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Abstract 
 

Working memory (WM) enables us to maintain and manipulate information over time, 
but how the brain organizes sequential information locally and across networks remains unclear. 
Recent work suggests that slow and fast theta oscillations serve different roles in memory, yet 
their distinct contributions to sequential WM are unknown. Based on evidence that the 
hippocampus (HC) and orbitofrontal cortex (OFC) support sequential WM and that slower theta 
cycles provide optimal temporal windows for organizing items in WM, we predicted that these 
regions would coordinate via slow theta dynamics. We analyzed intracranial EEG from the HC, 
OFC, and amygdala (AMY) in 21 neurosurgical patients (7 female, 13-54 years of age; M ± SD, 
30 ± 11.2 years) performing a delayed match-to-sample WM task. We assessed phase locking 
between regions, phase-amplitude coupling within regions, and neuronal phase coding for slow 
(~1-4.5 Hz) and fast (~4.5-8 Hz) theta oscillations. We found significant slow and fast theta 
synchrony between all regions, but identical anatomical pathways produced opposing behavioral 
effects depending on oscillatory frequency, particularly during higher cognitive demand. Slow 
theta synchrony was associated with faster response times (RTs), while fast theta synchrony 
between HC and OFC hindered both accuracy and RTs. Unexpectedly, AMY modulated RT 
through demand-dependent slow theta synchrony, where AMY-OFC synchrony predicted faster 
RTs during maintenance and HC-AMY synchrony predicted faster RTs during higher cognitive 
demand. Sustained coupling between slow theta oscillations and high-frequency broadband 
activity within each region suggests that local organization coincides with beneficial network 
behavioral effects. These results establish a frequency-opponent mechanism in which theta 
oscillation frequencies determine whether HC-OFC circuits facilitate or impair sequential WM.  
 
Introduction 
 

Working memory (WM) is a crucial component of cognition that enables the maintenance 
and manipulation of spatial, temporal, and semantic information in mind. The ramifications of 
disrupted WM are evident in traumatic brain injury and virtually all neuropsychiatric 
disorders1–5, underscoring its importance to daily life. A key open question in WM is how we 
parse and maintain incoming streams of  information while accessing individual objects and their 
features within a stream6. Studies of WM using the Sternberg task have demonstrated that 
response time (RT) scales with the number of items held in memory, suggesting that mnemonic 
representations are accessed serially7. Yet, WM must rely on precisely binding a given stimulus 
to its spatial location and temporal position relative to other stimuli given our ability to maintain 
multiple features of a given stimulus8–10. This binding requirement presents significant 
computational challenges, requiring the brain to track multiple dimensions of information while 
maintaining their relationships across time and integrating new information. The neural 
mechanisms underlying the process of actively maintaining sequential information and 
subsequently integrating new information to execute behavioral judgements remain undefined. 
Developing a mechanistic understanding of how humans encode, maintain, and compare 
sequential information in mind across distributed neural circuits could facilitate the development 
of neurotherapeutic interventions for WM deficits in neuropsychiatric conditions.   
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Activity in frontal and medial temporal brain regions such as the hippocampus (HC) have 
been shown to facilitate WM processes. Early work in non-human primates demonstrated 
persistent firing of frontal neurons during stimulus maintenance in the absence of external stimuli 
as a hallmark of WM11,12. In humans, studies using stereotactic EEG (sEEG) further 
demonstrated persistent firing of HC neurons during WM maintenance in the absence of external 
stimuli13, implicating both frontal and HC regions in WM. Still, the extent to which HC 
contributes to WM remains debated, with conflicting evidence from lesion and neuroimaging 
studies13. Greater activity in the amygdala (AMY), a region traditionally associated with emotion 
processing, has also been linked to faster RTs in fMRI studies of WM for emotionally neutral 
information14. AMY involvement in non-emotional cognitive tasks is likely due to dense 
structural and functional connectivity between it and the HC15, as well as structural connectivity 
with orbital regions of the frontal lobe16. Indeed, we have reported that the human orbitofrontal 
cortex (OFC) is causally implicated in WM for sequential information, supported by sequential 
WM deficits in lesioned patients that were commensurate with OFC lesion size17. OFC is 
structurally connected to the medial temporal lobe via the uncinate fasciculus18,19, providing the 
infrastructure for OFC to rapidly interact with HC and AMY during sequential WM. 

 
In addition to persistent neuronal firing, WM processes have been linked to theta 

oscillations (~2–8 Hz) across multiple species20–22. A dominant model of WM states that 
individual memory items are represented by discrete gamma cycles (>30 Hz) that are temporally 
organized within the phase of ongoing theta oscillations23,24. Consistent with this model, the 
modulation of gamma power by theta phase, termed theta-gamma phase-amplitude coupling 
(PAC), has been shown to support the maintenance of temporal order in WM23,25–27. In tasks 
requiring sequential WM, PAC strength scales with the number of items in a sequence and 
predicts behavioral performance as indexed by faster RTs25,26. Though classically described as 
theta-gamma coupling, high-frequency broadband activity (HFB; ~70-150 Hz) tracks 
population-level neuronal firing and hemodynamic responses28–33, and has been shown to be 
functionally relevant in human WM processes34. Research has demonstrated theta-HFB PAC in 
cortical and temporal regions25,35, and causal non-invasive work has demonstrated that enhancing 
theta-HFB PAC in the frontal cortex enhances WM performance36. Similar to PAC, a growing 
body of cross-species research demonstrates that the timing of neuronal spikes relative to the 
phase of ongoing theta oscillations becomes more structured during sequence encoding37,38. This 
phenomenon, known as phase coding, demonstrates that neurons convey information not only 
through their firing rate but also the timing of their firing within an oscillatory cycle. Neurons 
that fire at different phases of the same rhythm have been shown to encode distinct elements of a 
sequence, spatial locations, and object identities, providing a temporal code for organizing 
information in WM37,39–41. Together, PAC and phase coding provide complementary mechanisms 
for organizing sequential information within theta cycles, where different theta phases maintain 
high-frequency neural events in sequences. 

 
Whereas PAC and phase coding organize information within individual brain regions, 

oscillatory synchrony enables communication and information integration across regions, thus 
facilitating the coordination necessary for complex cognitive functions such as WM42–44. Recent 
work has suggested that theta synchrony between hippocampal and frontal regions supports 

.CC-BY-ND 4.0 International licenseavailable under a
(which 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 preprintthis version posted May 11, 2026. ; https://doi.org/10.64898/2026.05.10.724153doi: bioRxiv preprint 



sequential WM45,46. Previous research has further shown elevated AMY-HC connectivity during 
the processing of salient stimuli, suggesting that AMY contributes to behaviorally relevant 
cognitive processing through oscillatory interactions with HC. These findings led us to 
hypothesize that while nesting high-frequency activity within theta rhythms supports the serial 
organization of sequential WM items, interregional theta synchrony supports the transfer of 
sequential representations between frontal and temporal regions. We further hypothesized that 
frontotemporal coordination supporting sequential WM would be mediated by theta oscillations 
that differ in frequency, with slow and fast theta serving distinct functional roles.  

 
Recent work has provided evidence for two distinct theta oscillations in frontal and 

medial temporal regions: a slower oscillation ~1.5-4.5 Hz and faster oscillation ~4.5-8.0 Hz47–51. 
Slow and fast theta frequencies exhibit distinct peaks in the power spectra47,52, have different 
developmental trajectories, and may serve different functional roles in memory processes47–49,52. 
Emerging evidence implicates slow theta in sequential WM processes. Specifically, 
computational models propose that the longer timescales of slow theta oscillations are better 
suited for organizing extended temporal sequences and packaging sequential information23,24. 
Recent empirical evidence provides initial support for this proposal by demonstrating PAC 
between slow, but not fast, theta oscillations and HFB in HC during the maintenance of 
sequential information25. Moreover, studies using transcranial alternating current stimulation 
(tACS) to induce slow and fast theta oscillations have shown a beneficial role of slow, but not 
fast, theta enhancement on temporal memory53–55. Although HC theta phase coding has been 
shown to represent sequential order tied to spatial or semantic features (i.e., concept and place 
cells)26,28–30, it is unknown whether similar coding schemes extend to more abstract 
representations of temporal order in WM,  are specific to slow or fast theta, or occur in across the 
HC-OFC network. We tested the specific hypothesis that sequential WM would be supported by 
slow theta synchrony between HC and OFC, as well as slow theta-HFB PAC and phase coding 
within HC and OFC, which together may organize and transfer sequential representations across 
the circuit. 

 
To test this pathway, we recorded single-neurons and local field potentials (LFPs) from 

HC, AMY, and OFC in 21 neurosurgical patients as they performed a delayed match-to-sample 
sequential WM task. On each trial, participants memorized a three-item sequence of colored 
shapes varying in spatial location on the screen (“sample sequence”), followed by a 2-second 
delay and a new sequence of three shapes (“test sequence”) (Figure 1A)46,57,58. Stimuli were 
randomized to prevent overlearning, using a pool of 16 shapes and 11 colors (i.e., 176 unique 
stimuli). This task engages multiple WM subdomains and varies in cognitive demand within a 
trial, offering a semi-naturalistic framework to probe WM. We examined how the HC, AMY, and 
OFC coordinate via oscillatory theta mechanisms to support the encoding, maintenance, and 
comparison of sequential information. We observed slow and fast theta synchrony between all 
regions, but identical anatomical pathways produced opposing behavioral effects depending on 
oscillatory frequency, particularly during higher cognitive demand. Slow theta synchrony was 
associated with faster RTs across the circuit while fast theta synchrony between HC and OFC 
hindered both accuracy and RTs. Additionally, we reveal sustained slow theta PAC in both HC 
and OFC throughout the task, suggesting that local organization of sequential information 
coincides with beneficial network effects. Finally, AMY modulated RT via slow theta synchrony 
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with OFC during lower cognitive demand and HC during higher cognitive demand. Together, 
these results establish a frequency-opponent mechanism in which theta oscillation frequency 
determines whether HC-OFC circuits facilitate or impair sequential WM, and point to a novel 
role for AMY in demand-dependent modulation of response speed. 
 
Results 
 
Patients exhibit intact sequential WM performance  
 

Twenty-one neurosurgical patients (7 females) with electrodes implanted in HC (n=51), 
AMY (n=43), and OFC (n=36) performed the WM-DMS task (see Figure 1A). RT for each 
patient was recorded per trial (M ±  SD: 2383.71 ±  988.91ms) and was measured as the time 
from the presentation of the match/mismatch question to the point at which participants clicked 
their response. All patients included in this study had AR of at least 0.73 (see Methods for AR 
calculation), with performance comparable to healthy controls reported in other studies using the 
same WM-DMS task (M ±  SD: 0.92 ±  0.07, healthy controls M ± SD: 0.85 ± 0.12)46,57.   

 

 
Figure 1. Design and electrode coverage. (A) Subjects completed a WM-DMS task, where they 
were presented with two sequences of three stimuli (sample and test) separated by a delay and 
asked to determine if the sample sequence was a match or a mismatch to the test sequence. (B) 
Artifact- and seizure- free sEEG coverage in OFC (n=36), HC (n=51), and AMY (n=43) across 
all subjects shown on the MNI-152 template brain. 
 
Theta activity during sequential WM in HC, AMY, and OFC 
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We first confirmed that theta activity was present during the task by computing 
time-frequency representations of power from 1 to 200 Hz per ROI (i.e., -0.75 to 6.5 s from 
sample onset, averaged over trials, channels, and subjects within each ROI). Power was z-scored 
using statistical bootstrapping34,44,59–61. We observed dissociable timing in theta power between 
the medial temporal regions and OFC (Figure 2), with OFC power at its maximum during sample 
sequence presentation, followed by an increase in HC theta power that emerges during delay 1 
and persists into the presentation of the test sequence. AMY showed the most delayed response 
in theta power, with increases occurring during the presentation of the test sequence. The 
presence of theta activity in all ROIs and the difference in timing between ROIs point to theta 
circuitry between OFC, HC, and AMY during the encoding and maintenance of sequential 
information.  

 
Figure 2.  Time-frequency power during sequential WM. Theta power increases during delay 
1 (1.50-3.25 s from sample onset) and the test sequence (3.25-4.75 s) in medial temporal regions 
(left and middle), and during the sample sequence (0-1.50 s) in OFC (right). Sample stimuli 
shown at the top of each figure were presented for the first 250 ms of each 500 ms stimulus 
presentation segment, separated by central fixation (not shown). White vertical lines represent the 
onset of each stimulus and delay.  
 
Slow theta oscillations slow down with cognitive demand in HC and OFC  
 

To characterize slow and fast theta oscillations, we used IRASA62 to identify peak slow 
and fast theta frequencies for each channel in each ROI, using 4.5 Hz as the threshold between 
slow and fast theta if a single peak was identified47 (Figure S2). Sample peaks were computed 
over the presentation of the sample sequence and delay 1, and test peaks were computed over the 
presentation of the test sequence and delay 2 (see Figure 1A for task design). We used Wilcoxon 
sign rank tests to compare peak frequencies between sample and test phases.  
 

During the test phase, participants were required to maintain both the sample sequence 
and the test sequence to compare the two sequences and subsequently execute a goal directed 
behavior. Thus, the cognitive demand during the test sequence and delay 2 was higher than 
during the sample and delay 1. Previous literature suggests that theta oscillations slow down with 
increased WM load, as a purported mechanism for more gamma cycles carrying information to 
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fit within the theta cycle23,24,26. We thus operationalized the slowing of oscillations from sample to 
test as an indicator of functional relevance in our WM task. We hypothesized that HC slow theta 
would slow from sample to test, implicating HC slow theta in the maintenance and comparison 
of sequential information. We first tested this hypothesis in HC slow theta, and then 
systematically replicated analyses in AMY, OFC, and fast theta in all ROIs, to define broader 
theta circuitry during the maintenance and comparison of sequential information.  
 

We reveal a slowing of slow theta oscillations from sample to test in HC (p=0.01, sample 
n=40 channels exhibiting slow theta peaks, test n=41) and OFC (p=0.03, sample n=21, test n=18; 
Figure 3, top). Slow theta frequencies did not change from sample to test in AMY (p=0.83, 
sample and test n=36). There were no significant changes in fast theta frequencies in HC (p=0.83 
sample and test n=34), OFC (p=0.06, sample n=19, test n=21), or AMY (p=0.55, sample n=26, 
test n=24; Figure 3, bottom). Taken together, these results demonstrate a unique functional role 
of slow theta and suggest that HC and OFC interact via slow theta oscillations to maintain and 
process sequential information in WM. 
 
 
 

 
Figure 3.  Slow and fast theta frequencies. Slow theta frequencies (top) decrease from sample 
to test in HC and OFC. Data are represented as individual channel datapoints, with condition 
probability densities and medians calculated across channels. Boxplots display medians and 
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interquartile ranges (IQR), with whiskers extending 1.5 × IQR from the quartile. *FDR-corrected 
p<0.05.  
 
Slow and fast theta oscillations synchronize HC, AMY, and OFC 
 

We then assessed interregional theta synchrony during sequence maintenance and 
comparison by computing phase locking values (PLV) during delays 1 and 2. For each 
interregional combination (HC-AMY, HC-OFC, AMY-OFC), PLV was computed between all 
within-hemisphere channel pairs at each channel’s slow theta peak, and separately at each 
channel’s fast theta peak34,47. Statistical significance was determined by comparing the observed 
PLV to permuted distributions generated by shuffling the phase angle time series and 
recomputing PLV. Based on our results demonstrating that slow theta oscillations slow from 
sample to test in both HC and OFC, we predicted that HC and OFC would be phase locked in 
slow theta during delay 1 (sample) and delay 2 (test).  
 

Supporting our hypothesis, we observed significant slow theta PLV between HC and OFC 
during delay 1 (p<0.0001, n=28 channel pairs), as well as AMY-OFC (p<0.0001, n=47) and 
HC-AMY (p<0.0001,  n=51) (Figure 4A, top). Additionally, we observed fast theta PLV between 
HC-OFC (p<0.0001, n=25), AMY-OFC (p<0.0001, n=37), and HC-AMY (p<0.0001, n=34) 
(Figure 4A, bottom). During delay 2, PLV remained significant between all ROIs at both slow 
(HC-OFC p<0.0001, n=24; AMY-OFC p<0.0001, n=33; HC-AMY p<0.0001, n=56) and fast 
(HC-OFC p<0.0001, n=23; AMY-OFC p<0.0001, n=28; HC-AMY p<0.0001, n=25) theta 
(Figure 4B). Our results reveal both slow and fast theta synchrony between HC, AMY, and OFC 
during sequence maintenance and comparison, demonstrating that the infrastructure for 
interregional communication is present in slow and fast theta circuits. 
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Figure 4. Slow and fast theta PLV during delays 1 and 2. (A) Significant slow (top) and fast 
(bottom) theta PLV in HC-OFC, AMY-OFC, and HC-AMY during delay 1. Darker colors 
indicate slow theta and lighter colors show fast theta for all plots. (B) Significant slow (top) and 
fast (bottom) theta PLV in HC-OFC, AMY-OFC, and HC-AMY during delay 1 and 2, same 
conventions as (A). Dashed vertical lines represent the distribution means. *FDR-corrected 
p<0.05. 
 
Slow and fast theta synchrony between HC and OFC exert opposing effects on behavior  
 

Having demonstrated slow and fast theta PLV during delays 1 and 2, we then separately 
tested for relationships between PLV during each delay and behavioral AR and RT. One subject 
was excluded from the AR analyses due to an AR of 6 SDs below the mean (AR=0.73, see Table 
S1). Although no correlations between slow theta PLV and AR were significant (p > 0.05; Figure 
5A), slow theta synchrony benefitted RT, as demonstrated by significant negative correlations 
with AMY-OFC PLV during delay 1 (rho= -0.38, p=0.02, CI [-0.63, -0.09]; Figure 5B top), and 
with HC-OFC PLV (rho=-0.70, p=0.001, CI [-0.86, -0.43]) and HC-AMY PLV during delay 2 
(rho=-0.37, p=0.01, CI [-0.60, -0.08]; Figure 5B bottom). Fast theta synchrony between HC and 
OFC hindered performance, as measured by significant negative correlations with AR during 
delays 1 (rho=-0.52, p=0.046, CI [-0.76, -0.13]; Figure 5C top) and 2 (rho=-0.65, p=0.008, CI 
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[-0.83, -0.36]; Figure 5C bottom), and significant positive correlations with RT during delays 1 
(rho=0.64, p=0.002, CI [0.31, 0.83]; Figure 5D top) and 2 (rho=0.72, p=0.001, CI [0.48, 0.84]; 
Figure 5D bottom).  
 

Collectively, these results reveal that slow theta synchrony is associated with faster 
responses, with AMY-OFC effects during sequence maintenance, and HC-OFC and HC-AMY 
effects during sequence comparison. In contrast, fast theta HC-OFC synchrony consistently 
impaired both accuracy and response speed across maintenance and comparison. These results 
support our hypothesis that slow theta synchronization between HC and OFC supports sequential 
WM, perhaps due to the longer temporal window within a cycle for single item representations23, 
while fast theta impaired performance due to its shorter cycle length.  

 

 
Figure 5. Correlations between slow and fast theta PLV during delays 1 and 2 and behavior. 
(A) Spearman's correlation between AR slow theta PLV during delay 1 (top) and delay 2 (bottom 
theta PLV during delay 1. Data points represent individual channel combinations. Shading 
indicates the 95% confidence interval of the linear regression. Reported statistics are Spearman's 
rho with bootstrapped 95% confidence intervals. The black arrow represents the direction of 
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better performance. *FDR-corrected p<0.05. (B) Spearman's correlation between RT and slow 
theta PLV during delay 1 (top) and delay 2 (bottom), same conventions as (A). Slow theta 
AMY-OFC PLV negatively correlates with RT during delay 1. Slow theta HC-OFC and 
HC-AMY PLV negatively correlates with RT during delay 2. (C) Same as (A) for fast theta. Fast 
theta HC-OFC PLV negatively correlates with AR during delay 1 and delay 2.  (D) Same as (B) 
for fast theta. Fast theta HC-OFC PLV positively correlates with RT during delay 1 and delay 2.  
 
High-frequency broadband activity is coupled to slow theta oscillations in HC and OFC 
during sequence maintenance and comparison  
 

We then assessed slow and fast theta-HFB PAC within our three ROIs during sequence 
maintenance by computing the mean vector length (MVL)35 in delays 1 and 2, using the same 
individual peak theta frequencies as in PLV analyses. Statistical significance was assessed by 
comparing the observed MVL to permuted distributions generated by shuffling the phase angle 
time series and recomputing MVL. Based on literature positing slow theta as the optimal 
frequency for organizing multiple item representations in WM23,24, we predicted that HFB would 
be coupled to slow theta oscillations in both HC and OFC, which would reinforce the proposal 
that slow theta provides optimal temporal windows for organizing sequential information within 
these regions.  
 

Supporting our hypothesis, we observed significant slow theta-HFB MVL in HC 
(p=0.0008), OFC (p=0.0007), and AMY (p=0.0007) during delay 1 (Figure 6A). We also 
observed significant fast theta-HFB PAC in HC (p=0.039; Figure 6B), demonstrating both slow 
and fast theta PAC in HC during sequence maintenance. By contrast, fast theta-HFB PAC was 
not significant in AMY (p=0.056) or OFC (p=0.57). Results reveal that slow theta oscillations 
modulate HFB activity in all three regions during the maintenance of sequential information.  
 

During delay 2, slow theta MVL remained significant in HC (p<0.007) and OFC 
(p<0.04), but was not significant in AMY (p=0.16; Figure 6C). We also observed significant fast 
theta-HFB PAC in OFC (p=0.03) (Figure 6D), demonstrating both slow and fast theta PAC in 
OFC during sequence comparison. Fast theta-HFB PAC was not significant in HC (p=0.08) or 
AMY (p=0.16). No correlations between PAC during delay 1 or 2 and AR or RT were significant 
(p≥0.05).  
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Figure 6. Slow and fast theta PAC MVL during delays 1 and 2. (A) Significant slow theta 
MVL (top) in HC, AMY, and OFC during delay 1. *FDR-corrected p<0.05. (B) Significant fast 
theta MVL in HC during delay 1, same conventions as (A). (C) Same as (A) for delay 2. 
Significant slow theta MVL in HC and OFC. (D) Same as (B) for delay 2. Significant fast theta 
MVL in OFC. Dashed vertical lines represent the means of the distributions. 
 
Initial evidence that single neurons encode sequential order through slow theta phase 
coding across the HC-OFC circuit 
 

Finally, we analysed slow and fast theta phase coding in the subset of 10 patients with 
microwire implants. Rayleigh's test revealed significant slow theta phase coding for HC neurons 
preferring stimulus 2 and OFC neurons preferring stimulus 3, with no significant fast theta phase 
coding in any region. Given sample size limitations, these findings are preliminary and presented 
in full in Supplemental Text S3 and Figure S3. 
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Discussion 
 
Our findings establish that HC and OFC form a slow theta circuit for sequential WM, 

with dissociable roles of slow and fast theta synchrony within the same network. When 
synchronized across HC and OFC, slow theta facilitated response speed, whereas fast theta 
synchrony between HC and OFC consistently impaired response accuracy and speed (Figure 7). 
This frequency dissociation was present at the local level, with persistent slow theta-HFB PAC in 
HC and OFC through sequence maintenance and comparison, corroborating a complementary 
intraregional mechanism for organizing information in WM that has been well-documented 
across tasks and species25,35,42–44. By contrast, fast theta-HFB PAC was limited to HC during 
sequence maintenance and OFC during sequence comparison. Together, these findings reveal a 
frequency-opponent mechanism in which the same circuit can facilitate or disrupt sequential WM 
depending on frequency, with fast theta synchrony being detrimental to subsequent behavior. 
 

 
Figure 7. Schematic of main findings. Group level analyses revealed significant slow and fast 
theta PLV between all regions across both sample (left) and test (right, not shown) phases of the 
task. Slow theta-HFB PAC was present in all three regions during sample, with sustained PAC in 
HC and OFC during test. Slow theta phase coding of sequence neurons was observed in HC and 
OFC (see S3). Fast theta-HFB PAC was present in HC during sample and shifted to OFC during 
test. Slow and fast theta PLV between HC and OFC differentially explained behavioral 
performance during test, with slow theta linked to faster RTs and fast theta hindering accuracy 
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and RTs. Blue represents sample slow (dark blue) and fast (light blue) theta. Orange represents 
test slow (dark orange) and fast (light orange) theta. Thicker lines signify stronger synchrony in 
superior (top) or inferior (bottom) performers.  
 

Prior to testing hypotheses, we removed pathological channels and trials to ensure 
generalizability of findings to healthy populations. Behavioral performance in our neurosurgical 
patients was comparable to that of healthy controls46,47, validating our findings as representative 
of typical WM function. We then established theta activity across all three regions, each with a 
qualitatively distinct temporal profile: OFC theta power peaked during sequence encoding, HC 
theta emerged during maintenance and persisted into the test sequence, and AMY theta peaked 
during the test sequence. We then extended previous reports of slow and fast theta sub-bands in 
HC48–51 and cortex47 by demonstrating that both theta oscillations are present across all three 
regions in our network. We then revealed a functional role of theta oscillations during the 
WM-DMS task, revealing a slowing of slow theta from sample to test in HC and OFC and further 
suggesting that these two regions interact during WM of sequential information. These initial 
tests demonstrated the functional role of slow theta, the oscillation we hypothesized would 
support sequential WM, and further suggested similar neural mechanisms of sequential WM in 
HC and OFC. These findings are consistent with literature suggesting that increased cycle length 
of theta oscillations, or theta slowing, provides the architecture for single items to be represented 
in WM21–24. The slowing of slow theta and lack thereof in fast theta from sample to test also 
extends previous findings of functionally distinct slow and fast theta oscillations in long term 
memory processes to WM processes47,49,52. 
 

Our PLV results demonstrate sustained slow and fast theta synchrony spanning the 
HC-OFC circuit throughout the WM task, establishing the infrastructure for multiplexed 
interregional communication42,43,63,64. The frequency of this synchrony impacted WM 
performance, with slow theta synchrony predicting faster RTs across multiple circuit connections 
and HC (HC-OFC and HC-AMY) effects emerging during sequence comparison. By contrast, 
fast theta HC-OFC synchrony consistently increased RT and decreased accuracy across 
maintenance and comparison. This aligns with previous theoretical and empirical studies 
suggesting that slow theta cycles provide optimal temporal windows for organizing and 
transferring sequential information, while fast theta cycles may disrupt these processes23–26,45. We 
speculate that HC-OFC slow theta synchrony is most critical for processing efficiency during 
high cognitive demand. Additionally, AMY showed demand-dependent slow theta behavioral 
relationships, with AMY-OFC synchrony explaining faster RTs during maintenance and 
HC-AMY synchrony explaining faster RTs during comparison. This pattern is consistent with 
AMY's delayed theta onset and maintenance-specific PAC, suggesting that AMY dynamically 
modulates response speed through different anatomical pathways depending on cognitive 
demand. These results corroborate fMRI findings demonstrating increased delay-period 
HC-frontal connectivity with increased visual WM load65 and AMY modulation of response 
speed14, providing mechanistic insight into how these regions coordinate to support sequential 
WM.  

 
Our MVL results demonstrate slow theta PAC in HC, AMY, and OFC during the 

maintenance period of the task, revealing the infrastructure for slow theta oscillations to 
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modulate HFB activity and maintain sequential information, and extending theoretical models of 
theta-gamma neural coding in WM23,27 to theta-HFB PAC in the human brain.  Slow theta-HFB 
PAC was sustained during comparison within HC and OFC, aligning with our PLV findings and 
supporting the hypothesis that these regions form a coordinated slow theta circuit. These results 
align with studies demonstrating theta-HFB PAC in HC and AMY during WM maintenance25, 
and extend these findings to OFC. In contrast, fast theta PAC was only present in HC during 
maintenance and OFC during comparison, suggesting that fast theta PAC may serve 
region-specific roles that, when synchronized across the circuit, interfere with the more optimal 
slow theta organization.  

 
These findings demonstrate distinct roles of slow and fast theta synchrony across 

frontotemporal circuits in sequential WM. We overcame the limitations of spatial sampling 
common in invasive recordings66 by densely sampling ROIs with sEEG macroelectrodes. All 
subjects had epilepsy, which can limit generalizability despite strict electrode selection excluding 
pathological tissue47,66. Critically, however, patients in our sample demonstrated intact behavioral 
performance comparable to healthy controls, suggesting that the mechanisms we identified 
reflect typical WM function46. Our synchrony-behavior relationships are correlational and cannot 
establish causality, but are strongly supported by previous studies demonstrating that slow theta 
tACS benefits temporal memory while fast theta tACS does not53–55. To further investigate the 
spatial specificity of such results, future studies could apply invasive direct electrical stimulation 
to OFC, HC, and AMY to perturb slow and fast theta oscillations and observe the behavioral 
effects67. To further investigate the therapeutic efficacy of such interventions, future clinical trials 
could be targeted to patients with memory deficits.  
 
​ In conclusion, our findings reveal that within the same HC-OFC circuit, slow theta 
oscillations facilitate sequential WM through complementary slowing, interregional synchrony, 
and sustained PAC, while fast theta oscillations disrupt performance, potentially through 
competing dynamics that interfere with sequential information transfer. This dual 
frequency-opponent mechanism establishes a framework where the same circuit architecture can 
produce opposing cognitive outcomes depending on the theta frequency at which the circuit is 
synchronized. These findings advance our understanding of theta oscillations in human cognition 
and identify potential frequency- and anatomically-selective therapeutic targets for WM deficits.  
 
Methods 
 
Human subjects 
 

Subjects were 21 neurosurgical patients (7 females; 13-54 years of age; M ± SD, 30 ± 
11.2 years) undergoing stereotactic EEG (sEEG) monitoring as part of clinical management of 
seizures. Microwire recordings were obtained from 10 of these subjects (2 females; 21-54 years 
of age; M ± SD, 32 ± 9.5 years). Demographic details are provided in Table S1. Subjects were 
selected from a larger pool based on non-pathological coverage of hippocampus (HC), amygdala 
(AMY), and/or orbitofrontal cortex (OFC; i.e., electrodes localized to HC, AMY, and/or OFC 
and outsize seizure onset zones). Patients were recruited from the University of California, 
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Irvine, University of California, Davis, Icahn School of Medicine at Mount Sinai, University of 
California, San Francisco, UCSF Benioff Children’s Hospital, and Nationwide Children’s 
Hospital.  Written informed consent was obtained from subjects aged 18 years and older and 
from the guardians of subjects younger than 18 years, and written assent was obtained from 
subjects aged 13-17 years. The Institutional Review Board of the institution at which the patient 
was enrolled approved all procedures in accordance with the Declaration of Helsinki.  
 
Task design 
 

Subjects completed a working memory delayed match-to-sample (WM-DMS) task where 
each trial presented a sequence of three shape stimuli (sample sequence; Figure 1A)46,57,58. The 
stimuli varied in identity (i.e., shape and color), and each was presented in one of four spatial 
locations on the screen (top, bottom, left, or right) for 250ms, followed by a 250ms interstimulus 
interval. After the last shape, there was a 2-second delay (delay 1) where subjects were to 
maintain the sample sequence. Proceeding delay 1, a second sequence of three shapes was 
presented (test sequence). The test sequence was either an exact match to the sample sequence, 
or a mismatch in one of three ways: temporal order, spatial location, or identity. After the last 
shape, there was a second 2-second delay (delay 2), after which subjects indicated whether the 
test sequence was a match or a mismatch to the sample sequence. The response was self-paced. 
The central fixation crosshair remained on screen for the duration of the task. Following eight 
practice trials, subjects completed 128 trials with a break every 16 trials. The four test conditions 
were evenly counterbalanced and presented in pseudo-randomized order with four trials per 
condition every 16 trials. For half of all trials, a star flashed for 100ms midway through both 
delays at randomly jittered times ranging from 1000-1150ms from the onset of the delay. The 
star trials were evenly counterbalanced across conditions and appeared on eight of every 16 
trials. The other half of trials were considered control trials and analyzed in this study. Behavioral 
data were collected using custom-built MATLAB (MathWorks Inc., Natick, MA) scripts with the 
Psychtoolbox-3 software extension.  
 

Behavioral accuracy rate (AR) was calculated per subject as the hit rate (i.e., proportion 
of match sequences that were correctly identified as match) minus false alarm rate (proportion of 
mismatched sequences that were incorrectly identified as match68. This procedure defines chance 
accuracy as zero and corrects for differences in trial counts between conditions as well as an 
individual’s tendency to respond match/mismatch. Response time (RT) was calculated per 
subject across all correct, no-star trials. 
 
Electrode placement and localization  
 

Platinum macroelectrodes (5-10-mm intercontact distance, 4-mm diameter) were 
surgically implanted for extra-operative sEEG recording based solely on the clinical needs of 
each patient. Three-dimensional electrode reconstructions were created by co-registering 
post-implantation planar x-ray images of the cortical surface with preoperative T1-weighted 
spoiled gradient-echo magnetic resonance (MR) images, as implemented in FieldTrip69.  
Electrodes were localized according to individual anatomy and transformed into standard MNI 
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space for visual representation across subjects (Figure 1B). Benke-Fried microelectrodes were 
included in the clinical implant for 10 of the subjects in this study. Each Benke-Fried electrode 
contained eight micro-wires attached to the deepest contact on the sEEG macroelectrode. 
Micro-wire electrodes were localized to the region of the sEEG contact to which they were 
attached.  
 
Data acquisition and preprocessing 
 

sEEG data were acquired using Nihon Kohden and Natus recording systems at a 
minimum sampling rate of 1kHz, and data sampled >1kHz were resampled to 1kHz offline. 
Raw electrophysiology data were bandpass filtered from 0.1-300 Hz using finite impulse 
response filters and 60-Hz line noise harmonics were removed using discrete Fourier Transform. 
Continuous study data were demeaned, epoched into 8.5-s trials (−1 s from the onset of the 
sample sequence to +1 s from the offset of delay 2), and manually inspected blind to electrode 
locations and experimental task parameters. Electrodes overlying seizure onset zones70 and 
electrodes and epochs displaying epileptiform activity or artifactual signal (from poor contact, 
machine noise, etc.) were excluded. The remaining electrodes were re-referenced to neighboring 
electrodes within the same anatomical structure using consistent conventions (i.e., deep – 
surface)34,59. A channel was discarded if it did not have an adjacent neighbor, its neighbor was in 
a different anatomical structure, or both it and its neighbor were in white matter. Bipolar 
montages were used to minimize contamination from volume conduction prior to analysis of 
functional connectivity71,72. Data were manually re-inspected to reject any trials with residual 
noise, and error trials were excluded34,59. 
 

Microwire data were acquired simultaneously with the sEEG data using Nihon Kohden 
recording systems at a sampling rate of 32kHz. If the macroelectrode that the microwires were 
attached to had been removed in the sEEG preprocessing pipeline, all eight microwire channels 
attached to the tip of that probe were excluded. The same trials that were removed in the sEEG 
data were also removed in the microwire data. The microwire data were separately bandpass 
filtered from 0.1-300 Hz for analysis of local field potentials (LFPs) and 300-3kHz for analysis 
of neuronal spikes, both described below. LFP data were re-referenced using a leave-one-out 
common average scheme. For each of eight target channels per probe, signals from the other 
seven channels were averaged and subtracted from the target channel.  
 

All results are based on analysis of non-pathologic, artifact-free electrodes in regions of 
interest (ROIs), ensuring that data represent healthy tissue73. On average, 53 (SD: 6) seizure- and 
artifact-free, correct trials were analyzed for each subject, with an average of 53 (SD: 5) trials 
analyzed in subjects with both sEEG and microwire data. Preprocessing routines utilized 
functions from the FieldTrip toolbox for MATLAB74. 
 
sEEG signal processing 
 
Power 
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We first subtracted the event-related potential (ERP) from each trial. We then zero-padded 
the data segments to 15 s and calculated the time-frequency spectrum. We extracted narrowband 
time series from 40 logarithmically spaced frequencies between 1 and 200 Hz using convolution 
of broadband data with complex Morlet wavelets34,59,75,  with standard deviations of 40 
logarithmically spaced values from 2 to 24 Hz. This effectively created bandpass filters with pass 
bands ranging from 2 to 24 Hz around the center frequencies. The resulting complex analytic 
signal was converted to power by taking the absolute value of the squared complex values. These 
power outputs were epoched -0.75 to 6.5 s from sample onset (with the offset of delay 2 at 6.5 s) 
and z-scored on null distributions using statistical bootstrapping. For each electrode and 
frequency, N random samples (N = number of trials in that subject’s dataset) were selected from 
the vectorized time series data across all trials and averaged. This process was repeated 1000 
times to create normal distributions. Raw power data were then z-scored on the bootstrapped 
distributions34,44,59–61.  
 
Oscillatory peak detection 
 

We used irregular-resampling auto-spectral analysis (IRASA) to separate true oscillatory 
components from the aperiodic 1/f slope, as implemented in FieldTrip62,69. Study data segments 
were epoched 0 to 3.25 s (sample sequence and delay 1) and 3.25 to 6 s (test sequence and delay 
2), zero-padded to the next power of 2, and analyzed from 1 to 50 Hz. The IRASA method 
compresses and expands the epoched data with non-integer resampling factors to redistribute 
oscillatory components while leaving the 1/f distribution intact. For each original and resampled 
data trace, the auto-spectrum was calculated using the fast Fourier transform76 after applying a 
Hanning window. The median was taken from the resampled auto-spectra to obtain the 1/f 
component for each electrode and subtracted from the original power spectrum to isolate 
oscillatory residuals62,69. Peak detection was performed on the oscillatory residuals within the 
theta range (1.5–9 Hz) using a minimum prominence threshold of 0.5, and a threshold of 4.5 Hz 
was used to distinguish slow from fast theta. When a single peak was detected, it was assigned to 
the appropriate sub-band based on its frequency. When two peaks were detected, the lower was 
assigned to slow theta and the higher to fast theta. When more than two peaks were detected 
within a sub-band, the peak with the greatest prominence was retained47. See Figure S2 for two 
examples of detected slow and fast theta peaks.   
 
Phase-amplitude coupling 
 

Phase-amplitude coupling (PAC) was measured using the mean vector length (MVL) 
between slow and fast theta phase, respectively, and high-frequency broadband (HFB) amplitude 
following removal of the ERP47,61. We used slow and fast theta peak frequencies for each 
channel, as determined by oscillatory peak detection. Narrowband theta time series were 
extracted using Morlet wavelets as described above for time-frequency power, with a standard 
deviation of 3 Hz. Phase angles were converted using MATLAB’s built-in angle function. To 
construct HFB timeseries, we used Morlet wavelet convolution at 40 linearly spaced frequencies 
between 75 and 145 Hz, with standard deviations increasing linearly from 10 to 20 Hz to create 
pass bands ranging from 10 to 20 Hz around the center frequency.  The resulting narrowband 
time series were first converted to power and z-score normalized within each frequency34. The 
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mean z-scored power was then taken across frequencies at each time point. We separately 
measured the phase at which peak HFB power occurred during delays 1 and 2 for both slow and 
fast theta phases on a per trial basis. This procedure yielded one slow and one fast theta phase 
angle per delay per trial. These angles were then used to compute the MVL across trials per 
delay.  
 

Null distributions of PAC were simulated using a permutation technique where we 
vectorized the phase angle data from all trials within each channel and subsequently circularly 
rotated the data around a randomly chosen time point from within the middle 80% of the 
timeseries. We recomputed the MVL on the circularly rotated data. We repeated this procedure 
1000 times to generate normal distributions. This procedure shuffles the timing of the amplitude 
envelope relative to the phase without altering the autocorrelation structure in either time series, 
thus eliminating differences in input data that could confound PAC77. 

 
Phase-locking value  
 

Theta phase synchrony between ROIs was measured using the phase-locking value 
(PLV)64 following removal of the ERP47,59,61. Slow and fast theta PLV were computed separately, 
using the same peak frequencies and phase angle extraction methods described above for 
PAC34,47,78. Instantaneous slow and fast phase angles were separately extracted from delays 1 and 
2 on a per trial basis, and PLV was calculated for each within-hemisphere interregional electrode 
pair. This method calculates the consistency in electrode-pair phase differences across timepoints 
per trial, yielding one slow and one fast theta PLV per delay per trial. Null distributions of PLV 
were simulated using the permutation technique described above for PAC61. This procedure 
shuffles the timing of the phase of one electrode without altering the original data and thus 
eliminates differences in input data that could confound PLV.  
 
Microwire signal processing 
 
Spike detection 
 

Neuronal spikes were detected as threshold crossings79 five standard deviations above or 
below the mean of the entire time series. Spikes that occurred within 16 time points of each other 
were not included, eliminating spikes that occur within 0.5 ms of each other due to limitations of 
effectively clustering spikes that close in time80. Spikes were removed if they occurred within 32 
timepoints (1 ms) of the beginning or end of the task recording due to the inability to capture the 
full waveform. For each waveform peak detected, 32 timepoints (1 ms) on either side of the 
detected peak were extracted as the spike waveform, from which waveform maxima were 
calculated. If a waveform had more than one threshold crossing, it was aligned to the first peak 
detected. We further excluded waveforms if the sign of the first derivative did not change from 
the first peak to the second peak because this would indicate noise in the extracted waveform.  
 
Spike sorting 
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Microwire channels with fewer than 400 detected waveforms across the entire duration of 
the task were excluded from further analyses due to the inability to generate template waveforms 
using clustering81. For channels with more than 50K waveforms, 50K were selected at random 
for runtime optimization and were later used to generate template waveforms. All remaining 
waveforms were used for spike sorting (i.e., 400-50K total waveforms per channel). Waveforms 
with a peak above zero were classified as up going waveforms and waveforms with a peak below 
zero were classified as down going.  A HAAR covariance matrix was created using four HAAR 
coefficients82,83. Up and down going waveforms were either clustered into noise or “real clusters” 
in HAAR space82,83 using DBScan, a density-based clustering algorithm with a dynamic epsilon 
selection, as implemented in MATLAB81,84. Clusters were then z-scored across time. To further 
remove outlying waveforms in each cluster that deviated from the rest of the waveforms on a 
cluster, we removed any waveform that deviated by a z-score of ±3 at any point in time and 
sorted it as noise. This procedure accounts for any misclustered waveforms. Mean waveforms 
were calculated by taking the average within each remaining real cluster and used for template 
matching.  
 

For template matching, each waveform detected on the channel was assigned to a new 
cluster by computing the Euclidean distance between each waveform on the channel and each 
template waveform. Waveforms were assigned to the template with the closest Euclidean 
distance. All waveforms assigned to the same template were then considered a cluster. We used 
the difference between the distance to the closest template and the distance to the second closest 
template as a measure of discriminability for each waveform79. Waveforms that were well sorted 
into a cluster would be very close to one template and far from even the second closest template, 
yielding high discriminability. We then found the inflection point of the density distribution of all 
waveforms for that cluster as a function of discriminability, and sorted all waveforms that had a 
discriminability index before the inflection point as noise. If there was more than 1 inflection 
point, the ratio of noise to real waveforms as determined by the DBScan clustering algorithm was 
assumed, and that same proportion of waveforms with the lowest discriminability index was 
sorted into noise. A final trim was done on each real cluster by excluding the most deviant 1% of 
waveforms in each cluster. Clusters with fewer than 100 waveforms after the final trimming were 
considered to have a firing rate too low for further analysis and excluded. All remaining clusters 
were then manually inspected to reject any with residual noise79. Single units were determined by 
the neuronal clusters output. 
 
Neuronal stimulus preference of sample sequence during delay 1 
 

For each unit, the average firing rate during the presentation of each stimulus and ISI 
(500ms total) was calculated across all trials. Stimulus preference was determined per unit as the 
stimulus with the maximal firing rate37. Units with no firing during stimulus presentation or equal 
firing for two or more stimuli were excluded from further analyses because they did not exhibit 
neuronal stimulus preference. Units included in further analyses were required to have a firing 
rate above an average of 0.5 Hz per trial, and a minimum of one spike during stimulus 
presentation and one spike during delay 1.  
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Phase coding by neuronal stimulus preference 
 

Neuronal phase coding was measured by assessing the consistency in phase across spike 
times for each unit exhibiting neuronal stimulus preference. Equivalent to the methods stated 
above for PAC and PLV, we used slow and fast theta peak frequencies for each microwire 
channel, as determined by oscillatory peak detection. Using the unit spike times detected for each 
neuron, we assessed the instantaneous slow theta phase at all unit spike times per trial during 
delay 1. We then grouped neurons by the stimulus preference determined by unit activity during 
the presentation of the sample sequence, and pooled all phases at spike times across neurons 
within each category for statistical assessment of phase uniformity40,85. P-values were FDR 
corrected for the 3 stimulus preference categories tested for a given condition in MATLAB using 
the mafdr function. In the case where there were only two stimulus preferences present in the 
neurons, p-values were FDR corrected for two categories.   
 
Statistical analyses 
 
Neurophysiology 
 

Changes in slow and fast theta frequencies from sample to test were assessed using paired 
Wilcoxon signed rank tests, as implemented in R86. MVL was assessed using unpaired 
Mann-Whitney U rank sum tests to compare the observed raw MVL values to the permuted 
(null) distributions separately for delay 1 (sample) and 2 (test). The same tests applied to MVL 
were applied to PLV. PLV data were averaged over trials to obtain one datapoint per channel, 
matching the format of MVL. Changes in MVL from sample to test were assessed using paired 
Wilcoxon signed rank tests and changes in the theta phase at peak HFB were assessed using the 
circular equivalent85. All p-values were FDR-corrected across the three ROIs, slow and fast theta 
frequencies, and sample and test conditions, correcting for a total of 12 comparisons. 
 
Brain-behavior relationships 
 

Relationships between MVL and AR were assessed using Spearman’s correlation, with 
AR as a repeated measure across channels, as implemented in R86,87. Correlations were computed 
separately for each region, frequency band, and condition. Relationships between MVL and RT 
were also assessed using Spearman’s correlation separately for each region, frequency band, and 
condition. RTs were averaged over trials to obtain one RT for each subject, matching the format 
of AR, and subsequently used as a repeated measure across channels. The same tests applied to 
MVL were applied to PLV, with PLV data averaged over trials and computed separately for each 
frequency band, condition, and region. All correlations were computed at the channel pair level, 
with behavioral measures treated as repeated across channel pairs within each subject. 95% 
confidence intervals for Spearman’s correlation were estimated using percentile bootstrapping 
with 1000 resampling iterations, as implemented R. All p-values were FDR-corrected for 12 
comparisons, corresponding to two frequency bands (slow and fast theta), two conditions 
(sample and test), and three regions (HC, AMY, and OFC or HC-AMY, HC-OFC, and 
AMY-OFC).  
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Phase coding  
 

Spikes from neurons were grouped by stimulus preference, as described above, and 
statistically tested for clustering by theta phase using Rayleigh’s test of uniformity85. P-values 
were FDR-corrected across the three stimulus preferences. We then tested for phase clustering 
differences between the three groups of neurons exhibiting stimulus preference using the circular 
Kruskal-Wallace test85.  
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