched subset of MC 
and non-MC trials. This procedure was repeated until each dyad served once 
as the test set. Classification accuracy was computed at each time point and 
averaged across folds. Decoding was repeated for 500 times while considering 

randomization during dataset construction and cross-validation. Statistical 
significance was assessed using a cluster-based permutation test to compare 
with the chance level, in which trial labels were randomly shuffled within each 
dyad (two-sided). Colored curves represent mean values across repetitions 
with shaded areas indicating 95% CIs. Red and black solid curves indicate time 
points with significant and non-significant decoding accuracy on test trials, 
respectively, relative to chance-level performance (gray dotted line). Light 
blue and red shaded area indicate the early and late MC-specific IBRA windows 
(Fig. 2b). IBRA in both early (90-350 ms, tsum = 695.210, pcorr = 2.00×10−4) and late 
(490-1130 ms, tsum = 1562.742, pcorr = 2.00×10−4) windows predicted upcoming 
mutual cooperation.
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Extended Data Fig. 6 | Behavioral metrics relate to sustained IBRA. a,b, Time-
resolved regression coefficients of IBRA in MC trials predicting dyadic decision-
time similarity (a) and dyadic decision time (b). Regression coefficients were 
derived from linear mixed-effects models. a, IBRA in both early and late windows 
exhibited positive correlations with decision-time similarity between partners 
(10-170 ms, tsum = 65.470, pcorr = 0.023; 320-660 ms, tsum = 106.217, pcorr = 0.003; 
720-1130 ms, tsum = 177.304, pcorr = 2.00×10−4). b, Early IBRA showed sustained 

negative correlations with decision time (30-190 ms, tsum = -62.423, pcorr = 0.032), 
whereas IBRA showed positive correlations with decision time across a later time 
window (780-1240 ms, tsum = 140.397, pcorr = 2.00×10−4). Multiple comparisons 
were corrected through cluster-based permutation testing (n = 5,000, two-
sided). Colored curves represent estimated coefficients with shaded areas 
indicating standard errors of each coefficient. Horizontal solid lines indicate 
significant time windows.
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Extended Data Fig. 7 | See next page for caption.
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Extended Data Fig. 7 | Temporally diffuse alignment between inter-brain 
neural spectra. a, Schematic of time-lagged IBRA analysis. For each dyad, 
simultaneous iEEG signals from same-region electrodes were transformed into 
time-frequency spectra (4-200 Hz). Spectral power across all frequencies was 
extracted using sliding windows (200-ms/100-ms, 10-ms steps; or no smoothing) 
and represented as feature vectors. Trial-wise Fisher-z–transformed Spearman 
correlations between one channel’s spectral patterns across all time-windows 
and those of another channel yielded a time-by-time IBRA map for each 
channel-pair. Example window i from one patient (S1) and temporally shifted 
windows i-k from another patient (S2) are illustrated. b-g, Time-by-time t-maps 
(paired t-tests, two-sided) showing amygdala IBRA increases (MC vs. non-MC) 
for early (b,d,f) and late (c,e,g) windows using 200-ms (b,c) and 100-ms (d,e) 
sliding window and no smoothing (f,g) analyses. In both early and late windows, 
IBRA increases extended from the diagonal to off-diagonal regions, indicating 

temporally diffuse alignment between inter-brain neural spectra. h,i, Time-
by-time t-maps (paired t-tests, two-sided) showing amygdala IBRA increases 
for early (h) and late (i) windows with decision-time normalization. For DT-
normalized IBRA, each participant’s trial-wise neural time series was temporally 
normalized according to decision time (details in Extended Data Fig. 3), and IBRA 
was recalculated for each dyad. In both early and late windows, IBRA increases 
extended from the diagonal to off-diagonal regions, indicating robust temporally 
diffuse alignment between inter-brain neural spectra, even without temporal 
smoothing or after controlling for individual DT differences. j-m, Time-by-time 
t-maps (one-sample t-tests, one-sided) showing amygdala IBRA in MC (early (j) and 
late (k)) and non-MC (early (l) and late (m)) condition without smoothing. Diffuse 
IBRA increases extending from the diagonal to off-diagonal regions were specific 
for MC rather than non-MC condition. Black contours delimit significant clusters 
after cluster-based permutation tests (n = 5,000).
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Extended Data Fig. 8 | Directionality in IBRA was linked to partner-predictive 
signal strength and decision speed. a-c, Time-by-time IBRA t-maps (left: early-
window, 0-500 ms, right: late-window, 500-1500 ms) showing that amygdala 
neural spectra from participants with stronger partner-predictive signals (y 
axis) preceded those of their relatively weaker predictor partner (x axis). a, MC 
vs. non-MC, AI = 0.307, p = 1.07×10−8; b, MC, AI = 0.181, p = 3.02×10−4; c, non-MC, 
AI = -0.291, p = 3.36×10−6. d-f, Time-by-time IBRA t-maps showing that amygdala 
neural spectra from trial-wise faster decision-maker (y axis) preceded those 
from the relatively slower decision-maker (x axis). d, MC vs. non-MC, AI = 0.254, 

p = 8.96×10−7; e, MC, AI = 0.220, p = 1.99×10−5; f, non-MC, AI = -0.384, p = 3.04×10−8. 
AI: asymmetry index, defined as AI = (a-b)/(a + b), where a and b are the average 
value of significant IBRA in regions below and above the diagonal, respectively. 
A positive AI indicates neural spectra from the y-axis participant preceded 
those from the x-axis participant, whereas a negative AI indicates the opposite. 
Statistical significance was examined using Wilcoxon signed-rank tests. Black 
contours delimit significant clusters after cluster-based permutation tests 
(n = 5,000, two-sided). Red dashed lines indicate the diagonals. ***p < 0.001.
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Extended Data Fig. 9 | MC-specific amygdala IBRA was validated through 
alternative referencing, control for repeated channels, linear mixed-
effects modeling, and baseline checks. a, Time courses of amygdala IBRA 
during MC and non-MC condition using white-matter re-referencing. For each 
recording channel, neural signals were re-referenced to the average activity 
of all clean white-matter channels. IBRA was re-computed and compared 
between conditions. MC-specific IBRA increases were observed in two time 
windows: 110-270 ms (tsum = 60.580, pcorr = 0.037) and 460-1060 ms (tsum = 274.751, 
pcorr = 1.00×10−4). b, Time courses of amygdala IBRA during MC and non-MC 
conditions in the reduced dataset excluding repeated channels. For channels 
that formed multiple inter-dyad channel-pairs, only one pair was randomly 
retained and the remaining pairs were discarded. The condition difference of 
IBRA was re-examined in this reduced dataset. MC-specific IBRA increases were 
observed in two time windows: 140-350 ms (tsum = 56.665, pcorr = 0.047) and 
560-1140 ms (tsum = 308.922, pcorr = 1.00×10−4). c, Time courses of amygdala IBRA 

during MC and non-MC conditions across all participants, channel-pairs, and 
trials. Condition differences were examined using linear mix-effects models with 
dyad, participant, and channel-pair as nested random effects. MC-specific IBRA 
increases were also observed in two time windows: 100-390 ms (tsum = 113.050, 
pcorr = 0.004) and 470-1200 ms (tsum = 425.827, pcorr = 2.00×10−4). d, Time courses 
of amygdala IBRA during the pre-stimulus fixation period (minimal length: 
600 ms) for MC and non-MC conditions. No significant MC-specific IBRA was 
found during fixation. In a,b,d, colored curves represent mean values across 
channel-pairs with shaded areas indicating 95% CIs. Multiple comparisons were 
corrected through cluster-based permutation testing (n = 10,000, two-sided). 
In c, colored curves represent mean values across trials with shaded areas 
indicating 95% CIs. Multiple comparisons were corrected through cluster-based 
permutation testing (n = 5,000, two-sided). Horizontal lines indicate significant 
time windows.
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Extended Data Table 10 | Validation of prospective partner-estimation 
analyses in a lager sample (nsub = 27). a, Amygdala low-frequency power 
consistently predicted the partner’s upcoming cooperation, and late gamma 
power predicted the participant’s own decision (early theta: β = -0.143, 
t2658 = -3.049, p = 0.001, 95% CI: -Inf, -0.066; late low-frequency: β = -0.121, 
t2658 = -2.667, p = 0.004, 95% CI: -Inf, -0.046; late gamma: β = 0.089, t2658 = 1.722, 
p = 0.043, 95% CI: 0.004, Inf). Regression coefficients were derived from 
generalized linear mixed-effects models (one-sided). b-d, Amygdala 
spectrotemporal features consistently encoded model-derived variables. b, Early 
theta suppression was associated the prospective partner-cooperation estimate 

and its uncertainty (estimate: β = -0.117, t2657 = -3.960, p = 7.69×10−5, 95% CI: -0.174, 
-0.059; uncertainty: β = -0.087, t2657 = -2.963, p = 0.003, 95% CI: -0.145, -0.030).  
c, Late low-frequency power was negatively associated with estimate uncertainty 
(β = -0.092, t2657 = -2.271, p = 0.023, 95% CI: -0.170, -0.012). d, Late gamma power 
was positively correlated with retrospective cooperative prediction error 
(β = 0.052, t2657 = 2.612, p = 0.009, 95% CI: 0.013, 0.092). Regression coefficients 
were derived from linear mixed-effects models (two-sided). Central dots and 
corresponding error bars indicate estimated coefficients and standard errors, 
respectively. ***p < 0.001, **p < 0.01, *p < 0.05, n.s., not significant.
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Ethics oversight

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Animals and other research organisms

Policy information about studies involving animals; ARRIVE guidelines recommended for reporting animal research, and Sex and Gender in 

Research

Laboratory animals
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Wild animals

Reporting on sex

Field-collected samples

Ethics oversight

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Clinical data

Policy information about clinical studies

All manuscripts should comply with the ICMJE guidelines for publication of clinical research and a completed CONSORT checklist must be included with all submissions.

Clinical trial registration

Study protocol

Data collection

Outcomes

Dual use research of concern

Policy information about dual use research of concern

Hazards

Could the accidental, deliberate or reckless misuse of agents or technologies generated in the work, or the application of information presented 

in the manuscript, pose a threat to:

No Yes

Public health

National security

Crops and/or livestock

Ecosystems

Any other significant area

Experiments of concern

Does the work involve any of these experiments of concern:

No Yes

Demonstrate how to render a vaccine ineffective

Confer resistance to therapeutically useful antibiotics or antiviral agents

Enhance the virulence of a pathogen or render a nonpathogen virulent

Increase transmissibility of a pathogen

Alter the host range of a pathogen

Enable evasion of diagnostic/detection modalities

Enable the weaponization of a biological agent or toxin

Any other potentially harmful combination of experiments and agents

Plants

Seed stocks

Novel plant genotypes

Authentication
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ChIP-seq

Data deposition

Confirm that both raw and final processed data have been deposited in a public database such as GEO.

Confirm that you have deposited or provided access to graph files (e.g. BED files) for the called peaks.

Data access links 
May remain private before publication.

Files in database submission

Genome browser session 
(e.g. UCSC)

Methodology

Replicates

Sequencing depth

Antibodies

Peak calling parameters

Data quality

Software

Flow Cytometry

Plots

Confirm that:

The axis labels state the marker and fluorochrome used (e.g. CD4-FITC).

The axis scales are clearly visible. Include numbers along axes only for bottom left plot of group (a 'group' is an analysis of identical markers).

All plots are contour plots with outliers or pseudocolor plots.

A numerical value for number of cells or percentage (with statistics) is provided.

Methodology

Sample preparation

Instrument

Software

Cell population abundance

Gating strategy

Tick this box to confirm that a figure exemplifying the gating strategy is provided in the Supplementary Information.

Magnetic resonance imaging

Experimental design

Design type Electrode localization without experiment design. Participants did not perform any experimental task during MRI 

scanning.

Design specifications  Not applicable

Behavioral performance measures  Not applicable
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Acquisition

Imaging type(s) structural T1-weighted

Field strength 3-T

Sequence & imaging parameters Pre-implant structural T1-weighted scans were obtained using magnetization-prepared rapid gradient echo sequence  

with standard parameter settings.

Area of acquisition  whole brain scan

Diffusion MRI Used Not used

Preprocessing

Preprocessing software Structural image were preprocessed using FieldTrip (v20220310) for alignment of ACPC (Anterior Commissure - Posterior  

Commissure) coordinate system and then reconstructed using the 'recon-all' function in Freesurfer (v5.3.0). 

Normalization Structural image was normalized to using SPM12 to obtain deformation parameters that transform electrode positions from  

patients' native space to standard MNI space

Normalization template Default tissue probability map in SPM12.

Noise and artifact removal Not applicable

Volume censoring Not applicable

Statistical modeling & inference

Model type and settings Not applicable

Effect(s) tested Not applicable

Specify type of analysis: Whole brain ROI-based Both

Statistic type for inference

(See Eklund et al. 2016)

Not applicable

Correction Not applicable

Models & analysis

n/a Involved in the study

Functional and/or effective connectivity

Graph analysis

Multivariate modeling or predictive analysis

Functional and/or effective connectivity

Graph analysis

Multivariate modeling and predictive analysis
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