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Making decisions in complex, real-world environments is challenging. Biologically 
plausible strategies like reinforcement learning (RL) require attention toward reward-
predictive stimuli to define task states, yet how attention and decision processes 
coordinate in the human brain remains unclear. We hypothesized this arises through 
interactions between orbitofrontal (OFC) value-based mechanisms and lateral prefrontal 
(LPFC) attention filtering. To test this, we combined behavioral modeling with local field 
potential (LFP) and single-unit recordings in 22 subjects performing a multidimensional 
RL task. Reward expectations were encoded in OFC and LPFC, as reflected in high-
frequency LFP and OFC single-unit spiking, but modulated by attention only in LPFC. 
Theta LFPs encoded reward expectations and indexed attention-dependent LPFC-OFC 
coordination, with value-related coupling emerging pre-choice in high-attention subjects 
and post-choice in low-attention subjects. These findings show that prefrontal circuits 
dynamically coordinate to encode attention-weighted value signals, shaping state 
representations and providing a tractable solution to learning in complex environments. 
 
Introduction 

Real-world decisions unfold in complex environments containing mixtures of 
relevant and irrelevant features (e.g., evaluating price, location and reviews when booking 
a hotel). Exhaustively learning over all possible feature combinations, a strategy often  
assumed by standard reinforcement learning (RL) frameworks1,2, is computationally 
intractable. A potential solution is to retain only task-relevant information3–5, reducing task 
features into low-dimensional mental models, or state representations. Selective attention 
acts as a top-down computational process that prioritizes behaviorally relevant features 
and suppresses irrelevant ones6. During learning, selective attention is thought to provide 
a mechanism for dimensionality reduction by maintaining a compressed, task-relevant 
state space that supports efficient RL 3–5, 7–9. However, how attention interacts with 
ongoing learning to sustain compressed task states, and how this process is implemented 
in the human brain, remains unclear. 

The prefrontal cortex is well positioned to maintain task-relevant state 
representations, with growing evidence indicating that flexible cognition arises from 
distributed network interactions rather than isolated regional computations10,11. The lateral 
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prefrontal cortex (LPFC) contributes to top-down attentional control and task-set 
maintenance12–15, enabling dynamic selection and prioritization of behaviorally relevant 
information. In contrast, the orbitofrontal cortex (OFC) encodes value-based 
predictions10,16–19 alongside abstract task variables that link state representations to 
expected outcomes20–23. Together, these regions support attention and value learning, 
complementary functions necessary for maintaining efficient task representations. 

These observations suggest coordinated interactions between LPFC-mediated 
attentional control and OFC value representations could support maintenance of 
compressed task states. We hypothesize that these processes rely on local computation, 
cross-areal coordination, and integration across OFC and LPFC. More specifically, we 
postulate that interplay between local high-frequency activity and oscillatory 
synchronization, which can flexibly couple local computations with inter-regional 
communication, acts to link PFC attention7,8,14,24 with OFC value representations21,25. 

To test these hypotheses in the human brain, we recorded LFP and single-unit 
activity from neurosurgical patients performing a multidimensional RL task requiring 
attention to an instructed feature dimension (shape or color). Behavioral modeling 
revealed variability in selective attention that predicted performance. In OFC and LPFC, 
the expected value (EV) of chosen stimuli was encoded in both high-frequency activity 
(HFA; 60-200 Hz) and theta (3-8 Hz), with distinct temporal profiles. LPFC, but not OFC, 
exhibited attention-dependent modulation of HFA-EV encoding. LPFC-OFC theta 
connectivity showed attention-shaped value-dependent coordination: it emerged pre-
choice in high-attention participants and post-choice in low-attention participants. Finally, 
OFC single-units showed rich task coding, indicating neuronal representation of task-
relevant information. Together, these findings indicate that attention shapes local 
prefrontal value signals, while oscillatory synchronization coordinates their interaction to 
maintain compressed task states during learning in complex environments.  
 
Results 

We administered a multidimensional RL task to 22 neurosurgical patients (age = 
39.2 ± 13.8 (M ± SD); sex = 68.2% female; Supplementary Table 1) undergoing monitoring 
via iEEG for drug-resistant epilepsy (Fig. 1A). Given prior evidence implicating the OFC 
and LPFC in state representation21,25,26, we focused our analyses on these regions. All 
patients had at least one macroelectrode in both OFC and LPFC (Fig. 1B/C; 
Supplementary Table 2). During task performance, we recorded LFPs from these regions 
(Fig. 1B/C). After bipolar re-referencing, we obtained 163 OFC (7.4 ± 4.5; M ± SD) and 
122 LPFC (5.5 ± 4.4; M ± SD) bipolar derivations (Fig. 1B/C; Supplementary Table 2). In 
a subset of five patients, we also recorded OFC single-unit activity using microwires 
(Supplementary Fig. 1A). Following manual spike sorting and firing-rate thresholding (see 
Methods; Supplementary Fig. 1B), we identified and analyzed 72 putative single-units 
(14.4 ± 5.03; M ± SD units/subject). 

Participants played Gem Hunters, a three-armed probabilistic reward paradigm 
gamified from prior work7–9,27,28 that investigated how attention shapes learning in 
multidimensional environments (Fig. 1D; see Methods). On each trial, participants chose 
among three stimuli varying in shape and color. Within each block, they were instructed 
on the relevant dimension and learned the target feature via trial and error. To ensure 
performance was not confounded by their epilepsy diagnosis, we validated the task in an 
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independent online sample (N=51; age M ± SD = 35.4 ± 10.18; 31 F). Both groups 
performed well above chance (online: 65% ± 16%; iEEG: 66% ± 12% correct; Fig. 1E/F) 
and did not differ (t = 0.10, p > 0.05), confirming successful learning.   

 
Selective attention modulates behavior during multidimensional RL.  Although 
choices, outcomes, and stimuli are observable, the underlying value learning and 
attentional processes that we hypothesize are central to task behavior are latent. To infer 
these computations, we applied behavioral modeling to generate model-derived cognitive 
variables that could be linked directly to neural activity29. To quantify the contribution of 
top-down selective attention to multidimensional RL, we developed a Selective Attention 
RL (SA-RL) model that extends feature-based RL frameworks in which agents track the 
value of individual stimulus features7–9 (see Methods). In multidimensional environments, 
learning becomes tractable when agents prioritize task-relevant features and suppress 
irrelevant ones, thereby maintaining an efficient state representation3,4. Given that even 
in cases in which participants are explicitly told what to attend to, filtering is imperfect30, 
the SA-RL model formalizes this process by introducing a static, subject-level attention 
parameter (Φ) that biases both choice valuation and value updating toward the instructed 
relevant dimension. Fitting Φ as a subject-level parameter captures stable individual 
differences in selective attention. When Φ approaches 1, agents selectively attend to and 
learn from the relevant dimension; as Φ decreases toward 0.5, attention and learning are 
increasingly distributed across both relevant and irrelevant dimensions (Fig. 2A). 

We compared the SA-RL model to a Uniform Attention RL (UA-RL) model, which 
omits the selective attention parameter (Φ) and weights both dimensions equally during 
valuation and updating (equivalent to Φ=0.5; see Methods). After parameter and model 
recovery (Supplementary Fig. 2), we fit both models to each participant’s choices using 
leave-one-game-out cross-validation and compared fits based on average choice 
likelihood (see Methods). The SA-RL model explained choices significantly better than 
the UA-RL model (t= 2.56, p < 0.05, paired t-test; Fig. 2B), indicating that patients’ 
behavior was better predicted using the attention-aware model. 

Model fitting yielded subject-specific Φ values (M ± SD = 0.78 ± 0.15; 
Supplementary Fig. 3), showing individual differences in the degree to which patients 
deployed selective attention toward the instructed dimension in service of state-space 
compression. Importantly, these fitted model parameters were associated with model-
agnostic task behavior, with higher Φ values associated with better task performance 
(Spearman r = 0.39, p < 0.05, one-sided; Fig. 2C) and faster reaction times (Spearman r 
= −0.44, p < 0.05, one-sided; Fig. 2D). These relationships indicate that Φ captures a 
behaviorally meaningful attentional state, consistent with efficient state representation 
maintenance (Fig. 2A). The other free parameters in the SA-RL model’s (learning rate 
and inverse temperature; see Methods) did not correlate with model-agnostic behavioral 
measures (p > 0.05).  
 
OFC and LPFC high-frequency and theta activity is modulated during decision-
making. We first sought to characterize neural activity during the decision epoch by 
deriving time-frequency representations (TFRs) of neural activity for each electrode, time-
locked to simultaneous choice and reward presentation (decision epoch, t = 0; Fig. 3). 
Both OFC and LPFC exhibited transient HFA and low frequency modulations, primarily in 
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the theta band (representative single-electrode examples in Fig. 3A/B). These effects 
were also present at the ROI-level (averages in Fig. 3C/D; significant-shaded averages 
in Fig. 3E/F; cluster-level p < 0.05). Compared to OFC, LPFC HFA responses were more 
temporally heterogeneous. Although transient HFA increases were evident at the single-
electrode level (Fig. 3B), their timing varied substantially across electrodes, and, unlike in 
OFC (Fig. 3E), we failed to observe a significant population-level cluster when averaging 
across LPFC electrodes (Fig. 3F). Band-pass–averaged HFA and theta power for OFC 
and LPFC, averaged across electrodes within each region (Fig. 3G/H), reveal the 
temporal profiles of OFC and LPFC activation, highlighting separate volleys of HFA and 
theta power modulation during pre-choice deliberation and post-choice value updating. 

Together, these results show the presence of task-evoked activity in both OFC and 
LPFC around decision, predominantly in HFA and theta, emerging as temporally distinct 
volleys during pre-choice and post-choice value updating. 
 
OFC and LPFC activity encode expected value of choice.  We next examined how 
these task-evoked HFA and theta modulations (Fig. 3; Supplementary Fig. 4) related to 
behavioral computations (Fig. 2). Using the SA-RL model, we derived trial-by-trial 
regressors corresponding to cognitive variables, namely the expected value (EV) of the 
chosen stimulus, and used these as regressors to explore the information content of 
power modulation in pre- and post-choice epochs. EV reflects the learned value of an 
option over time based on prior outcomes and reflects an internal estimate of reward that 
is conditional on the maintained state representation, making it a direct readout of how 
attention shapes valuation. We validated our choice of EV as the main regressor of 
interest by comparing model fit with two other candidate value signals, namely reward 
outcome, and reward prediction error (Supplementary Table 3; see Methods). These 
analyses showed that EV best fit the neural data. 

ROI-level TFRs revealed EV-dependent differences in theta and HFA (Fig. 4A), 
with higher EV associated with increased theta and reduced HFA. To quantify this, we 
applied a trial-resolved multivariate encoding model relating EV to HFA/theta while 
controlling for chosen features and relevant dimension (see Methods). At the regional 
level, both OFC and LPFC showed robust EV encoding in both bands, with higher EV 
consistently associated with reduced HFA (OFC: β = −1.15, z = −5.19, p < 0.001; LPFC: 
β = −1.42, z = −3.53, p < 0.001; Fig. 4B), and increased theta power (OFC: β = 1.53, z = 
5.71, p < 0.001; LPFC: β = 0.96, z = 3.21, p < 0.001; Fig. 4D), consistent with our previous 
visual observation (Fig. 4A). At the individual electrode level, we found that a substantial 
proportion of electrodes encoded EV (HFA: OFC = 40%; LPFC = 49%; theta: OFC = 44%; 
LPFC = 43%; Supplementary Fig. 4). In contrast, EV-related HFA encoding was absent 
in a control region, the posterior insula, a region implicated in somatosensory and 
interoceptive processing31,32 but not typically in reward processing (β = -0.35, z = -1.05, 
p > 0.05; Supplementary Fig. 6), highlighting a degree of anatomical specificity in EV 
encoding.  

In contrast to EV-encoding, we did not find group-level evidence for HFA or theta 
encoding of the perceptual features (relevant dimension and chosen features; all p > 
0.05), although electrode-level regressions identified a proportion of electrodes that were 
tuned to relevant dimension (HFA: OFC=19%; LPFC=11%; theta: OFC, 12%; LPFC, 
16%), chosen shape  (HFA: OFC=19%; LPFC=16%; theta: OFC=18%; LPFC=6%) or 
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chosen color (HFA: OFC=17%; LPFC=13%; theta: OFC=7%; LPFC=19%; 
Supplementary Fig. 4). Together, these results confirm that observed EV encoding in OFC 
and LPFC reflects value computations under efficient state maintenance, independent of 
variability in the state representation’s perceptual content. 

We next used time-resolved regression to examine the temporal dynamics of EV 
encoding (see Methods). HFA profiles differed between OFC and LPFC. OFC showed 
transient, choice-locked EV encoding, whereas LPFC exhibited sustained pre- and post-
choice encoding with a ~500 ms pause before choice (cluster-level p < 0.05; Fig. 4C). In 
contrast, theta-band encoding was sustained and similar across regions (cluster-level p 
< 0.05; Fig. 4E).  

Together, these results demonstrate that EV is robustly encoded in both OFC and 
LPFC in both HFA and theta frequency power, with similar temporal patterns at lower 
frequencies but different temporal patterns at higher frequencies. This dissociation 
suggests complementary local encoding dynamics alongside a common low-frequency 
substrate that may support cross-areal coordination of state representation across the 
decision process. 

 
EV encoding in LPFC, but not OFC, is modulated by selective attention. We next 
asked whether EV encoding was modulated by individual differences in selective 
attention, as parameterized by the SA-RL model (Supplementary Fig. 3). Specifically, we 
tested whether individual differences in the selective attention parameter (Φ), which 
indexes the degree to which the perceptual environment is abstracted into a low-
dimensional, task-relevant state representation, predicted the strength of EV encoding 
(see Methods). We found that selective attention significantly modulated HFA EV 
encoding in LPFC (𝛽= -5.68, z= -2.19, p < 0.05; Fig. 5A), but not in OFC (𝛽= -1.28, z= 
0.77, p > 0.05; Fig. 5E). Specifically, higher selective attention was associated with 
stronger LPFC HFA modulation by EV, suggesting that local HFA-based EV 
representation in LPFC was enhanced in individuals who successfully maintained 
attention during learning. This effect was specific to HFA, and not evident in LPFC or OFC 
theta (LPFC theta: 𝛽= -0.07, z= -0.23, p = 0.82, Fig. 5C; OFC theta: 𝛽= -0.25, z= -0.89, p 
= 0.37, Fig. 5G).  

LPFC HFA EV encoding’s peak timing differed significantly by attention group, 
occurring pre-choice in high-attention participants and post-choice in low-attention 
participants (KS test: D= 0.28, p < 0.05; Fig. 5B). In contrast, we found no significant 
difference in HFA-EV encoding latencies between attention groups in OFC (high-attention 
group; two-sample KS test: D = 0.10, p > 0.05; Fig. 5F); or in theta-EV encoding in either 
region (all p > 0.05; Fig. 5D/H). 

In summary, we identified attention-dependent modulation of both the magnitude 
and timing of LPFC HFA, an effect that was region- (LPFC) and frequency- (HFA) specific 
(Fig. 5). LPFC neural signatures tracked behaviorally derived measures of selective 
attention, suggesting a role for LPFC in maintaining attention-filtered value 
representations.  
 
EV–dependent circuit connectivity is temporally modulated by attention. Cognitive 
operations involved in state maintenance and value-based decision-making15,33–35 are 
increasingly thought to emerge from coordinated interactions across distributed cortical 
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circuits33–35. To test whether OFC and LPFC act in concert to support value-guided state 
representations, we quantified OFC-LPFC cross-regional functional connectivity using 
the Phase Slope Index (PSI)36, a frequency-resolved measure of directed information flow 
(see Methods). 

Given our initial results (Fig. 3-4) we focused our PSI analyses on theta. For each 
LPFC–OFC electrode pair, we computed time-resolved theta-band PSI separately for 
high- and low-EV trials (within-subject mean-based split of z-scored EV values; see 
Methods). We observed significant EV-dependent modulation of directed connectivity 
(cluster-level p < 0.05; Fig. 6A) in two separate epochs. Prior to choice, LPFC led OFC 
on high EV trials. Following choice, the pattern reversed, with LPFC leading OFC on low 
EV trials. 

Next, we tested whether these connectivity dynamics between LPFC and OFC 
were attention-dependent, by repeating this analysis separately in high- and low-attention 
patient groups (Φ median split, n=11 patients in each group). This analysis revealed 
attention-dependent differences: high-attention participants showed significant EV-
dependent LPFC-OFC connectivity during the pre-choice epoch (cluster-level p < 0.05; 
Fig. 6B), whereas low-attention participants showed significant EV-dependent LPFC-OFC 
connectivity only post-choice (cluster-level p < 0.05; Fig. 6B). Thus, attentional state was 
associated with a shift in the timing of EV-related LPFC–OFC connectivity, with high 
selective attention linked to pre-choice LPFC–OFC interactions and lower selective 
attention linked to post-choice LPFC–OFC interactions. 

Together, these results show that theta connectivity, consistent with its role in 
functional interregional communication37–40, coordinates LPFC and OFC activity, with its 
temporal dynamics shaped by attentional state.   
 
Local LPFC value signals interact with attentional strategy to predict LPFC-OFC 
connectivity. We next sought to examine whether a relationship existed between local 
and circuit levels of state maintenance mechanisms. Specifically, we examined whether 
the pre-choice attenuation in LPFC HFA–EV encoding (Fig. 4C), which coincides in time 
with the increase in LPFC–OFC theta connectivity (Fig. 6A; overlaid in Fig. 7A), were 
related. If so, moment-to-moment variation in LPFC EV encoding should covary with its 
theta-band coupling to OFC. To test this, we modeled theta connectivity using a mixed-
effects model including an interaction between LPFC HFA EV encoding strength (HFA β) 
and selective attention (Φ) during the pre-choice period, with electrode as a random 
intercept (see Methods). 

During the pre-choice period, we found a significant association between the 
strength of LPFC EV-encoding and interregional connectivity dynamics (β = −0.06, z = 
−2.59, p < 0.05; Fig. 7B). Notably, the interaction between HFA β and Φ was also 
significant (β = 0.08, z = 2.79, p < 0.01; Fig. 7B), indicating that selective attention not 
only modulated the magnitude but also the direction of the relationship between local 
LPFC EV encoding and LPFC-OFC theta-band connectivity. In contrast, during the post-
choice epoch neither local LPFC EV encoding (𝛽 = -0.02, z= -0.69, p > 0.05) nor its 
interaction with attention predicted LPFC-OFC theta connectivity (𝛽 = -0.003, z= -0.07, p 
> 0.05; Fig. 7B). 
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Together, these findings suggest a time-specific shift from local value encoding in 
LPFC to coordinated LPFC–OFC interactions, modulated by individual differences in 
task-state maintenance (Φ). 

 
 
Single-units in OFC encode state-relevant variables with profiles consistent with 
population-level signals. Finally, we complemented population-level LFP analyses with 
single-unit recordings to examine task-state representations at the cellular level and 
across scales. In a subset of patients (N = 5), we recorded from OFC (n = 72 units; 
Methods; Supplementary Fig. 1A/B). We assessed encoding of EV and the instructed 
relevant dimension, which together define the compressed task-state. 

Applying the same non-parametric LFP encoding model to individual neuron firing 
rates (see Methods), we found that a substantial proportion of OFC neurons were tuned 
to EV (28/72, 36%) and instructed relevant dimension (23/72, 39%; both p < 0.001 
binomial test vs 5% null; Fig. 8B/D). These populations overlapped, with a significantly 
greater proportion of units encoding both variables vs random mixing (13 units; 34% of 
task-selective units; binomial test, p < 0.001; Supplementary Fig. 1C).  

Interestingly, the directionality of single-unit EV and relevant dimension effects 
(Fig. 8B) mirrored those observed in OFC HFA (Fig. 4B). Increasing EV was associated 
with a suppression of HFA in both OFC (Fig. 4B). Similarly, most single-units were 
negatively tuned to EV (24% EV-selective units were negatively tuned; binomial test 
p<0.05 vs 50/50 split; Fig. 8B).  

Single-unit effects for relevant-dimension coding similarly paralleled those 
observed in OFC HFA. At the population level, a substantial proportion of OFC electrodes 
exhibited significant HFA modulation by the relevant dimension (19%; Supplementary Fig. 
4); however, unlike EV encoding in OFC (see Results: HFA EV encoding), this effect did 
not exhibit consistent group-level directionality. This pattern indicates heterogeneous 
encoding of the relevant dimension at the macroelectrode level. 

A comparable pattern emerged at the single-unit level. Among units selective for 
the relevant dimension, 25% increased their firing rate when shape (relative to color) was 
relevant, whereas 14% decreased their firing rate. A binomial test revealed no significant 
deviation from a 50/50 distribution of positive versus negative tuning (p > 0.05; Fig. 8D), 
further supporting the absence of a systematic directional bias. 

Together, these findings show that compressed task-state representations are 
instantiated at the level of single neurons in OFC and expressed at the population level 
through HFA, bridging cellular and circuit-level account of value-based learning in the 
prefrontal cortex41. 
 

Discussion 

Learning in complex environments requires restricting value learning to the subset 
of features that matter for the current task3,4,22,42. Here, we tested the idea that selective 
attention solves this problem through coordination of local activity and cross-regional 
communication between the LPFC and OFC. By combining an attention-aware RL 
model7–9,27,28 with human intracranial recordings, we found that individual differences in 
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attentional filtering predicted behavior and were reflected in distinct local and circuit-level 
dynamics across LPFC and OFC. These findings refine state-representation accounts of 
OFC21,22 by showing how attention-weighted value signals are dynamically coordinated 
across prefrontal cortex areas to meet task demands, with LPFC providing top-down 
attentional filtering.  

Our behavioral model captured individual differences in selective attention with a 
single parameter, Φ, that biased valuation and learning toward the relevant dimension. 
Higher Φ predicted better performance and faster responses, consistent with attention 
acting as a computational filter over the RL state space3,4,8. Notably, this variability 
persisted despite explicit task instructions, indicating that attentional strategy during state 
maintenance differs across individuals, consistent with prior work demonstrating inter-
individual variability in the attentional strategies deployed during multidimensional RL9. 

At the neural level, we found that LPFC and OFC encoded model-derived value 
estimates in HFA and theta (Fig. 4), with these signals playing distinct and complementary 
roles. In both regions, higher EV was associated with lower HFA and higher theta (Fig. 
4B/D). The inverse relationship between EV and HFA is consistent with cross-species 
evidence of heterogeneous prefrontal value coding16,17 and raises the possibility that, as 
value becomes more certain, local activity becomes more selective or efficient, leading to 
reduced broadband power. The observed trade-off between HFA and theta power as a 
function of value (Fig. 4B/D) suggests that HFA may index local population computations, 
while theta provides a shared substrate for communication across regions43–45. This 
finding is also consistent with a push-pull relationship between low- and high-frequency 
activity thought to reflect coordinated shifts between large-scale integrative processes 
and local spiking related computations46. 

This interpretation was strengthened by convergent OFC LFP and single-unit 
activity. Most EV-selective OFC neurons were negatively tuned, with firing rates 
decreasing as a function of increasing EV (Fig. 8B), mirroring the negative relationship 
between EV and OFC HFA (Fig. 4B). By contrast, coding of the relevant dimension, which 
was also present at the cellular level (Fig. 8D), was more heterogeneous, with no 
difference in the proportion of neurons showing positive versus negative tuning (Fig. 8D). 
This was in turn reflected by a lack of group-level directionality in HFA (Supplementary 
Fig. 4). Thus, EV showed relatively homogeneous directionality across scales, whereas 
state-content information was represented in a more distributed and heterogeneous 
format which could be obscured at the HFA population level. This pattern is consistent 
with the idea that global, salient variables (e.g., value) are expressed through broad 
population-level modulations, whereas task-relevant state information is carried by more 
heterogeneous neural ensembles47. More broadly, the convergence between single-unit 
firing and HFA supports the interpretation that OFC HFA provides a useful population-
level readout of local spiking and postsynaptic activation dynamics48 when cellular 
encoding is homogeneous, but less so when there is diversity in cellular encoding 
schemes. 

Despite shared EV coding (Fig. 4), LPFC and OFC differed in both the temporal 
structure of these signals and in how strongly they depended on attentional strategy (Fig. 
5). OFC HFA encoded EV transiently around decision events, consistent with a role in 
expressing state-dependent value estimates around the time of choice16,21,25, and this 
encoding was insensitive to attentional biases. LPFC HFA, in contrast, was more 

.CC-BY 4.0 International licenseavailable under a 
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted May 8, 2026. ; https://doi.org/10.64898/2026.05.03.722562doi: bioRxiv preprint 

https://doi.org/10.64898/2026.05.03.722562
http://creativecommons.org/licenses/by/4.0/


 9 

sustained across the decision epoch and varied systematically with attention (Φ), such 
that participants with stronger selective attention showed earlier and stronger LPFC EV 
signals (Fig. 5A/B). These findings support a division of labor in which LPFC helps 
constrain which features define the current task state, while OFC represents the value of 
options, and potentially other task-relevant information, within that attention-weighted 
state space5,22. LPFC EV dynamics appear before and after choice, potentially indexing 
how the state space is constrained prior to choice evaluation and post-reward outcome25 
for selection and learning, respectively. LPFC dynamics, in addition, are modulated by 
attentional state: when attention is focused, value signals are stronger and emerge 
earlier; when attention is diffuse, they are delayed and less robust. 

Beyond this local encoding, our circuit-level analyses show that LPFC and OFC 
are dynamically coordinated as a function of both value and attentional strategy through 
theta-band phase relations. Specifically, directed theta connectivity analyses revealed a 
value-dependent reconfiguration of LPFC-OFC interactions across decision processes. 
Before choice, high-value trials were associated with stronger LPFC-to-OFC theta 
coupling, while low-value trials showed relatively stronger OFC-to-LPFC interactions (Fig. 
6A), a pattern that was reversed post-choice (Fig. 6A). Consistent with the notion that 
these directional interactions reflect attentional influences, the pre-choice LPFC-to-OFC 
value-dependent coupling was driven by high-attention participants, whereas post-choice 
coupling was primarily expressed in low-attention participants. Together, these 
observations suggest that prefrontal connectivity is dynamic33,35,38, rapidly shifting 
depending on attentional state and value estimates. When value estimates are stable, 
LPFC may exert top-down influence over OFC consistent with proactive maintenance of 
task-relevant information14,24, whereas when value is lower or more uncertain, OFC may 
engage LPFC to support value updating or attentional reallocation21,25. Rather than 
implying a fixed hierarchy, these results favor a dynamic account in which the balance of 
influence between prefrontal regions changes across decision phases24,33,49. 

Finally, the observed relationship between local LPFC HFA value signals and 
LPFC-OFC theta connectivity during the pre-choice period suggests an interplay between 
local EV encoding and theta circuit dynamics44 (Fig. 7). Selective attention altered not 
only the magnitude of LPFC value coding, but also its relationship to interregional 
communication, directly linking local computations to distributed network dynamics43–45. 
Together, these findings support the view that selective attention facilitates efficient state 
maintenance by aligning LPFC value representations with LPFC-OFC coordination at the 
time those representations are most useful for guiding choice (i.e. during deliberation). 

Our study presents several limitations. First, the task isolates maintenance of an 
instructed relevant dimension, so our results speak most directly to sustaining a 
compressed task state once the relevant dimensions are known, rather than to 
discovering latent task structure or switching among candidate state spaces in more 
naturalistic environments. Second, we modeled attention as a stable subject-level 
parameter (Φ) to capture robust individual differences, but attentional filtering almost 
certainly fluctuates across trials and learning stages. A dynamic model of trial-by-trial 
attention may therefore capture additional variance and help explain when proactive 
versus reactive control modes emerge. Third, the study was necessarily constrained by 
clinical sampling. As participants were patients with epilepsy, anatomical coverage was 
determined by clinical need, and single-unit data were available only in OFC and only in 
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a subset of participants. Finally, directed PSI theta coupling is consistent with coordinated 
information flow37,39,40,50 but does not by itself establish causality, and other mechanisms 
of cross-regional coordination could be at play. Future work combining dynamic 
behavioral models with causal perturbations51 will be important for refining this circuit 
account and the causal role of OFC and LPFC. 

Together, our findings support a multiscale prefrontal account of how selective 
attention enables learning in multidimensional environments. Under this account, LPFC 
helps define the task-relevant state and OFC expresses value within that state5,22, with 
theta-band coordination linking these computations across regions and decision 
phases39,40. More broadly, this work connects computational theories of attention-
weighted RL7,8,27 to their physiological implementation in the human brain and highlights 
flexible coordination across prefrontal circuits as a core principle of adaptive behavior33. 
These results provide a cross-scale framework for future work on how state 
representations are stabilized, updated, and disrupted in conditions marked by impaired 
cognitive control and maladaptive learning52. 

 
Methods  
 
Task. Twenty-two patients with drug-resistant epilepsy completed a multidimensional RL 
task, “Gem Hunters”, during intracranial monitoring. The task was adapted from prior 
work7–9,27,28 and gamified for use with neurosurgical patients. Experimental sessions took 
place at the patients’ bedsides using a laptop computer. The task was created using 
JavaScript and custom functions adapted from jsPsych53. All procedures were approved 
by the Institutional Review Board of the Icahn School of Medicine at Mount Sinai (New 
York, NY), and all patients provided written informed consent. 

Gem Hunters is a three-armed probabilistic reward task in which stimuli (gems) 
vary along two dimensions: shape and color. Each game (6 games; 18 trials/game) 
contains one relevant dimension (e.g., shape) and one target feature within that 
dimension (e.g., circle) associated with a higher reward probability (80/20). At the start of 
each game, patients are explicitly informed of the relevant dimension, thereby providing 
an efficient state representation a priori. Adaptive behavior thus requires selectively 
attending to the relevant dimension and learning, through trial and error, which of its 
features is most likely to yield reward. Patients were instructed to respond as quickly as 
possible and were aware that each trial would time out after 20 s. Reward outcome was 
presented on screen for 1.5 s immediately following choice. If patients were rewarded, 
“+1” was depicted onscreen. If patients were not rewarded, “+0” was depicted onscreen.  
Reward presentation was followed by an inter-trial interval (ITI) in which the screen was 
blank. To avoid bleeding effects in the neural signal, the ITI period was sampled randomly 
from a uniform distribution and lasted between 0.5 and 1.5 s before the next trial 
commenced.  

Target features change across games and are signaled to patients. Feature 
selection is randomized such that each of the six possible target features appears once; 
patients are not informed of this structure. Before testing, patients viewed standardized 
instructional videos (available in the software repository) and completed at least one 
practice game. During the experiment, patients earned a performance-based bonus of 
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$0.03 for each correct choice (i.e., selecting the stimulus containing the target feature), in 
addition to baseline compensation. 
 
LFP data recording and preprocessing. Local field potential (LFP) data were recorded 
from twenty-two patients with drug-resistant epilepsy (DRE) undergoing intracranial 
monitoring at Mount Sinai West Hospital. Electrode implantation sites were determined 
solely on clinical grounds by the treating neurosurgical team. All research procedures 
were approved by the Institutional Review Board of the Icahn School of Medicine at Mount 
Sinai, and all patients provided written informed consent prior to participation. 

Intracranial signals were acquired using the Natus NeuroWorks clinical monitoring 
system at a sampling rate of 1,500 Hz. Depth electrodes (Ad-Tech Medical) consisted of 
multi-contact platinum–iridium contacts (1.3 mm diameter, 5 mm spacing) implanted 
stereotactically along clinically determined trajectories. 

For analysis, data were down sampled to 500 Hz and notch-filtered to remove line 
noise at 60 Hz and its harmonics. Signals were re-referenced in a bipolar configuration to 
minimize volume conduction. Periods containing interictal epileptiform activity or 
excessive noise were automatically identified and excluded using a previously validated 
detection algorithm54. On average, a small proportion of data was removed across 
patients (mean ± SD: OFC = 0.10 ± 0.01; LPFC = 0.13 ± 0.12). Time frequency 
decomposition was performed using complex Morlet wavelets with logarithmically spaced 
center frequencies, allowing for constant relative bandwidth across the analyzed 
frequency range. Spectral power was normalized by z-scoring each epoch (−1.5 to +1.5 
s around choice/reward) for each bipolar derivative relative to a 0.5-s baseline epoch 
corresponding to the inter-trial interval (ITI), during which a blank screen was presented. 
The baseline ITI immediately preceded the experimental epoch, a conservative approach 
that minimizes inflation of z-score values. Normalization was performed after automated 
detection and exclusion of interictal epileptiform discharges and other noise artifacts, with 
omissions applied to both baseline and experimental epochs prior to frequency 
decomposition to prevent bias in normalized power estimates. To correct for temporal 
offsets between the behavioral and neural recording systems, we implemented an 
automated synchronization procedure that aligned behavioral event timestamps from the 
task computer with photodiode pulses recorded on a dedicated Natus channel marking 
key trial events. All preprocessing and analyses were conducted in Python using MNE-
Python36 and custom code available in the project’s software repository.  
 
Single-unit data recording and preprocessing. Single-unit activity was recorded from 
five patients who, in addition to clinical macroelectrodes, were implanted with Behnke–
Fried depth electrodes (Ad-Tech Medical) containing microwire bundles. Patients 
provided informed consent for the implantation of research-only microwires. Implantation 
procedures and data acquisition followed previously described protocols and were 
approved by the Icahn School of Medicine at Mount Sinai’s Institutional Review Board 
where all data collection occurred. 

Each Behnke–Fried electrode contained eight 40-µm platinum–iridium microwires 
extending from the electrode tip and targeted regions selected for research purposes. 
Neural signals were recorded at 30 kHz using Neuralynx recording systems. Spike 
detection and sorting were performed using Combinato55. Units with mean firing rates 
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below 0.10 Hz or above 10 Hz were excluded. Putative single-units were manually 
confirmed based on established criteria (Supplementary Fig. 1B). For each retained unit, 
we computed a time-resolved firing rate during the experimental epoch of interest (−1.5 
to 1.5 s around choice/reward) using a sliding window (250 ms) across the spike train. 
Firing rates were normalized by subtracting the mean firing rate during the baseline inter-
trial interval (0.5 s), isolating task-evoked changes in activity. 

 
 
Anatomical localization of macro- and microwire electrodes. The anatomical location 
of each implanted electrode contact was determined using a combination of pre-
implantation T1-weighted magnetic resonance imaging (MRI) and post-implantation 
computed tomography (CT) scans. Co-registration and localization were performed using 
LeGUI56, an open-source MATLAB-based graphical user interface for electrode 
localization in intracranial electrophysiology. 

Briefly, pre-implantation MRIs were first aligned to the post-implantation CT using 
a rigid-body transformation implemented in SPM12. The CT was then co-registered to the 
patient’s MRI in native space to visualize electrode contacts relative to individual cortical 
anatomy. LeGUI56 automatically detected electrode contacts based on CT intensity 
thresholds, and the resulting coordinates were manually inspected and corrected when 
necessary to ensure alignment along the expected electrode trajectory. Electrode 
coordinates were then transformed into MNI (Montreal Neurological Institute) standard 
space using nonlinear normalization of the T1-weighted MRI to MNI152 space. 
Anatomical labels were assigned by overlaying the transformed electrode coordinates 
onto the Yale Brain Atlas57, a parcellation specifically developed from iEEG studies and 
optimized for human electrophysiological research57. 
For microwire bundles, the location of each Behnke–Fried depth electrode was 
determined by the position of the macroelectrode shaft tip from which the microwires 
extended. Macroelectrode and microwire locations were visualized in both subject-native 
and MNI space for verification. Localization results were exported as volumetric and 
tabular outputs from LeGUI56 for subsequent ROI–based analyses. 
 
Statistical analysis. No statistical methods were used to predetermine sample sizes, but 
our sample sizes are comparable to those reported in previous publications. For the linear 
encoding models and cluster detection analyses described in this study, we used a non-
parametric permutation method to generate many permutations in which observations are 
permuted with respect to the null hypothesis. This enabled us to determine critical 
statistics and p-values (permutation adjusted) against empirically derived null 
distributions. Where appropriate, parametric statistics were leveraged for hypothesis 
testing.  
 
Behavioral modeling of selective attention during multidimensional RL. Following 
task completion, patients’ observable data included their trial-by-trial choices, received 
rewards, and the stimuli encountered. However, internal cognitive variables, such as top-
down attentional focus, are not directly observable to the experimenter. To infer whether 
patients deployed top-down, selective attention during multidimensional RL and to 
formalize these latent processes, we developed two attention-aware, feature-based RL 
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models7,8. Both models implemented a Rescorla–Wagner learning rule58, wherein a 
single RPE is computed and used to update feature values on each trial. Importantly, the 
models differ only in how they allocate attention across stimulus dimensions. Each 
assumes that patients learn independent feature values (e.g., the value of “orange” and 
the value of “square”) that are subsequently combined to guide choice, rather than 
learning a single, conjunctive value for each multidimensional stimulus. In the Uniform 
Attention RL (UA-RL) model, attention is distributed equally across the two stimulus 
dimensions (shape and color) during choice and value updating. The Selective Attention 
RL (SA-RL) model implements selective attention to the instructed relevant dimension, 
biasing both choice and value updating in favor of the instructed relevant dimension.  

In both models, we assume patients choose between available stimuli based on 
their EV, which is a linear combination of associated features scaled by a selective 
attention weight:  

 
𝑉(")&𝑆$( = 	∑ Φ%% ∙ 𝑣"(𝑑, 𝑆&)  (Eq. 1) 

 
𝑉(")&𝑆$( is the value of stimulus 𝑗	on trial 𝑡, Φ% 	is the selective attention weight on 
dimension 𝑑, and 𝑣"(𝑑, 𝑆&)	denotes the value of the feature in dimension 𝑑	of stimulus 𝑆&. 
Following feedback, an RPE is calculated: 

 
𝛿" = 𝑟" −	𝑉"(𝑆') (Eq. 2) 

 
Where 𝑉"(𝑆')	is the chosen stimulus’ EV. The RPE updates the chosen stimuli’s 
associated feature values:  

 
𝑣"()(𝑑, 𝑆') = 𝑣"(𝑑, 𝑆') + 	𝜂	 ∙ 	Φ% 	 ∙ 	𝛿" (Eq. 3) 

 
The update is scaled by learning rate 𝜂. Choice probability was computed using a softmax 
action selection rule. The SA-RL model’s  Φ		is a free parameter implementing selective 
attention to favor the relevant dimension (Eq.1/3). The UA model’s Φ is fixed at 0.50 for 
both dimensions, thus implementing uniform attention across dimensions during decision-
making and value updating.  

Critically, the SA-RL model extends previous work7,8 by fitting selective attention 
as a subject-level free parameter, rather than as a trial-by-trial dynamic variable. This 
approach yields subject-specific estimates of attentional focus that reflect stable individual 
differences in the maintenance of an efficient state representation. By treating attention 
as a static, trait-like parameter, we capture variability in patients’ strategies during task 
completion. These fitted attention parameters can then be related to individual differences 
in neural encoding and connectivity, providing a direct link between behavioral strategy 
and underlying neural mechanisms. 

 
Behavioral model validation, fitting, and evaluation. To assess how well each model 
captured patients’ choice behavior, we first conducted parameter and model recovery 
analyses (Supplementary Fig. 2). This procedure involved simulating synthetic datasets 
across a broad range of parameter values for each model, refitting the models to these 
data, and verifying that the recovered parameters and model identities matched the 
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generative ones. Model fitting during recovery used the same optimization and cross-
validation procedures as those applied to the empirical data. Both models exhibited high 
recoverability, indicating that their parameters were identifiable and that the models could 
be reliably distinguished. Specifically, the SA-RL model was correctly recovered in 96% 
of simulations, whereas the UA-RL model was recovered in 66% of simulations, with both 
rates exceeding chance (Supplementary Fig. 2C). Parameter recovery analyses further 
confirmed robust identifiability. For the SA-RL model, recovered and true parameters were 
strongly correlated for the learning rate (Pearson r = 0.83, p < 0.001) and attention weight 
(r = 0.82, p < 0.001), with a moderate correlation for the inverse temperature (r = 0.28, p 
< 0.01; Supplementary Fig. 2A). For the UA-RL model, parameter recovery was strong 
for the learning rate (r = 0.85, p < 0.001) and moderate for the inverse temperature (r = 
0.41, p < 0.001; Supplementary Fig. 2B). 

We next fit each model to patients’ trial-by-trial choice data using leave-one-game-
out cross-validation with maximum likelihood estimation. For each patient, models were 
trained on five games and tested on the held-out sixth game; this procedure was repeated 
such that each game served as the test set once. To mitigate local minima, model fitting 
was repeated for five iterations using random starting values for each free parameter. For 
each iteration, predictive log likelihoods were averaged across test games, and the 
parameter set yielding the highest average test likelihood was retained as the best-fitting 
solution for those patients. 

Model optimization was performed in R using the optim function with the L-BFGS-
B algorithm. Model performance was assessed by comparing the average predictive log 
likelihood of observed choices under each fitted model. The model with the higher 
predictive likelihood was taken to provide the better account of behavior. All model code 
and fitting procedures are publicly available in the project’s software repository. 
 
Cluster-based permutation testing of task-evoked time-frequency activity. To 
assess whether task engagement elicited significant modulation of oscillatory activity 
relative to baseline, we performed non-parametric cluster-based permutation tests36 on 
time frequency representations of LFP power across frequencies. Time-frequency 
representations of normalized power were pooled across electrodes within each region, 
and a one-sample cluster-based permutation test was applied to identify time frequency 
clusters where power significantly deviated from baseline at the group level. Clusters 
were formed by identifying contiguous time–frequency points exceeding a predefined 
threshold and summing the associated test statistics within each cluster. Statistical 
significance was determined by comparing observed cluster statistics to a null distribution 
generated by randomly sign-flipping data across permutations, thereby controlling for 
multiple comparisons across time and frequency. This approach enabled identification of 
task-evoked oscillatory activity without assumptions about the temporal or spectral extent 
of effects. 
 
Electrode-level trial-resolved regression analysis of EV encoding. To examine how 
value-related variables were encoded in LFP activity, we used a multivariate linear 
encoding framework applied separately to HFA (60–200 Hz) and theta-band power (3–8 
Hz). For each electrode, band-limited power time series were computed and averaged 
across trials within a −1.5 to +1.5 s window surrounding choice and reward outcome. The 
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resulting trial × power matrices served as input to electrode-level encoding models 
relating behaviorally derived regressors to neural activity. Separate multivariate linear 
models were fit for each electrode. Unless otherwise noted, all modeling procedures were 
identical for HFA and theta-band analyses. 

We employed linear encoding models because they are computationally efficient, 
yield interpretable parameters, and are well suited for hypothesis-driven tests of whether 
cognitive variables such as expected value (EV) predict neural activity. For each 
electrode, we generated a within-electrode null distribution by shuffling the regressor of 
interest across trials (1,000 iterations) and refitting the model; observed regression 
coefficients were then z-scored relative to this null distribution. 

Within this encoding framework, we first asked which value-related variable best 
explained local neural activity in each region. We compared the average log-likelihoods 
of multivariate models predicting HFA that each included a single value-based regressor, 
EV, reward, or reward prediction error (RPE), alongside value-agnostic task features 
(chosen shape, chosen color, and the relevant dimension; Supplementary Table 3). The 
model including EV achieved higher average log-likelihoods across electrodes than 
models including reward or RPE. 

This empirical result was complemented by a theoretical motivation for focusing 
on EV. Unlike reward or RPE, EV reflects a subjective value estimate that depends on 
the internal state representation maintained by the patients. Because the selective 
attention parameter compresses feature values in a task-relevant manner, EV directly 
indexes the attention-weighted state representation that guides behavior. Moreover, EV 
is uniquely available both before and after choice, enabling a unified analysis of 
anticipatory and outcome-related neural dynamics. For these reasons, EV provided both 
the strongest explanatory power and the most theoretically relevant variable for probing 
state representations in prefrontal cortex. 

The final equation for the electrode-level regression was: 
 

𝑃𝑜𝑤𝑒𝑟",+ = 𝛽, + 𝛽-.𝐸𝑉" + 𝛽/+01&2𝑅𝑒𝑙𝑒𝑣𝑎𝑛𝑡𝐷𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛" + 𝛽3456+7849:+𝐶ℎ𝑜𝑠𝑒𝑛𝑆ℎ𝑎𝑝𝑒" +
𝛽3456+73505;𝐶ℎ𝑜𝑠𝑒𝑛𝐶𝑜𝑙𝑜𝑟" + 𝜀",+ 	(Eq. 4) 

 
Where 𝑃𝑜𝑤𝑒𝑟",+ denotes either HFA or theta power on trial 𝑡 for electrode 𝑒. 𝛽, is the 
intercept, the predictors encode trial-wise EV, the current relevant dimension (shape or 
color), and the categorical feature-level identity of the chosen shape and color, and 𝜀",+ 	is 
the residual error term. Electrode-wise EV effects (z-scored 𝛽-. estimates) were derived 
using a permutation-based procedure in which the EV regressor was randomly shuffled 
across trials, the GLM refit, and a null distribution of EV effect sizes computed for each 
electrode; the observed 𝛽!" was then standardized relative to this electrode-specific null.  

To account for unequal electrode sampling across patients, we used an intercept-
only mixed-effects model to aggregate electrode-wise z-scored effects and assess 
whether population-level encoding for each regressor differed significantly from zero. This 
two-level approach preserves electrode-specific signal structure while appropriately 
modeling subject-level variability. Electrode-wise EV effects (z-scored 𝛽-. estimates) 
were then entered into a linear mixed-effects model to evaluate whether EV encoding 
was consistently positive across patients while accounting for differences in electrode 
count. The model was: 
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𝑧(𝛽-. , 𝑒) = 	 𝛾, + 𝑢,,6(+) + 𝑢),6(+) + 𝜂+ 	(Eq. 5) 

 
This corresponds to the formula:  
 

𝑧(𝛽-.) = 	1 + (1|𝑠𝑢𝑏𝑗𝑒𝑐𝑡) (Eq. 6) 
 
Where 𝑧(𝛽-. , 𝑒) is the standardized EV effect size for electrode	𝑒", 𝛾, is the population 
level intercept, 𝑢,,6(+) is the subject-specific random intercept, 𝑢),6(+) is the subject-specific 
random slope (accounting for variation in the number of electrodes across patients), and 
𝜂+ is the residual error. 

To assess the relationship between selective attention (Φ) and value encoding, we 
regressed the EV effect size for each electrode against the corresponding subject-specific 
selective attention weight (Φ), separately for HFA and theta-band activity. 

To evaluate encoding of control regressors in each model (Eq. 4), we repeated the 
permutation procedure while shuffling each regressor independently, thereby disrupting 
its specific association with the neural data while preserving all other relationships among 
variables. Group-level effects were assessed using an intercept-only model (see Results). 
Electrode-wise regression coefficients for all regressors are reported in Supplementary 
Fig. 4.  

 
Time-resolved regression of EV encoding across regions. To characterize the 
temporal dynamics of EV encoding in LPFC and OFC, we extended the electrode-level 
multivariate regression analysis into the temporal domain by performing a time-resolved 
regression at each time point across the experimental epoch (−1.5 to +1.5 s relative to 
choice and outcome). At each time point, regression coefficients were estimated 
independently, capturing the instantaneous relationship between neural activity and task 
variables. The same set of predictors used in the time-averaged models was included at 
each time point. HFA and theta-band power were analyzed separately using identical 
procedures. Specifically, neural power was modeled as a function of the EV of the chosen 
option, while controlling for the relevant dimension and chosen feature. The resulting 
time-resolved EV-related β coefficients quantified the moment-by-moment strength of 
value encoding for each electrode across the trial. 

 To identify time windows within each region showing significant EV-related 
effects, we performed a one-sample permutation-based cluster test36 on electrode-level 
𝛽 coefficients against zero. Temporally adjacent significant samples were clustered, and 
cluster statistics were evaluated against a permutation-derived null distribution to control 
for multiple comparisons across time. 

To further characterize the temporal structure of value encoding at the electrode 
level, we next quantified the latency of peak EV encoding for each electrode, defined as 
the time point within the decision epoch at which the absolute EV-related regression 
coefficient reached its maximum. Distributions of peak encoding times were then 
computed separately for each frequency band and region. To test for differences in the 
distribution of peak encoding times between selective attention groups (median split of 
Φ), we used a nonparametric two-sample Kolmogorov–Smirnov test. All temporal 
analyses were performed identically for HFA and theta-band activity. 
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Detection of theta-band oscillations. To assess the presence of theta-band oscillations, 
we parameterized electrode-wise power spectra using the FOOOF algorithm, which 
separates periodic oscillatory components from the aperiodic (1/f-like) background of 
neural power spectra59. 

Power spectral densities were computed for each electrode using a multitaper 
approach and averaged across trials to obtain a single spectrum per electrode. Spectra 
were fit over the 1–30 Hz frequency range using FOOOFGroup with parameters matched 
to those used by Donoghue and colleagues59 (peak width limits of 1–8 Hz, minimum peak 
height of 0.1 (relative to the aperiodic fit), peak threshold of 1, and a maximum of three 
peaks per spectrum). 

Theta-band oscillations were defined as periodic peaks with center frequencies 
between 3 and 8 Hz. For electrodes exhibiting multiple theta-band peaks, we selected the 
peak with the highest relative power. For each electrode, we extracted the theta peak’s 
center frequency, relative power, and the number of detected theta peaks.  

Electrodes were assigned to anatomical regions of interest (OFC, LPFC) based on 
subject-specific electrode localization. For each region, theta peak power values were 
aggregated across electrodes and patients. 

To determine whether theta-band oscillations were reliably present at the group 
level, we used the same modeling strategy applied to assess group-level encoding of 
cognitive regressors. Specifically, we fit an intercept-only linear mixed-effects model to 
theta peak power values within each region, with subject included as a random effect. 
Significance of the intercept was assessed to test whether mean theta power differed 
from zero across patients (OFC: 𝛽 = 0.24, z= 10.38, p < 0.001; LPFC: 𝛽 = 0.39, z= 7.18, 
p < 0.001). This analysis provided a conservative criterion for confirming that regions of 
interest exhibited reliable theta-band oscillations across patients (Supplementary Fig. 5). 
 
Computation of theta-band directed functional connectivity between OFC and 
LPFC. To quantify directed functional connectivity, we used the Phase Slope Index (PSI), 
a frequency-resolved metric that infers the direction of information flow by detecting 
consistent phase leads across neighboring frequencies. PSI was computed using MNE-
Python’s implementation36. Because PSI is estimated across trials, we examined value-
related differences in connectivity by splitting trials into high- and low-expected value (EV) 
conditions via a mean split of trial-wise EVs. For each unilateral LPFC–OFC electrode 
pair, we computed time-resolved PSI in the theta band (3–8 Hz) separately for the two 
conditions and then averaged across pairs. 

Statistical significance of EV-related differences in connectivity dynamics was 
assessed using a time-resolved, cluster-based two-sample t-test36. Guided by prior 
evidence implicating the LPFC in top-down attentional control and our own findings that 
LPFC local value encoding is attention-dependent, we adopted the framework that 
information flow originates in LPFC and projects to OFC. Accordingly, positive PSI values 
indicate the LPFC leads the OFC, whereas negative values indicate the OFC leading the 
LPFC. This approach enables us to capture the temporal evolution of directed, frequency-
specific connectivity between these regions.  
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Relating LPFC HFA value signals to LPFC–OFC EV-based connectivity. 
To relate LPFC HFA value signals to LPFC–OFC EV-dependent connectivity, we 
computed time-resolved differences in phase slope index (PSI)36 between high- and low-
EV trials within a 500 ms pre-choice window. This window encompassed the period of 
significant EV-based modulation of LPFC–OFC theta-band connectivity, as identified 
using a two-sample cluster-based permutation test36 (Fig. 6). For each time point, we 
defined ΔPSI as the difference between PSI estimates on high- and low-EV trials (ΔPSI 
= PSIhigh EV − PSIlow EV). Under this convention, positive ΔPSI values indicate stronger 
LPFC-to-OFC directed connectivity on high-EV relative to low-EV trials, whereas negative 
values indicate stronger LPFC-to-OFC connectivity on low-EV trials. This approach 
yielded a single time-resolved metric capturing the magnitude and direction of EV-
dependent modulation of LPFC–OFC connectivity, which was subsequently related to 
LPFC HFA value encoding.  

For local LPFC HFA activity, we extracted time-resolved EV-related effect sizes, 
defined as the regression coefficients (β) from the time-resolved encoding analysis 
described previously (Fig. 4C). Both the HFA EV-related coefficients and the LPFC–OFC 
connectivity measures were restricted to the same 500 ms pre-choice window to enable 
direct temporal correspondence between local value encoding and inter-regional 
connectivity. 

We fit a linear mixed effects model predicting ΔPSI (high–low EV) from LPFC EV 
encoding (HFA~EV β), its interaction with selective attention weight (Φ), and random 
effects accounting for between-electrode variability. The model was: 
 
ΔPSI",+ =	𝛽, + 𝛽<=>~-.(𝐻𝐹𝐴~𝐸𝑉)",+ +	𝛽@ΦA +	𝛽&7"&(𝐻𝐹𝐴~𝐸𝑉)",+ 	× ΦA( +	𝑢+ + 𝜀",+ 

(Eq. 7) 
 
Here, ΔPSI",+ denotes the difference in LPFC–OFC theta-band directed connectivity 
between high- and low-EV trials at time point	𝑡 for electrode 𝑒. 𝛽, is the fixed intercept, 
and fixed-effect predictors include the strength of local LPFC value encoding, quantified 
as the time-resolved HFA–EV regression coefficient (𝐻𝐹𝐴~𝐸𝑉)",+, the subject-level 
selective attention parameter ΦA, and their interaction. A random intercept 𝑢+ accounts 
for between-electrode variability, and 𝜀",+ denotes the residual error term. This model tests 
whether EV-dependent modulation of LPFC–OFC connectivity is predicted by local LPFC 
value signals and whether this relationship is systematically shaped by individual 
differences in selective attention. 
 
Single-unit trial-resolved regression analysis. We applied the same EV encoding 
model used for the LFP analyses (Eq. 4; Supplementary Table 3), using EV, the relevant 
feature dimension, and the chosen stimulus features to predict trial-resolved mean firing 
rate. For each putative single-unit, we fit a non-parametric multivariate linear encoding 
model to quantify how these task variables predicted spiking activity on a trial-by-trial 
basis. To assess significance, we constructed a permutation-derived null distribution for 
each regressor by shuffling that regressor across trials and recomputing the encoding 
model. Observed regressions coefficients were standardized relative to this unit-specific 
null distribution. This procedure allowed us to identify units tuned to EV, to the relevant 
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dimension, or to both, and to quantify the proportion of neurons selective for each state-
relevant variable.  
 
Code Availability: Analysis code will be made available in an open-source repository 
upon manuscript acceptance.  
 
 
 
Figures  
 
 
 

Figure 1: Multidimensional RL task during iEEG recording. A. Neurosurgical patients 
with treatment-resistant epilepsy (N=22) completed the task in the epilepsy monitoring 
unit while neuronal activity was recorded via iEEG. B., C. Macroelectrodes recorded LFPs 
from the LPFC (blue, N=122 macroelectrodes) and OFC (red, N=163 macroelectrodes). 
In a subset of patients, we also carried out single-unit recordings. D. Multidimensional RL 
task (Gem Hunters): patients chose between three options that varied in shape and color. 
On each block (18 trials/block), there was one relevant dimension (e.g., “shape”) and 
within it one target feature (e.g., “circle”) whose selection maximized the likelihood of 
reward (80/20 reward probability when the target feature was selected versus a non-
target feature). At the start of each block (6 blocks total), patients were told the relevant 
dimension. Their goal was to learn which feature was the target via trial-and-error. E. 
Behavioral performance (proportion of correct trials) was comparable between iEEG 
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(orange; N=22) and online (maroon; N=51) participants (t = 0.10, p > 0.05; NS=not 
significant). F. Learning curves show a gradual increase in performance across blocks in 
both the iEEG and online cohorts, indicating that participants in both groups learned the 
target feature in a similar manner over time (iEEG: orange; N=22; online: maroon; N=51; 
shaded area = SEM). 
 
 
 
 

 
Figure 2: Computational cognitive modeling of choice behavior. Participant choices 
were fit with two feature-based RL models: a uniform attention model (UA-RL), in which 
attention was distributed equally across all features, and a selective attention model (SA-
RL), in which a subject-level selective attention parameter (ϕ; bounded between 0.51 and 
1) biased choice and value updates toward the instructed relevant dimension. Higher 
values of ϕ indicate stronger selective attention to the instructed relevant dimension. A. 
Example participants illustrating the impact of selective attention on state representation. 
Each trial depicts the participant’s inferred state representation over environmental 
features used for value learning. A participant with low attentional selectivity (ϕ = 0.51; 
left) exhibited diffuse value updates across both relevant and irrelevant feature 
dimensions. In contrast, a participant with high attentional selectivity (ϕ = 0.99; right) 
selectively maintains and updates value representations for features within the instructed 
relevant dimension (e.g., “color”). B. SA-RL explained patient behavior better than UA-RL 
(t=2.56, p<0.05; error bars = SEM). The SA-RL model’s selective attention parameter was 
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correlated with C. task performance (r = 0.39, p < 0.05) and D. reaction time (r = –0.44, p 
< 0.05). 
 
 
 
 
 

 
Figure 3: High-frequency and theta activity modulation in OFC and LPFC during 
decision-making. A. Time–frequency representation (TFR) from an example OFC 
electrode aligned to choice/reward onset (t = 0), illustrating transient, event-locked 
modulation of high-frequency activity (HFA; 60-200 Hz) and theta (3-8 Hz). B. TFR from 
an example LPFC electrode showing a similar pattern of HFA and theta modulation. C–
D. Sample-averaged TFRs across all C. OFC (N=163) and D. LPFC (N=122) electrodes, 
demonstrating consistent decision epoch modulation of low frequency oscillations in both 
regions. E-F. Colored regions denote clusters of significant power modulation relative to 
baseline, identified using a one-sample cluster-based permutation test (cluster-level p < 
0.05). E. OFC and F. LPFC electrodes. In both regions, significant clusters were observed 
predominantly at low frequencies, including the theta band (3–8 Hz; cluster level p < 0.05). 
HFA is transient and non-oscillatory; as a result, variability in the timing and expression 
of these signals across electrodes leads to attenuation when activity is averaged across 
the sample. G-H. Band-averaged power time courses for HFA and theta, averaged across 
trials and electrodes in G. OFC and H. LPFC. Time locked fluctuations in both frequency 
bands indicate coordinated modulation of neural dynamics during the decision epoch in 
both regions. 
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Figure 4: HFA and theta in LPFC and OFC encode EV. A. Average time–frequency 
representations of LPFC (left; N=122 electrodes) and OFC (right; N=163 electrodes) 
activity reveal differences in activation in both low- and high-frequency bands between 
high- and low-EV trials. B. Both LPFC and OFC exhibit consistent, significant modulation 
of HFA by EV (*** p < 0.001), such that higher EV is associated with reduced HFA across 
patients in both regions. C. Time-resolved HFA EV encoding by region. Absolute EV-
related effect sizes from time-resolved regression analyses predicting HFA power, 
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averaged across electrodes within each region (OFC, red; LPFC, blue). Colored lines 
above each trace indicate time points at which the regional average was significantly 
greater than zero, as determined by a one-sample cluster-based permutation test 
(cluster-level p < 0.05). OFC HFA EV encoding is more transient, whereas LPFC HFA 
exhibits a more sustained EV encoding profile across the decision epoch. D. Both LPFC 
and OFC exhibit consistent, significant modulation of theta-band activity by EV (** p < 
0.01; *** p < 0.001), such that higher EV is associated with increased theta power across 
patients and electrodes. E. Time-resolved theta EV encoding by region. Absolute EV-
related effect sizes from time-resolved regression analyses predicting theta power, 
averaged across electrodes within each region (OFC, red; LPFC, blue). Colored lines 
above each trace indicate time points at which the regional average was significantly 
greater than zero, as determined by a one-sample cluster-based permutation test 
(cluster-level p < 0.05). Both regions’ theta EV encoding is sustained across the decision 
epoch. 
 
 
 
 

 
Figure 5. HFA EV encoding is selectively modulated by attention in the LPFC. A.  
Trial-resolved EV encoding magnitude in LPFC HFA was regressed against selective 
attention weight (Φ) using a mixed-effects model with random intercepts for subject, 
revealing a significant modulation of HFA value encoding by attention (𝛽= -5.68, z= -2.19, 
p < 0.05). B. To assess temporal effects, we indexed the time point of maximal absolute 
EV encoding for each LPFC electrode from the time-resolved regression analysis. 
Electrodes were grouped into high-attention and low-attention groups by a median split 
of Φ. The resulting distributions showed a significant difference in the peak timing of LPFC 
HFA-EV encoding between attention groups (KS = 0.28, p < 0.05). LPFC encoding 
peaked prior to choice in high-attention participants (dark blue), and post-choice in low-
attention participants (light blue). Median peak latencies were earlier in the high-attention 
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group (median (IQR) = -0.08 s (-0.86 s - 0.62 s)) than in the low-attention group (median 
(IQR)= 0.63 s (-0.13 s - 1.10 s)). C–D. In LPFC, neither the magnitude C. nor the peak 
timing D. of EV encoding in the theta band varied significantly as a function of selective 
attention. E–H. Likewise, in OFC, neither the magnitude or timing of EV encoding were 
varied as a function of selective attention in either E–F HFA or G–H theta.  
  
 
 
 
 
 
 

 
 
Figure 6: LPFC–OFC theta-band connectivity reflects attention- and value-
dependent dynamics. A. We examined the time course of Phase Slope Index (PSI), a 
proxy for directed communication, to examine the nature and timing of circuit-wide 
interactions between LPFC and OFC. We computed time-resolved theta PSI across all 
patients with ipsilateral LPFC–OFC electrode pairs (N=22 patients) and compared PSI in 
high vs. low EV trials at each timepoint across the decision epoch (high EV: within-subject 
z-scored EV ≥ 0; low EV: < 0). Positive PSI values indicate LPFC leading OFC, while 
negative values reflect OFC leading LPFC.  Two-sample cluster-based permutation test 
identified two significant epochs (gray shading; cluster level p < 0.05): before and after 
choice/reward (t=0), in which connectivity differed significantly by value context. Pre-
choice LPFC-to-OFC connectivity was stronger on high EV trials, whereas post-choice 
connectivity was stronger on low EV trials. B. Splitting patients into high- (left) and low- 
(right) attention groups revealed a temporal dissociation in pre- and post-choice functional 
connectivity epochs by attentional strategy.  In high-attention patients (left), the pre-choice 
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LPFC-to-OFC connectivity epoch was preserved, consistent with LPFC attentional control 
during pre-choice. In low-attention patients (right), only the post-choice OFC-to-LPFC 
connectivity epoch survived, suggesting the engagement of OFC reward learning 
mechanisms. 
 
 
 
 

 
 
Figure 7: LPFC local value signals modulate LPFC–OFC connectivity in an 
attention-dependent and time-sensitive manner. A. Time courses of the 𝛽	coefficient 
from the time-resolved HFA-EV regression in LPFC electrodes (blue trace; from Fig. 4C) 
and the ΔPSI (high–low EV; purple trace; from Fig. 6A). The black square denotes a 500 
ms window, which contains the pre-choice significant ΔPSI cluster, during which temporal 
alignment between local HFA value signals in the LPFC and LPFC-to-OFC PSI occurs. 
B. A multivariate mixed-effects model predicting ΔPSI (high–low EV) from LPFC EV 
encoding (HFA~EV β) and its interaction with selective attention weight (Φ) within the pre-
choice window (black square; panel A) revealed that LPFC HFA EV encoding significantly 
predicted LPFC–OFC connectivity dynamics (β = −0.06, z = −2.59, p < 0.05), and this 
relationship was significantly moderated by selective attention (β = 0.08, z = 2.79, p < 
0.01). In a matched post-choice window, LPFC EV encoding showed no significant 
relationship with ΔPSI, irrespective of attentional strategy, indicating that this relationship 
is both attention- and time-specific. 
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Figure 8: OFC single-units encode state-relevant information.  A. Raster and peri-
event firing rate from an example putative OFC unit showing a significant, time-locked 
difference in firing rate between high- and low-EV trials during the pre-choice period 
(FDR-corrected p < 0.05, shading = SEM). B. Across putative OFC units, a substantial 
proportion exhibited significant tuning to EV (36%), exceeding chance levels. EV tuning 
was assessed using a trial-resolved multivariate regression predicting mean firing rate 
from EV, relevant dimension, and chosen features, with statistical significance determined 
relative to a permutation-derived null distribution generated by shuffling EV labels. Among 
units selective for EV, 8% exhibited increased firing with higher EV, whereas 24% 
exhibited decreased firing, indicating a predominant negative tuning pattern. C. Raster 
and peri-event firing rate from an example putative OFC unit showing significant 
modulation by the relevant dimension (shape vs. color; FDR-corrected p < 0.05). D. 
Across putative units, a well-above-chance proportion exhibited significant tuning to the 
relevant dimension (38%), assessed using the same regression framework with 
permutation testing based on shuffled relevant-dimension labels.  Among units selective 
for the relevant dimension, 25% increased their firing rate when shape was relevant 
(relative to color), whereas 14% showed the opposite pattern, decreasing their firing rate 
when shape was relevant. 
 

a b

c

OFC
single units

0.0

0.2

0.4

0.6

0.8

1.0

P
ro
p.
of
ce
lls
tu
ne
d
to

E
V

OFC
single units

0.0

0.2

0.4

0.6

0.8

1.0

P
ro
p.
of
ce
lls
tu
ne
d
to

re
le
va
nt
di
m
en
si
on

0.0 0.2 0.4 0.6 0.8 1.0
0.0

0.2

0.4

0.6

0.8

1.0
Attention
Positive
encoding
Negative
encoding

a

a

b

c d

0.8 1.0

Attention
High EV
Low EV

Attention
Shape
Relevant
Color
Relevant

b

1.5 0.0 1.5
Time (s)

0

5

Fi
rin
g
ra
te
(H
z)

0 1
Time (ms)

50

0

50

Vo
lta
ge
(µ
v)

1.5 0.0 1.5
Time (s)

0.0

2.5

Fi
rin
g
ra
te
(H
z)

.CC-BY 4.0 International licenseavailable under a 
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted May 8, 2026. ; https://doi.org/10.64898/2026.05.03.722562doi: bioRxiv preprint 

https://doi.org/10.64898/2026.05.03.722562
http://creativecommons.org/licenses/by/4.0/


 27 

References 
 
 1. Gershman, S. J. & Daw, N. D. Reinforcement Learning and Episodic Memory in Humans 

and Animals: An Integrative Framework. Annu. Rev. Psychol. 68, 101–128 (2017). 

2. Bellman, R. Dynamic Programming. (Princeton Univ. Pr, Princeton, NJ, 1984). 

3. Niv, Y. Learning task-state representations. Nat. Neurosci. 22, 1544–1553 (2019). 

4. Radulescu, A., Shin, Y. S. & Niv, Y. Human Representation Learning. Annu. Rev. 

Neurosci. 44, 253–273 (2021). 

5. Radulescu, A., Niv, Y. & Ballard, I. Holistic Reinforcement Learning: The Role of 

Structure and Attention. Trends Cogn. Sci. 23, 278–292 (2019). 

6. Posner, M. I. ORIENTING OF ATTENTION-. 

7. Niv, Y. et al. Reinforcement Learning in Multidimensional Environments Relies on 

Attention Mechanisms. J. Neurosci. 35, 8145–8157 (2015). 

8. Leong, Y. C., Radulescu, A., Daniel, R., DeWoskin, V. & Niv, Y. Dynamic Interaction 

between Reinforcement Learning and Attention in Multidimensional Environments. 

Neuron 93, 451–463 (2017). 

9. Radulescu, A., Daniel, R. & Niv, Y. The e`ects of aging on the interaction between 

reinforcement learning and attention. Psychol. Aging 31, 747–757 (2016). 

10. Rudebeck, P. H. & Murray, E. A. The Orbitofrontal Oracle: Cortical Mechanisms for the 

Prediction and Evaluation of Specific Behavioral Outcomes. Neuron 84, 1143–1156 

(2014). 

11. Huys, Q. J. M. et al. Bonsai Trees in Your Head: How the Pavlovian System Sculpts Goal-

Directed Choices by Pruning Decision Trees. PLoS Comput. Biol. 8, e1002410 (2012). 

.CC-BY 4.0 International licenseavailable under a 
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted May 8, 2026. ; https://doi.org/10.64898/2026.05.03.722562doi: bioRxiv preprint 

https://doi.org/10.64898/2026.05.03.722562
http://creativecommons.org/licenses/by/4.0/


 28 

12. Wang, J. X. et al. Prefrontal cortex as a meta-reinforcement learning system. Nat. 

Neurosci. 21, 860–868 (2018). 

13. Donoso, M., Collins, A. G. E. & Koechlin, E. Foundations of human reasoning in the 

prefrontal cortex. Science 344, 1481–1486 (2014). 

14. Buschman, T. J. & Miller, E. K. Top-Down Versus Bottom-Up Control of Attention in the 

Prefrontal and Posterior Parietal Cortices. Science 315, 1860–1862 (2007). 

15. Miller, E. K. & Buschman, T. J. Cortical circuits for the control of attention. Curr. Opin. 

Neurobiol. 23, 216–222 (2013). 

16. Saez, I. et al. Encoding of Multiple Reward-Related Computations in Transient and 

Sustained High-Frequency Activity in Human OFC. Curr. Biol. 28, 2889-2899.e3 (2018). 

17. Rich, E. L. & Wallis, J. D. Decoding subjective decisions from orbitofrontal cortex. Nat. 

Neurosci. 19, 973–980 (2016). 

18. Schoenbaum, G., Roesch, M. R., Stalnaker, T. A. & Takahashi, Y. K. A new perspective on 

the role of the orbitofrontal cortex in adaptive behaviour. Nat. Rev. Neurosci. 10, 885–

892 (2009). 

19. Padoa-Schioppa, C. & Assad, J. A. Neurons in the orbitofrontal cortex encode economic 

value. Nature 441, 223–226 (2006). 

20. Stalnaker, T. A., Cooch, N. K. & Schoenbaum, G. What the orbitofrontal cortex does not 

do. Nat. Neurosci. 18, 620–627 (2015). 

21. Schuck, N. W., Cai, M. B., Wilson, R. C. & Niv, Y. Human Orbitofrontal Cortex 

Represents a Cognitive Map of State Space. Neuron 91, 1402–1412 (2016). 

.CC-BY 4.0 International licenseavailable under a 
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted May 8, 2026. ; https://doi.org/10.64898/2026.05.03.722562doi: bioRxiv preprint 

https://doi.org/10.64898/2026.05.03.722562
http://creativecommons.org/licenses/by/4.0/


 29 

22. Sharpe, M. J. et al. An Integrated Model of Action Selection: Distinct Modes of Cortical 

Control of Striatal Decision Making. Annu. Rev. Psychol. 70, 53–76 (2019). 

23. Howard, J. D. & Kahnt, T. Identity prediction errors in the human midbrain update 

reward-identity expectations in the orbitofrontal cortex. Nat. Commun. 9, 1611 (2018). 

24. Miller, E. K. & Cohen, J. D. An Integrative Theory of Prefrontal Cortex Function. Annu. 

Rev. Neurosci. 24, 167–202 (2001). 

25. Wilson, R. C., Takahashi, Y. K., Schoenbaum, G. & Niv, Y. Orbitofrontal Cortex as a 

Cognitive Map of Task Space. Neuron 81, 267–279 (2014). 

26. Seo, H., Barraclough, D. J. & Lee, D. Dynamic Signals Related to Choices and Outcomes 

in the Dorsolateral Prefrontal Cortex. Cereb. Cortex 17, i110–i117 (2007). 

27. Wilson, R. C. & Niv, Y. Inferring Relevance in a Changing World. Front. Hum. Neurosci. 5, 

(2012). 

28. Daniel, R., Radulescu, A. & Niv, Y. Intact Reinforcement Learning But Impaired 

Attentional Control During Multidimensional Probabilistic Learning in Older Adults. J. 

Neurosci. 40, 1084–1096 (2020). 

29. Wilson, R. C. & Collins, A. G. Ten simple rules for the computational modeling of 

behavioral data. eLife 8, e49547 (2019). 

30. Lavie, N. Distracted and confused?: Selective attention under load. Trends Cogn. Sci. 9, 

75–82 (2005). 

31. (Bud) Craig, A. D. How do you feel — now? The anterior insula and human awareness. 

Nat. Rev. Neurosci. 10, 59–70 (2009). 

.CC-BY 4.0 International licenseavailable under a 
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted May 8, 2026. ; https://doi.org/10.64898/2026.05.03.722562doi: bioRxiv preprint 

https://doi.org/10.64898/2026.05.03.722562
http://creativecommons.org/licenses/by/4.0/


 30 

32. Kurth, F., Zilles, K., Fox, P. T., Laird, A. R. & Eickho`, S. B. A link between the systems: 

functional di`erentiation and integration within the human insula revealed by meta-

analysis. Brain Struct. Funct. 214, 519–534 (2010). 

33. Hayden, B. Y., Heilbronner, S. R. & Yoo, S. B. M. Rethinking the centrality of brain areas 

in understanding functional organization. Nat. Neurosci. 

https://doi.org/10.1038/s41593-025-02166-z (2025) doi:10.1038/s41593-025-02166-z. 

34. Findling, C. et al. Brain-wide representations of prior information in mouse decision-

making. Nature 645, 192–200 (2025). 

35. Overton, J. A. et al. Distributed Intracranial Activity Underlying Human Decision-making 

Behavior. J. Neurosci. 45, e0572242024 (2025). 

36. Gramfort, A. MEG and EEG data analysis with MNE-Python. Front. Neurosci. 7, (2013). 

37. Cavanagh, J. F. & Frank, M. J. Frontal theta as a mechanism for cognitive control. Trends 

Cogn. Sci. 18, 414–421 (2014). 

38. Johnson, E. L. et al. A rapid theta network mechanism for flexible information encoding. 

Nat. Commun. 14, 2872 (2023). 

39. Fries, P. A mechanism for cognitive dynamics: neuronal communication through 

neuronal coherence. Trends Cogn. Sci. 9, 474–480 (2005). 

40. Fries, P. Rhythms for Cognition: Communication through Coherence. Neuron 88, 220–

235 (2015). 

41. Lei, T., Scheid, M. R., Flint, R. D., Glaser, J. I. & Slutzky, M. W. Active dissociation of 

intracortical spiking and high gamma activity. Nature https://doi.org/10.1038/s41586-

026-10331-y (2026) doi:10.1038/s41586-026-10331-y. 

.CC-BY 4.0 International licenseavailable under a 
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted May 8, 2026. ; https://doi.org/10.64898/2026.05.03.722562doi: bioRxiv preprint 

https://doi.org/10.64898/2026.05.03.722562
http://creativecommons.org/licenses/by/4.0/


 31 

42. Wise, T., Emery, K. & Radulescu, A. Naturalistic reinforcement learning. Trends Cogn. 

Sci. 28, 144–158 (2024). 

43. Landau, A. N., Schreyer, H. M., van Pelt, S. & Fries, P. Distributed Attention Is 

Implemented through Theta-Rhythmic Gamma Modulation. Curr. Biol. 25, 2332–2337 

(2015). 

44. Lisman, J. E. & Jensen, O. The Theta-Gamma Neural Code. Neuron 77, 1002–1016 

(2013). 

45. Canolty, R. T. et al. High Gamma Power Is Phase-Locked to Theta Oscillations in Human 

Neocortex. Science 313, 1626–1628 (2006). 

46. Buzsáki, G. Large-scale recording of neuronal ensembles. Nat. Neurosci. 7, 446–451 

(2004). 

47. Hacker, C. M., Bohn, S., Foster, B. L. & Rust, N. C. Neural representations of visual 

memory in inferotemporal cortex reveal a generalizable framework for translating 

between spikes and field potentials. 

48. Rich, E. L. & Wallis, J. D. Spatiotemporal dynamics of information encoding revealed in 

orbitofrontal high-gamma. Nat. Commun. 8, 1139 (2017). 

49. Miller, E. K. THE PREFRONTAL CORTEX AND COGNITIVE CONTROL. (2000). 

50. Nolte, G. et al. Robustly Estimating the Flow Direction of Information in Complex 

Physical Systems. Phys. Rev. Lett. 100, 234101 (2008). 

51. Parvizi, J., Rangarajan, V., Shirer, W. R., Desai, N. & Greicius, M. D. The Will to Persevere 

Induced by Electrical Stimulation of the Human Cingulate Gyrus. Neuron 80, 1359–

1367 (2013). 

.CC-BY 4.0 International licenseavailable under a 
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted May 8, 2026. ; https://doi.org/10.64898/2026.05.03.722562doi: bioRxiv preprint 

https://doi.org/10.64898/2026.05.03.722562
http://creativecommons.org/licenses/by/4.0/


 32 

52. Radulescu, A. & Niv, Y. State representation in mental illness. Curr. Opin. Neurobiol. 55, 

160–166 (2019). 

53. De Leeuw, J. R., Gilbert, R. A. & Luchterhandt, B. jsPsych: Enabling an Open-Source 

CollaborativeEcosystem of Behavioral Experiments. J. Open Source Softw. 8, 5351 

(2023). 

54. Dahal, P. et al. Interictal epileptiform discharges shape large-scale intercortical 

communication. Brain 142, 3502–3513 (2019). 

55. Niediek, J., Boström, J., Elger, C. E. & Mormann, F. Reliable Analysis of Single-Unit 

Recordings from the Human Brain under Noisy Conditions: Tracking Neurons over 

Hours. PLOS ONE 11, e0166598 (2016). 

56. Davis, T. S. et al. LeGUI: A Fast and Accurate Graphical User Interface for Automated 

Detection and Anatomical Localization of Intracranial Electrodes. Front. Neurosci. 15, 

769872 (2021). 

57. McGrath, H. et al. High-resolution cortical parcellation based on conserved brain 

landmarks for localization of multimodal data to the nearest centimeter. Sci. Rep. 12, 

18778 (2022). 

58. Wagner, AG, (second) & Rescorla, RA, (first). A theory of Pavlovian conditioning: 

variations in the e`ectiveness of reinforcement and nonreinforcement. in Classical 

conditioning II: current research and theory (Black AH, Prokasy WE eds) 64–99 

(Appleton-Century-Crofts, New York). 

59. Donoghue, T. et al. Parameterizing neural power spectra into periodic and aperiodic 

components. Nat. Neurosci. 23, 1655–1665 (2020). 

.CC-BY 4.0 International licenseavailable under a 
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted May 8, 2026. ; https://doi.org/10.64898/2026.05.03.722562doi: bioRxiv preprint 

https://doi.org/10.64898/2026.05.03.722562
http://creativecommons.org/licenses/by/4.0/


 33 

 

.CC-BY 4.0 International licenseavailable under a 
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted May 8, 2026. ; https://doi.org/10.64898/2026.05.03.722562doi: bioRxiv preprint 

https://doi.org/10.64898/2026.05.03.722562
http://creativecommons.org/licenses/by/4.0/

