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Abstract 

Episodic memory depends on the coordination of local processing, indexed by 

high-frequency broadband (HFB) activity, with global organization, indexed by theta 

oscillations. However, theta and HFB exhibit asynchronous timing, raising the ques-

tion of how results of local processing are communicated. Using intracranial EEG in 

patients performing a recognition memory task, we examined this coordination across 

medial temporal (MTL) and prefrontal (PFC) regions. HFB peaks occurred earlier in 

the MTL than in the PFC. Contrasting analyses were anchored either to these inter-

nally driven HFB peaks or to the external event of stimulus presentation. We discov-

ered three key results. First, the role of the PFC changed from encoding to retrieval. 

Specifically, PFC-MTL theta connectivity was aligned with internal PFC peaks during 

encoding, suggesting top-down initiation. By contrast, this connection was aligned 

with external stimulus presentation during retrieval, suggesting  

bottom-up initiation. Second, the anterior cingulate cortex exhibited connectivity 

that was aligned to internal HFB peaks only, suggesting that its role is evaluative, 

devoid of direct stimulus processing. Third, graph theoretic analysis of whole-brain 

connectivity patterns revealed that the connections predicting successful memory 
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performance were embedded in transient, sparse network states. These results 

reveal that analyses triggered from internally-generated events yield different results 

when compared to classic analyses triggered using external events. The picture that 

emerges is a sequence of specific, short-lived, internally-generated states that drive 

episodic memory success.

Introduction

High-frequency EEG components reflect local processing [1–5], while low-frequency 
components support network organization and information flow [6]. The coordination 
of local and network-level signals is essential for complex processes like episodic 
memory, and both theta (2–8 Hz) and high-frequency broadband (HFB; 70–150 Hz) 
signals have been extensively studied during memory tasks [7–20]. Precisely how 
these signals interact during successful episodic memory in humans—especially in 
time—remains unclear.

Intracranial EEG (iEEG) studies show that HFB activity peaks at different times 
across brain regions during memory encoding, with latencies progressing along the 
ventral visual pathway to the medial temporal lobe (MTL) and later to association 
regions including the prefrontal cortex (PFC) [7–10,12]. PFC activity occurs earlier 
during retrieval [7,8,11]. These findings suggest that complex processing occurs 
through sequences of transient states [21–23]. By contrast, theta activity spans the 
brain shortly after stimulus onset [9,24], often out of sync with HFB activity  
[10,13–20]. This raises a central question: if theta reflects global organization but 
does not coincide with local HFB processing, how are results of local processing 
shared across the network?

The method of trial alignment may play a critical role in understanding this inter-
action. Peaks in HFB activity exhibit inter-trial variability [25], are brief [26–28], and 
resemble point processes similar to neuronal bursts [29,30]. If local processing is 
transient, then analyses of theta activity should use short temporal windows and con-
sider effects that are temporally aligned to both internally driven HFB peaks and tradi-
tional external variables such as stimulus onset. Trial-averaging long epochs aligned 
exclusively to external events may obscure important aspects of theta dynamics [23].

We hypothesized that aspects of network modulation in the theta band would be 
locked to internally-generated HFB peaks. Because the timing of HFB peaks exhibits 
high variability from one trial to another, traditional analyses are blind to theta mod-
ulation in response to these internal events. The key innovation of this study was to 
compare results based on aligning data to internal timing of local HFB peaks (HFB-
locked) to results based on aligning data to external timing of stimulus onset (image-
locked). We predicted that our approach would reveal different patterns of results 
as a function of time alignment, demonstrating the importance of both internal and 
external events during mnemonic processing. To test this, we analyzed iEEG data 
from epilepsy patients performing an established memory task [31–35], focusing on 
five regions of interest (ROIs): hippocampus (Hip), parahippocampal gyrus (PHG), 
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anterior cingulate cortex (ACC), dorsolateral prefrontal cortex (dlPFC), and polar prefrontal cortex (pPFC). We first con-
firmed that HFB peak latencies followed the previously described MTL-to-PFC temporal cascade [7,9,13]. We then exam-
ined how theta signal organization related to memory success, assessing both local phase clustering and between-region 
connectivity in both HFB-locked and image-locked analyses. Supporting our hypothesis, our results converge to suggest 
that sequences of transient, sparse, internally-generated network states drive episodic memory success.

Results

Thirty-six participants performed an image recognition memory task (Fig 1A) [31–35]. The age, sex, and memory perfor-
mance of participants did not vary by electrode coverage across five ROIs (S1 Table; Fig 1B). To relate signals at lower 
frequencies to peak HFB activity, channels were selected within ROIs that exhibited task-reactive increases in HFB 

Fig 1.  Task and channel coverage. A. Schematic of the behavioral task. During study blocks, participants made indoor/outdoor judgements while view-
ing images of natural scenes. During test blocks, participants made old/new judgements while viewing the same images of natural scenes intermixed 
with novel images. All scene images were taken by author Noa Ofen and are reproduced here with permission. B. Channel coverage combined across 
participants. i. Lateral view. ii. Face-on view. ACC and Hip ROIs are shown with 3D models for reference. C. Example channels demonstrating detection 
of reactive channels. Top panels display heatmaps with trials on the y axis, time relative to image onset on the x axis, and the HFB power indicated by 
color. Bottom panels display the mean HFB power across trials on the y axis and time on the x axis. Notice that in panel i, there is a response soon after 
image onset that exceeds the threshold of z > 2 for more than 50 continuous ms (black horizontal line marked by asterisk above panel). By contrast, in 
panel ii, the mean response does not exceed the z-score threshold. Example channels were drawn from within a single participant’s PHG, demonstrating 
within region heterogeneity. This panel can be regenerated using data contained in HFB_singleTrialmtl_sub_image.mat and code in Figure 1C_2A.m 
[112]. D. Summary of reactive and non-reactive channel counts across all ROIs. This panel can be regenerated using data contained in trialLatDat_
RTfix.csv and code in Figure1D_encRet.Rmd [112].

https://doi.org/10.1371/journal.pbio.3003481.g001

https://doi.org/10.1371/journal.pbio.3003481.g001
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activity (see Star methods; Fig 1C) [31,36–40]. The proportion of channels exhibiting reactivity varied between regions 
(χ

2
(4) = 19, p = .0009) (Fig 1D). All subsequent analyses utilized only channels identified as reactive.

Latency of HFB activity replicates known sequence

This analysis focused on the latency of HFB peaks. A parallel analysis of HFB power is presented in S1 Fig.
We calculated the latency of HFB peak activity between image onset and behavioral reaction time (RT) for each trial 

on each channel (Fig 2A–2C). Because peak latencies were detected between image onset and RT, they were biased to 
exhibit a relationship with RT (correlation between HFB peak latency and RT: r = .45, p < 2e – 16, t(40281) = 102). That 
is, if it is the case that local HFB peaks form a sequence of activity, then this sequence may sometimes occur at a faster 
or slower rate without altering the sequence. This possibility is consistent with the observed HFB peak latency and RT 
correlation. Critically, if this is the case, then the sequence is not fundamentally altered on faster versus slower trials. To 
adjust for this, we divided peak latencies by RTs and observed no relationship between normalized HFB peak latency and 
RT (r = –.008, p = .1, t(40281) = –1.6). Thus, the relative timing of HFB peaks did not vary significantly with behavior.

Linear mixed effects modeling of latency as a function of hit/miss by encode/retrieve by region revealed different 
temporal dynamics in different regions and as a function of mnemonic success during encoding versus retrieval (Fig 2D). 
Specifically, there were main effects of hit/miss (χ2(1) = 17, p = .00003), encode/retrieve (χ2(1) = 48, p = 4e – 12), and 
region (χ2(4) = 72, p = 8e – 15), and the interactions were significant between hit/miss and region (χ2(4) = 14, p = .007) 
and between encode/retrieve and region (χ2(4) = 47, p = 2e – 9).

Fig 2.  High-frequency broadband (HFB) peak latency timing changes with memory. A. In grey, four sequentially recorded examples of single- 
trial HFB traces are displayed from a single channel. In black, the same traces are displayed after application of a Gaussian smoothing kernel. The 
broken vertical red line indicates the behavioral RT of each trial. The dashed vertical black line indicates image onset. The green dots indicate the 
peak HFB activity on each trial. Note the lack of consistency in peak latency. This panel can be regenerated using data contained in HFB_single-
Trialmtl_sub_image.mat and code in Figure1C_2A.m [112]. B. The heatmap displays single-trial HFB time series from channels in the hippocampus 
during subsequent hit trials. Trials have been sorted by latency of the peak HFB power. White dots indicate the behavioral RT of each trial, which was 
a poor predictor of the latency of the HFB power peak. This panel can be regenerated using data contained in HFB_singleTrialmtl_sub_image.mat and 
code in Figure2B.m [112]. C. Each cumulative distribution plot displays the timing of the latency of peak HFB activity across all trials for subsequent hits 
(top left), subsequent misses (top right), retrieval hits (bottom left), and retrieval misses (bottom right). Each region’s trial distribution is shown with a 
different line. Because different numbers of trials were observed in different behavioral conditions and for different regions, trial is plotted as a percentile 
of trials on the y-axis. Because reaction times were variable between individuals and conditions, time is plotted on the x-axis as a proportion of time such 
that 0 is image onset and 1.0 is behavioral response. This panel can be regenerated using data contained in the HFB_singleTrial folder and code in 
Figure2C.m [112]. D. Each grouped scatter plot displays the mean time of peak HFB latency for each channel grouped by region. Time relative to image 
onset is displayed as a proportion on the y-axis. Error bars display the 83% confidence interval around model estimates [113,114]. For example, note 
that while the hippocampus (light blue) and parahippocampal gyrus (red) led the dlPFC and pPFC during successful encoding, these PFC regions were 
active simultaneously with the Hip during successful retrieval. This panel can be regenerated using data contained in trialLatDat_RTfix.csv and code in 
Latency_LME_modeling.Rmd [112].

https://doi.org/10.1371/journal.pbio.3003481.g002

https://doi.org/10.1371/journal.pbio.3003481.g002
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During successful encoding (hit trials), the PHG exhibited an HFB peak that occurred earlier than in all three PFC ROIs, 
with the pPFC latency occurring later than in all other ROIs. During failed encoding (miss trials), MTL ROIs were co-active 
with the ACC, which shifted earlier, and the dlPFC latency occurred later. HFB peaks in the ACC and PHG also exhibited 
mnemonic changes in power during encoding (S1C Fig).

During retrieval of studied scenes (hit trials), the PHG exhibited the earliest peak, and the other four ROIs exhibited 
latencies similar to each other. This pattern was similar for misses, although both the dlPFC and pPFC exhibited signifi-
cantly delayed latencies during miss trials relative to hits. Because it is possible that these timing effects were driven by 
individual differences between participants with coverage of different ROIs, we confirmed this analysis in several alternate 
ways (S2 Fig). These analyses yielded qualitatively similar results.

Taken together, these results replicate previous reports of the sequence of activity underlying episodic memory [7,9,13] 
and how it changes as a function of encoding/retrieval and memory success. Unlike the separation between MTL and 
PFC ROIs during successful encoding, HFB activity during hit retrieval trials still peaks first in the PHG, but then the Hip 
and PFC ROIs all exhibited similar peak latencies. When memory failed, these timing effects were altered.

Mnemonic differences in theta phase clustering depend on time alignment

It is well known that theta oscillations exhibit phase clustering temporally aligned to stimulus events [41–44], and we rea-
soned that HFB peaks would act similarly as temporal anchors for network organization. Just as stimulus information must 
be transmitted to the broader network through low-frequency mechanisms, so too must the results of local processing be 
transmitted onwards. We compared encoding and retrieval trials sorted by memory outcome (subsequent hit, subsequent 
miss, hit, miss) using theta phase clustering (inter-trial phase clustering [ITPC]; see Methods), a measure of the consis-
tency of oscillatory phase at a particular time point across trials. This analysis was performed twice for each ROI: HFB-
locked and image-locked. In this way, it was possible to compare how signals were organized relative to the internal event 
of peak local activity and relative to the external event of stimulus presentation. We focused on phase-based measure-
ments to capture the fine-grained temporal organization of low-frequency oscillations. A parallel analysis of low-frequency 
power is presented in S3 Fig.

In the HFB-locked analysis, phase clustering was stronger for subsequent hit and hit trials over subsequent miss and 
miss trials (Fig 3A). Specifically, we observed greater phase clustering for subsequent-hit compared to subsequent-miss 
trials across frequencies concentrated in the theta range in all five ROIs, as well as greater phase clustering for hit com-
pared to miss trials at retrieval in the PHG and dlPFC (all cluster-corrected p < .05). These results indicate that increased 
phase clustering time-locked to HFB peaks is an important organizing principle of signals associated with successful 
memory. For image-locked ITPC analyses, there appeared to be a gradient across ROIs such that the MTL ROIs exhibited 
strong phase clustering across 2 to 10 Hz between −75 and 825 ms that differed between (subsequent) hit and miss trials, 
while this effect became weaker in the ACC, yet weaker in the dlPFC, and non-existent in the pPFC (Fig 3B).

To quantify the relative strength of image- versus HFB-locked ITPC, we calculated a normalized IMG-HFB index score 
for each channel (see Methods; Fig 3C-E). This score could range from −1 to +1, where +1 indicated that phase cluster-
ing was much stronger for the HFB-locked over the image-locked analysis. When IMG-HFB scores were modeled as a 
function of hit/miss, encode/retrieve, and region, only the main effect of region was significant (χ2(4) = 31, p = 3e – 6). 
Visual inspection of Fig 3C revealed that the dlPFC and pPFC exhibited stronger HFB-locked phase clustering, whereas 
IMG-HFB scores in other regions were more balanced.

Taken together this analysis shows that the Hip participates more strongly in stimulus-driven mnemonic processing, 
exhibiting stronger hit/miss differences in phase clustering in the image-locked analysis. By contrast, processing in the 
dlPFC and pPFC appears to be organized around internal events. The PHG and ACC appear to participate in both. 
Interestingly, although the Hip and PHG exhibited strong phase clustering in both image- and HFB-locked analyses, 
these regions exhibited markedly higher phase angle consistency across channels in the HFB-locked analysis (compare 
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S4A–S4B Fig). This implies that network organization across channels was more consistent when data were aligned with 
HFB peaks than when data were aligned with image onset. These results support the idea that transient internal events 
are strong temporal anchors for network organization similar to external stimulus events, and the PFC is more strongly 
influenced by internal events while the MTL is more strongly influenced by external events.

Only in the Hip and ACC were significant clusters of ITPC differences between hit and miss trials non-continuous with 
2 Hz, the bottom end of our analysis range. This raised the possibility that significant differences in ITPC in other regions 
may have reflected singular deflections as opposed to sustained theta oscillatory alignment. However, at least three other 
aspects of the results suggest that true theta oscillatory modulation did occur at the time of HFB peaks. First, low- 
frequency (2–80 Hz) power spectra derived from HFB-locked data exhibited peaks that were higher than 2 Hz (S3A to 
S3C Fig; S1 Table). Second, many of the HFB-locked mnemonic differences in connectivity were at frequencies above 2 
Hz, which would be unexpected if there were simply a widespread singular deflection. Third, if ITPC effects were driven 
by broadband deflections in the EEG, then it would be expected that higher HFB power would be associated with higher 
ITPC strengths. In all cases HFB-locked ITPC was higher for hits over misses, yet HFB peak amplitude was higher for 
misses than for hits (S1B Fig).

Fig 3.  Patterns of mnemonic differences in phase clustering are dependent on time alignment. A. Heatmaps display the mean difference in 
z-scored ITPC between hit and miss trials. The x-axis displays time in milliseconds relative to HFB peak, and the y-axis displays frequency. Color indi-
cates the difference between (subsequent) hit and miss trials in units of z-scored ITPC. Encoding and retrieval data are plotted along the top and bottom 
rows, respectively. White outlines indicate statistical significance after permutation-based cluster correction. This panel can be regenerated using data 
contained in the TFphase_HFB folder and code in Figure3A_heatmapVersion.m [112]. B. Similar to A except the x-axis displays time in seconds relative 
to image onset. Note that the dlPFC and pPFC exhibited strong hit/miss phase clustering effects when analysis was locked to local HFB peaks (panel A), 
but phase clustering effects are weaker when analysis is locked to image onset. This panel can be regenerated using data contained in the TFphase_
image folder and code in Figure3B_supFigure4B.m [112]. C. Histograms display the IMG-HFB index for different regions collapsed across hit/miss and 
encode/retrieve trial types. Values at the extremes indicated that phase clustering was observed exclusively when data were analyzed relative to image 
onset (left) or HFB peak (right). Intermediate values (near the vertical dashed line) indicated that the two treatments of time yielded similar results. Note 
that the distribution of channels in the dlPFC and pPFC is strongly skewed to the HFB end of the axis. This panel can be regenerated using data D.con-
tained in HFB_IMG_index2.csv and code in HFB_IMG_index.Rmd lines 129–169 [112]. D. The same as panel C but with histograms representing hit 
and miss trials collapsed across region and encoding/retrieval. This panel can be regenerated using data contained in HFB_IMG_index2.csv and code 
in HFB_IMG_index.Rmd lines 172–207 [112]. E. The same as panel C but with histograms representing encoding and retrieval trials collapsed across 
region and hit/miss. The high channel count in the dlPFC leads to this region dominating the distribution shape in panels D and E, but the key observa-
tion is that IMG-HFB index values do not vary with hit/miss or encode/retrieve. This panel can be regenerated using data contained in HFB_IMG_index2.
csv and code in HFB_IMG_index.Rmd lines 213–252 [112].

https://doi.org/10.1371/journal.pbio.3003481.g003

https://doi.org/10.1371/journal.pbio.3003481.g003
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Mnemonic differences in theta connectivity depend on time alignment

We next asked two key connectivity questions. First, given that temporal patterns of HFB peaks and theta cluster-
ing changed between encoding and retrieval, would inter-regional connectivity also change in its timing between 
encoding and retrieval, particularly the long-distance connections between the PFC and MTL? Second, just as 
theta clustering effects were different when aligned to HFB peaks versus image onset, would inter-regional con-
nectivity also exhibit different patterns to internal versus external temporal alignment? To understand how connec-
tivity between ROIs at low frequencies varied as a function of memory, we compared connectivity (pairwise phase 
consistency [PPC]; see Methods) [45] at encoding and retrieval trials sorted by memory outcome independently 
for each pair of channels. As with phase clustering, this analysis was performed with both image- and HFB-locked 
data. This analysis was sensitive to the fine time scale organization of low-frequency networks because our mea-
sure of connectivity is based on the consistency of the phase offset between channels at a particular time point 
across trials.

Many pairwise connections differed (p < .05) after cluster correction for multiple comparisons across all time- 
frequency points that were tested (see Methods) based on memory outcome (hereafter termed mnemonic connec-
tions), but these were not evenly distributed across encoding/retrieval, frequency, time, region, or analysis approach. 
In general, there were more mnemonic connections during retrieval than during encoding, and 72% of all mnemonic 
connections were increases in connectivity for positive memory outcomes (subsequent hits, hits) over negative memory 
outcomes (subsequent misses, misses). We focus on these positive mnemonic connections; see S5 Fig for a schematic 
representation of negative mnemonic connections. To descriptively represent patterns in the time-frequency extent of 
significant clusters, we calculated the average proportion of time points with significant mnemonic differences across 
all connections for each frequency (Fig 4A and 4C), and for each time point (Fig 4B and 4D). Mnemonic connections 
were concentrated in frequencies below 10 Hz (Fig 4A and 4C), with encoding effects largely below 3.5 Hz and retrieval 
effects ranging up to 10 Hz. The timing of mnemonic connections varied between encoding and retrieval. Specifically, 
HFB-locked mnemonic connections occurred prior to HFB peaks during encoding, but were centered around HFB 
peaks during retrieval (Fig 4B). Image-locked mnemonic connections were most prevalent around image onset and 
late in the trial during encoding, but were observed across the entire trial during retrieval (Fig 4D). For visualization, 
mnemonic connections are indicated schematically in Fig 4E and 4F; time-frequency representations of connectivity are 
presented in S6-S9 Figs.

HFB-locked analysis of encoding revealed mnemonic connections between the Hip and PHG, dlPFC and PHG, and 
ACC and PHG (Fig 4E). For HFB-locked analysis of connectivity between any two ROIs, one ROI’s HFB peak had to be 
used for temporal alignment of both ROIs. For all pairwise connections, this analysis was repeated twice in order to use 
each ROI’s HFB peak for temporal alignment. Results often differed markedly depending on which ROI’s HFB peak was 
used. The ROI whose HFB peak was used for temporal alignment in the detection of significant mnemonic connections 
is represented by the color of the line connecting the ROI’s in Fig 4E. Consideration of which ROI’s HFB peak had been 
used to detect each mnemonic connection, combined with the timing of HFB peaks (see Fig 2D), suggested a dynamic 
sequence of connectivity patterns. Specifically, successful encoding was marked by connectivity within the MTL that 
spanned both ROI’s local HFB peaks, followed by connectivity between the PHG and dlPFC/ACC that preceded the HFB 
peaks in PFC ROIs. Analysis of retrieval revealed mnemonic connections between the MTL ROIs and all three PFC ROIs, 
but not within the MTL. Long-distance mnemonic connections between the MTL and PFC were associated with the timing 
of PFC HFB peaks during encoding and with the timing of MTL peaks during retrieval, suggesting a reversal of connectiv-
ity direction. This reversal highlights a shift from top-down, internally driven coordination during encoding to early,  
bottom-up signaling during retrieval. However, there were still mnemonic connections within the PFC locked to HFB peaks 
within the PFC (Figs 4E and S9), suggesting potential continued prefrontal processing after initial connectivity with the 
MTL during retrieval.
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Image-locked analysis of encoding revealed mnemonic connections between the Hip and dlPFC prior to image onset, 
within the MTL throughout the trial, and between the pPFC and dlPFC late in the trial (Fig 4F). Notably absent were 
connections between the MTL and PFC after image onset. Analysis of retrieval revealed a more extensive set of mne-
monic connections. In particular, connections between the PFC and MTL were observed throughout the trial. Interest-
ingly, mnemonic connections involving the ACC were absent in image-locked analyses, supporting the conclusion that 
the ACC’s role in memory is primarily internally coordinated and may not be fully detected by traditional stimulus-locked 
approaches..

Fig 4.  Patterns of connectivity were different depending on time alignment. In panels A-D, the Y axes display the proportion of the time-frequency 
space for all tested connections that exhibited a significant difference between hit and miss trials after permutation-based cluster correction. A. The 
x-axis displays frequency. B. The x-axis displays time relative to HFB peak. C. As A for image-locked analysis. D. The x-axis displays time relative to 
image onset. Panels A,B,C, and D can be regenerated using data contained in HFBConnections.mat and imageConnections.mat and code in Figure-
4ABCD.m [112]. E. The connection schematics display connections that were significantly increased for hit relative to miss trials for HFB-locked analysis. 
Line colors indicate the region whose HFB peak was used for temporal alignment. The rows display those connections that exhibited significance before 
(top), during (middle), and after (bottom) the HFB peak. The columns correspond to encoding (left) and retrieval (right). Dots represent color-coded 
region locations. The thickness of lines connecting dots represents the t-value of the difference between hit and miss trial connectivity. Connections 
between pairs of channels within a single ROI are represented with self-referencing loops. F. Line colors indicate the mean frequency of the significant 
difference between hit and miss trials. The connection schematics reflect mnemonic connections from the image-locked analysis. All other conventions 
are similar to E except that time is divided into peri-stimulus (top), mid-trial (middle), and late-trial (bottom) periods. Panels E and F can be regenerated 
using data contained in HFBConnections.mat and imageConnections.mat and code in Figure4EF.m [112]. For hit less than miss differences, see S7 Fig.

https://doi.org/10.1371/journal.pbio.3003481.g004

https://doi.org/10.1371/journal.pbio.3003481.g004
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Taken together, mnemonic connections between MTL and PFC ROIs were more prevalent during retrieval than encod-
ing. The MTL-PFC connections that were identified during encoding were aligned to the HFB peaks of PFC ROIs, sug-
gesting that these late connections may be recruited by local activity in the PFC. By contrast, mnemonic connections 
during retrieval were more likely to be aligned to the HFB peaks of MTL ROIs, or in the case of image-locked connections, 
persisted throughout the trial. These results, together with temporal alignment between Hip and PFC HFB peak latencies 
(see Fig 2D), suggest early integration between the MTL and PFC to facilitate retrieval. Finally, mnemonic connections 
involving the ACC were only detectable in the HFB-locked analysis for both encoding and retrieval.

Mnemonic increases in theta connectivity are contextualized by sparse network states

In both HFB- and image-locked analyses, we detected short periods of mnemonic modulation of connectivity. We next 
tested whether increases in connectivity between ROIs occurred in the context of globally elevated connectivity at these 
specific moments in time, similar to the findings reported by prior studies using longer analysis windows [46,47], or 
whether they reflected selective tuning. To address this issue, for each significant change in ROI-ROI connectivity, each 
participant’s full channel X channel connectivity matrix was extracted for the time and frequency ranges of the significant 
difference. This was done separately for different trial types (subsequent hit, subsequent miss, hit, miss). For example, in 
the HFB-locked analysis of retrieval, hit trials were characterized by a significant increase in connectivity between the Hip 
and ACC concentrated in low frequencies after the ACC HFB peak (S9 Fig). All six participants with electrodes in both of 
these regions exhibited this difference (S10A Fig).

The connectivity matrices averaged across significant time and frequency ranges for a single representative participant 
were binarized and plotted in MNI anatomical space for visualization (Fig 5A.i and 5A.ii). Although the time and frequency 
ranges used to extract these values were chosen because of greater hit-over-miss connectivity between ROIs, visual 
inspection suggested that the pattern of connectivity across all channels was one of greater connectivity during miss trials. 
By contrast, when connectivity values were extracted at the same frequencies but averaged across a larger time window 
(between 0 and 1.5 seconds after image onset [47]), there was little difference between the connectivity patterns observed 
for hit compared to miss trials (Fig 5A.iii and 5A.iv). Specifically, for all panels in Fig 5A, connectivity matrices were 
binarized for visualization. The binarization threshold in panels A.i and A.ii was PPC = .1. This yielded 374 suprathreshold 
connections for hit trials (Fig 5A.i) and 1,622 for miss trials, a more than 4-fold increase. For panels A.iii and A.iv, the bina-
rization threshold was adjusted to PPC = .0686. This yielded 374 suprathreshold connections for hit trials, matching the 
number observed in the short time window analysis. However, only 440 connections exhibited suprathreshold connectivity 
during miss trials, a much smaller increase than was observed in the short time window analysis. Thus, for this example 
participant, the transient increase in Hip-ACC connectivity observed during successful retrieval appears to have been spe-
cifically important for memory success as opposed to being a random sample from a network with high levels of connec-
tivity everywhere. The contrast of increased connectivity between ROIs with decreased connectivity across the brain may 
be a marker of increased network tuning to facilitate memory success.

To evaluate network tuning across all participants and all connections, graph theoretic analysis was applied to the 
channel X channel connectivity matrices for each participant at the time and frequency range of each significant change 
in connectivity detected between ROIs. Graph theory provides descriptive measures capable of quantifying the overall 
connectivity state of a network [48]. Each significant change in connectivity was characterized by a particular analysis 
timing (HFB-locked versus image-locked), time, frequency, region 1, and region 2. For statistical analysis, graph measures 
were combined across levels of time, frequency, and region 2. Graph measures were analyzed using linear mixed effects 
modeling as a function of memory outcome (subsequent hit/subsequent miss, or hit/miss) by region 1 by analysis timing. 
These analyses were repeated for encoding and retrieval separately. Thus, this analysis asked, what was the overall 
network state associated with mnemonic connections detected for each region and analysis timing separately? Three 
graph measures were calculated [48]. The characteristic path length is the average distance needed to traverse the graph 
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between any two channels. The weighted strength is the summed connectivity values across all channels paired with a 
single seed channel in region 1. The unweighted strength is the proportion of values greater than.1 across all channels 
paired with a single seed channel in region 1.

Across encoding and retrieval, there were main effects of memory outcome such that characteristic path length was 
longer and unweighted strength was lower during hit relative to miss trials (χ2(1) > 788,maximum p < 2e – 16) (Fig 5B). 
Although weighted strength was higher for hit than for miss trials (χ2(1) > 113, p < 2e – 16), the size of this effect was 
smaller than observed for the other two measures. These results echo the intuition gained from visual examination of Fig 
5A.i and 5A.ii. That is, when specific ROI-ROI connections increased during successful memory outcomes, the network 
became more specifically tuned, resulting in longer characteristic path lengths, and the proportion of connections exhibit-
ing high strength decreased (see S10 Fig for results separated by ROI).

Taken together, these results demonstrate that increased connectivity between ROIs in association with success-
ful memory was accompanied by decreased connectivity throughout the brain in general. Specific connectivity effects 
reflected transient and discrete temporal epochs, and this was true for both HFB- and image-locked connections. These 
results challenge prior work based on long, stimulus-locked temporal epochs in which broadly elevated connectivity during 
memory has been revealed, and instead support a model of transient, targeted coordination.

Fig 5.  Short periods of increased connectivity between ROIs are characterized by a sparse overall network state. A. Plots display binarized con-
nectivity graphs for a single participant between 2.6 and 6.6 Hz during retrieval. Blue dots indicate recording channels. Light blue surfaces indicate the 
location of the hippocampi for anatomical reference. Black stippling indicates the cortical surface. Black lines represent connections with suprathreshold 
connectivity strength (pairwise phase consistency). i and ii display connections averaged across the time window between −425 and −75 ms relative 
to the Hip HFB peak. The red line indicates a connection between the ACC and Hip, which was elevated during successful retrieval for all participants 
(S10A Fig). Panel i displays connections during hit trials. ii. displays connections during miss trials. The binarization threshold was .1. This yielded 374 
suprathreshold connections during hit trials and 1,622 during miss trials. iii and iv display similar connection graphs with connectivity values averaged 
across the time window between 0 and 1,500 ms relative to image onset. The binarization threshold was adjusted to .0686, which yielded 374 suprath-
reshold connections during hit trials—the same number as observed in the short time window analysis. However, unlike the short-time window analy-
sis, there was not a marked increase in suprathreshold connections during miss trials. Specifically, there were 440 suprathreshold connections during 
miss trials. This panel can be regenerated using data contained in hip_acc_ret_HFB_2_21.mat and code in Figure5A_supFigure10B.m [112]. B. Graph 
theoretic measures taken for all connectivity graphs calculated using the time-frequency parameters of significant hit v. miss clusters. Characteristic path 
length and unweighted node strength both indicated more connected graphs during miss trials than hit trials, extending the effects seen in A across all 
participants and all connections. Each point represents one combination of participant, analysis timing (HFB-locked vs. image-locked), time, frequency, 
region 1, and region 2. Plots displaying these data separated by region and analysis timing are presented in S10 Fig. This panel can be regenerated 
using data contained in graphDat.csv and code in graphMeasures.Rmd lines 336–432 [112].

https://doi.org/10.1371/journal.pbio.3003481.g005

https://doi.org/10.1371/journal.pbio.3003481.g005
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Phase clustering and connectivity within and between the MTL and dlPFC predict individual memory performance

Lastly, we conducted an exploratory analysis to correlate each of the 120 significant differences between trials classified 
based on memory outcome with individual memory performance (Fig 6). Specifically, for each participant, the mean mne-
monic difference (subsequent hit versus subsequent miss, or hit versus miss) was calculated across channels per ROI for 
each signal component at encoding or retrieval. These participant-level values were then correlated with individual mem-
ory performance (d’). To ensure that results were not driven by a single participant, correlations are only reported here 
if they were significant at the p < .05 level and maintained at p < .10 with the removal of any one participant. This explor-
atory analysis highlights findings that warrant further attention and interpretation but should be interpreted with caution, 
as our sample sizes were often not large enough for robust analyses of individual differences. During both encoding and 
retrieval, phase clustering in the Hip and dlPFC (see Fig 3A and 3B) and connectivity between the dlPFC and PHG (see 
Fig 4E and 4F) predicted individual memory performance. Intriguingly, whereas phase clustering in the dlPFC and connec-
tivity between dlPFC-PHG that predicted memory performance were locked to the HFB peak of the dlPFC during encod-
ing, they were locked to image onset during retrieval. This further emphasizes the late, internally-driven role of the dlPFC 
during encoding versus its earlier role during retrieval.

Together, these findings reveal that successful memory is supported by transient, selectively timed patterns of connec-
tivity in which temporal organization around both external and internal events is critical.

Fig 6.  Individual memory performance was predicted by a subset of iEEG signal components. All scatter plots display significant relationships 
between individual-level signal components and memory performance. The x-axis displays the difference between the value of the signal component on 
hit minus miss trials. The y-axis represents behavioral memory performance (d’). Points represent means across channels within each participant. Red 
triangles indicate participants whose removal would result in the p value rising from below .05 to between .05 and .10. Relationships for which removal 
of any single participant caused the p value to rise above .1 are not shown. The signal component displayed along the x-axis of each plot is indicated by 
its title. A.i Signal component aligned to image onset during encoding that predicted memory performance A.ii Signal components aligned to HFB peaks 
during encoding that predicted memory performance. This panel can be regenerated using data contained in allSig.csv and code in allSig.Rmd [112]. B. 
Signal components aligned to image onset during retrieval that predicted memory performance. Note that ITPC at image onset, dlPFC ITPC, and  
dlPFC-PHG connectivity were important at both encoding and retrieval. This panel can be regenerated using data contained in allSig.csv and code in 
allSig.Rmd lines 376–460 [112].

https://doi.org/10.1371/journal.pbio.3003481.g006

https://doi.org/10.1371/journal.pbio.3003481.g006
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Discussion

The present results reveal different sequences of transient states associated with successful memory during encoding 
versus retrieval across a distributed network of MTL and PFC regions (Fig 7). First, during encoding, PFC-MTL connectiv-
ity was absent in the image-locked analysis but present in the HFB-locked analysis, where it predicted individual memory 
performance. During retrieval, this same connection was aligned to stimulus onset, suggesting a shift from top-down, 
internally-driven to bottom-up, externally-driven coordination. Second, connectivity involving the ACC was only evident in 
the HFB-locked analysis, implying that the ACC contributes to internally coordinated processing rather than  
stimulus-driven responses. Third, graph-theoretic analysis revealed that, regardless of time alignment, transient increases 
in connectivity between ROIs with memory success were accompanied by a broad reduction in other connections across 
the brain—a result that challenges prior models based on long-duration connectivity analyses [46,47]. Together, these 
results emphasize the importance of transient internal events as temporal anchors in large-scale brain dynamics that are 
at least as important as external events.

We first replicated previous reports indicating that during memory encoding, HFB power peaks in MTL regions prior to 
PFC regions [9,10,12,13,49], and that there is earlier PFC involvement during successful compared to failed retrieval [7] 
(see Fig 2D). To better understand the sequence of brain states that accompanied these HFB peaks, all other analyses 
were performed twice: with time aligned to HFB peak latencies and with time aligned to image onset. This analysis was 
designed to address a seeming paradox in prior literature. Specifically, if theta connectivity is a primary signal of network 
organization during cognitive task performance, then why does it seem not to coincide with local processing reflected in 
HFB activity?

A key idea of our dual approach was that many aspects of brain activity are internally organized rather than directly 
responsive to external stimulus events [21,50]. Indeed, many effects were not detectable using a typical outside-in 
approach. This is not to say that analyzing data relative to internal brain events is superior. Five of the seven robust cor-
relations we identified between individual physiology and memory performance were found using metrics aligned to image 
onset (see Fig 6). Rather, the present results emphasize that the use of internal timing markers augments traditional anal-
ysis approaches to yield a fuller picture—particularly for events more distant from stimulus processing.

Fig 7.  Schematic representation of key findings. Across HFB-locked and image-locked analyses, interregional connections were sparse and 
transient, demonstrating a cascade of dynamic network states during the successful encoding and retrieval of visual scenes. Of note, during encoding, 
connections between the PFC and MTL were locked to the timing of HFB peaks in prefrontal regions. During encoding and retrieval, the ACC exhibited 
connections in HFB-locked analyses only, suggesting that the ACC plays a purely internally-driven role in mnemonic processing.

https://doi.org/10.1371/journal.pbio.3003481.g007

https://doi.org/10.1371/journal.pbio.3003481.g007
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Evidence for a transient view of neural dynamics

Three specific findings are worth emphasizing in our results. First, the role of the PFC was different during encoding 
versus retrieval. In both cases, the PFC exhibited stronger phase clustering in HFB-locked as opposed to image-locked 
analysis, suggesting attentional orientation to internal information during mnemonic processing in the PFC. These findings 
extend the observation that low-frequency phase clustering facilitates subsequent behavior through attentional orientation 
in declarative memory and other cognitive tasks [51–55]. Critically though, the focus of that internal attention appears to 
have been different. While connectivity between PFC and MTL regions occurred locked to the late HFB peaks of the PFC 
during encoding, connectivity between these regions occurred locked to the image onset and the early HFB peaks of the 
MTL during retrieval. These findings suggest that during encoding, the PFC played an internally driven, top-down role, 
directing activity in the MTL, but during retrieval, the PFC played a more externally driven, bottom-up role, receiving infor-
mation from the MTL. Critically, the long-distance connections observed during encoding would not have been detectable 
without HFB-locked analysis (see Fig 7).

Second, within the PFC, connections involving the ACC were only evident in HFB-locked analyses (see Fig 7). This 
result fits with rodent findings indicating this region as an important node in mnemonic processing [56–58], and supports 
the idea that the ACC plays a role in conflict resolution and evaluation, which is not directly tied to external processing. 
Again, this pattern of results would not have been detectable without HFB-locked analysis.

Third, timing is extremely important. Whether considering internally driven HFB-locked connectivity or externally driven 
image-locked connectivity, our graph-theoretic analysis demonstrated that patterns of connectivity important for both 
memory encoding and recognition are transient and sparse (see Fig 7). Specifically, we found that at the same time- 
frequency moments when connectivity was elevated between ROIs, it decreased across the brain. This sparsity is oppo-
site from the broad connectivity increase that has previously been associated with successful memory in prior studies 
using longer analysis windows [46,47]. These results suggest that successful mnemonic processing at both encoding 
and retrieval is supported by a series of short-lived, sparsely connected network states. Similarly, it has been shown that 
decreased between-network communication is associated with better behavioral performance [59]. This may indicate the 
ability to handle simple tasks, like the one studied here, with a modular (as opposed to integrated) network architecture 
[60]. More generally, the specific and sparse nature of connectivity revealed by this analysis emphasizes the importance 
of highly transient events. While we focused here on HFB peaks, the possibility arises that other transient events may be 
of interest.

Cognitive processes associated with transient states

The three results highlighted above serve to emphasize the general concepts of internally driven events shaping dynamic 
network states during complex cognition. However, it is also of interest to integrate the catalogue of 120 significant differ-
ences revealed across our analyses to speculate about episodic memory more specifically.

Mean HFB peak latencies occurred early after stimulus onset in both MTL regions. At this time, successful encoding 
was characterized by theta phase clustering in both regions and theta connectivity between these regions that was locked 
to their HFB peaks. These physiological effects may represent the transformation of perceptual information into an endur-
ing engram, a process for which the integrity of the MTL is critical and which may be indexed by HFB activity in these 
regions [29,61]. These mnemonic changes in the temporal organization of theta phase included the prediction of individ-
ual memory performance by Hip phase clustering (see Fig 6). Thus, the picture emerges of a Hip-led MTL theta network. 
Indeed, we and others [16,17,62–64] have also observed Hip theta power increases prior to stimulus onset during suc-
cessful encoding (see S3 Fig), emphasizing the early involvement of this structure.

Mean HFB peak latencies occurred late after stimulus onset in all regions of the PFC with the pPFC exhibiting the 
latest HFB peak. Locked to these HFB peaks, there were several signal components that increased during successful 
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encoding. These included theta phase clustering across all three regions, and connectivity between the dlPFC and PHG 
and between the ACC and PHG for subsequently remembered images. Taken together, these physiological effects may 
represent inhibition of the PHG by the PFC in order to protect the Hip from interference. Indeed, the PHG is known to act 
as an informational gate to the Hip, and the anatomical connectivity of the PFC to the PHG could facilitate its control over 
such a gating mechanism [65–69]. What’s more, at the time of the dlPFC’s HFB peak, low-frequency phase clustering and 
connectivity with the PHG both predicted individual memory performance (Fig 6), emphasizing the importance of these 
late effects for memory formation.

During successful retrieval, PFC regions were active earlier in the trial, as has been reported previously [7], and 
connectivity was increased relative to encoding, as has been reported in rodents [70]. Prior to image onset, successful 
retrieval was characterized by increased HFB and theta power in the dlPFC (S1 and S3 Figs). These mnemonic effects 
are not markedly different from those observed prior to image onset during encoding. These effects may index more 
domain-general processes like attentional or perceptual readiness rather than mnemonic processing itself [33].

Immediately after image onset, hit trials were characterized by a complex flurry of differences from miss trials that 
contrasted sharply with the equivalent period during encoding when effects had been limited to the MTL. Increased con-
nectivity was observed between the dlPFC and both MTL ROIs between −50ms and 200ms relative to image onset and 
concentrated between 2 and 3.5 Hz (see S8 Fig). This time period and frequency range overlapped with retrieval- 
associated phase clustering in both MTL ROIs and the dlPFC, and these effects predicted individual memory performance 
(see Fig 6; although dlPFC-Hip connectivity only yielded marginal significance r = .74; p = .06; n = 7). Thus, whereas suc-
cessful encoding was initiated by Hip theta signals, successful retrieval involved a more integrated MTL-PFC network.

Later, after image onset, successful retrieval was characterized by near-simultaneous HFB peak latencies in the Hip, 
ACC, dlPFC, and pPFC, which was in contrast to the temporal separation of these events observed during encoding. 
There were other notable differences in this time period from encoding. Whereas MTL-PFC connectivity during successful 
encoding was observed locked to the HFB peaks of the PFC regions, during successful retrieval, these connections were 
locked to the MTL’s HFB peaks. It may be that these connections underlie the active processing of memory retrieval itself 
and the transfer of this information from the Hip to the PFC. However, these connections did not correlate with individual 
memory performance (ps > .5). It could be that late effects reflect recollection and earlier effects reflect familiarity. It is 
known that the Hip participates in both of these processes [16,71,72], but that they have different behavioral and event- 
related potential time courses [73,74]. Specifically, familiarity is a feeling of knowing that a stimulus is old (e.g., recog-
nizing acquaintance from stranger), and recollection is the additional retrieval of source information (e.g., hearing the 
acquaintance’s name) [74,75]. Our recognition memory task did not require recollection per se, which may explain why 
effects observed during this stage of processing did not correlate with individual memory performance.

Relationship to ripples

Aligning analyses to HFB peaks is not dissimilar from the growing literature examining the role of ripples in cognitive 
processing [27,76–78]. Importantly, the term ripple should not be conflated with hippocampal sharp-wave ripple (SWR) 
complexes. Although averaging individual HFB peak events analyzed here yields grand average waveforms that appear 
similar to SWR events (S11 Fig), it is not clear what similarities and differences may exist in the source of the signals 
analyzed here and in SWRs. Recent work on more broadly defined ripple-frequency events similar to the HFB peaks 
analyzed here has demonstrated that HFB events can co-occur across multiple cortical areas at once, providing a possi-
ble mechanism for information integration [79–81]. Our work extends our understanding of these high-frequency events by 
showing how low-frequency coordination is impacted in sync with these high-frequency modulations. More work is needed 
to understand the functional roles of different transient HFB events and how they integrate with other signal components. 
Future work should assess the circuit mechanisms involved in producing different species of HFB events and how they 
interact with other aspects of network dynamics.
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Limitations and future directions

The present results should be interpreted with caution. First, it is likely that aspects of the brain dynamics reported here 
develop with age, or may vary with sex or other demographic characteristics. We chose to focus on an adolescent and 
early adult sample to balance maximization of sample size with minimization of developmental effects, yielding a tighter 
age distribution than many iEEG studies with similar n. Future research with larger sample sizes should examine how the 
mnemonic effects reported here may vary across the life span or as a function of sex or other demographic characteristics 
[82–84]. Second, we chose to focus on a set of brain regions that are known to be involved in memory processing. How-
ever, other regions certainly participate as well, and future research should examine how the brain regions examined here 
interact with others. Third, we did not analyze phase-amplitude coupling (PAC). Given the focus on discrete dynamics, we 
believe that focusing on phase clustering at particular time points of high HFB power captures the relationship between 
HFB and theta signaling effectively. PAC analyses either require long temporal windows encompassing multiple cycles of 
the low-frequency signal or, if done at the singular time point of HFB peak across trials would be equivalent to HFB-locked 
phase clustering presented here. Fourth, it is known that eye movements are associated with modulation of gamma activ-
ity during memory formation [85]. Although eye movements were not recorded in the present study, it would be of interest 
to examine how our results may be modulated by eye movements. Fifth, we defined a singular HFB peak per trial as the 
time point of maximum HFB power. Although this afforded us the greatest opportunity to study strong and meaningful 
physiological events, secondary peaks within trials may have represented physiologically meaningful events as well, and 
future research should work to establish criteria for event detection and categorization. Finally, with any iEEG study there 
is a balance between anatomical specificity and sample size. In our analysis we focused on relatively large ROIs, and 
our analysis was agnostic to hemisphere. Anatomical variability at finer scales and between hemispheres certainly exists 
and likely introduced extra variability into our analysis. Fine anatomical differences would have introduced variance and 
decreased our chances of observing statistical significance. Future studies will likely reveal further nuance with sample 
sizes sufficient to consider finer anatomical distinctions.

Conclusions

We identified a sequence of transient processing states that support recognition memory, characterized by coordinated 
changes in theta phase clustering, low-frequency connectivity, and HFB activity. These mnemonic states were sparsely 
distributed in time and space, and their detection depended critically on aligning analyses to both internal (HFB peaks) 
and external (stimulus onset) temporal anchors. Critically, many of our findings could not have been revealed using tradi-
tional stimulus-aligned analyses. Thus, our results emphasize the importance of internally-driven brain events as temporal 
anchors for complex network dynamics. This work reframes how local activity and global coordination jointly support mem-
ory through brief windows of targeted communication embedded within ongoing neural dynamics.

Star methods

Experimental model and study participant details

Participants were 36 adolescents and adults (22 males; 13–28 years of age; M ± SD, 19.0 ± 4.7 years) undergoing intracra-
nial monitoring as part of clinical management of seizures. We did not have access to participants’ ancestry, race, eth-
nicity, or socioeconomic status. Demographic and behavioral data are provided in S1 Table. Subjects were selected from 
a larger pool based on non-pathologic sampling of regions of interest (ROIs; i.e., electrodes localized to the Hip, PHG, 
ACC, dlPFC, and/or pPFC and outside seizure onset zones [86]), age greater than 13 years, and memory accuracy above 
chance (see below). There is partial overlap in subjects between this study and earlier studies using the same memory 
task [31–35]. Subjects were recruited from Northwestern Memorial Hospital (IRB #STU00215843), the Ann & Robert H. 
Lurie Children’s Hospital of Chicago (IRB #2022-5020), the Children’s Hospital of Michigan (IRB #048404MP2E), the 
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University of California, San Diego Rady Children’s Hospital and the University of California, Irvine Medical Center (IRB 
#2014-1522), the University of California, Davis Medical Center (IRB #1623773-1), Nationwide Children’s Hospital (IRB 
#2020N0022), California Pacific Medical Center (IRB #666687-17), and St. Louis Children’s Hospital (IRB #201102222). 
Written informed consent was obtained from subjects aged 18 years and older and from the guardians of all subjects 
younger than 18 years; written assent was obtained from subjects aged 13–17 years. All consent procedures were per-
formed in accordance with the Declaration of Helsinki.

Method details

Behavioral task.  Subjects performed a scene recognition memory task (Fig 1A) that has been used extensively 
to delineate the functional architecture of memory development with fMRI and iEEG [31–35,82,87–91]. Subjects 
studied sets of 40 indoor and outdoor scenes, each shown for 3 s following a 0.5-s fixation interval. Stimuli were 
full-color pictures of natural scenes, half of high complexity and half of low complexity, characterized based on 
the number of object categories (over/under four) depicted [32,92]. During the encoding phase, subjects were 
instructed to indicate verbally whether each studied item depicted an indoor or an outdoor scene. Responses 
were coded as correct or incorrect via offline review of individual audio recordings. A fixation cross remained on 
screen until a response was provided, if none was provided during the 3-s scene presentation epoch. Per-trial 
RTs were automatically calculated by subtracting scene onset times from verbal response onset times. Analysis 
of electrophysiological data was restricted to trials in which scenes were correctly classified as indoor/outdoor, 
indicating the scenes were properly attended during the study block [31–35]. In addition, only trials with RTs below 
3 seconds were considered.

The memory recognition test included all 40 scenes presented during the encoding block, intermixed in a randomized 
order with 20 new scenes. Following a 0.5-s fixation pretrial interval, each scene remained on screen until a response 
was given. Subjects verbalized an old/new judgment for each scene, which was coded as a hit (correct old), miss (new 
response to an old scene), correct rejection (CR; correct new), or false alarm (FA; old response to a new scene) via offline 
review of individual audio recordings. RTs were automatically calculated by subtracting scene onset times from verbal 
response onset times, and trials were excluded if no response was given.

This procedure was repeated twice, yielding total trial counts of 80 encoding trials, 80 retrieval trials with old images, 
and 40 retrieval trials with new images. All subjects completed a short practice run and at least one full encoding-test run. 
Recognition accuracy was calculated as hit rate minus false alarm rate [31–35]. Only subjects with recognition accuracy 
greater than 0 were included in the present analysis.

The present analysis focuses on subsequent hit, subsequent miss, hit, and miss trials.
Electrode placement and localization.  Macro-electrodes were surgically implanted for extra-operative recording 

based solely on the clinical needs of each patient. Electrodes were placed subdurally in 4- to 8-channel strips and 2–8 
by 8 channel grids with 10-mm spacing (i.e., ECoG) or stereotactically in 8- to 18-channel tracks with 5- or 10-mm 
spacing (i.e., sEEG). Anatomical locations were determined by co-registering post-implantation computed tomography 
(CT) coordinates to pre-operative magnetic resonance (MR) images, as implemented in FieldTrip [93]. Electrodes were 
localized in native space based on visual inspection of individual anatomy. For group-level visualization, electrode 
locations were transformed into standard MNI space.

Data acquisition and preprocessing.  EEG data were acquired using Nihon Kohden systems, sampled between 0.5 
and 5 kHz, and Natus systems, sampled between 0.512 and 2.048 kHz. The BCI2000 software was used to acquire and 
store data in a subset of subjects. Raw EEG data were filtered with 0.1-Hz high-pass and 300-Hz low-pass finite impulse 
response filters, and 60-Hz line noise harmonics were removed using discrete Fourier transform. Continuous data were 
demeaned, epoched into 4.5-s trials (−1 to +3.5 s from scene onset), and manually inspected blind to electrode locations 
and experimental task parameters. Electrodes overlying seizure onset zones [86] and electrodes and epochs displaying 



PLOS Biology | https://doi.org/10.1371/journal.pbio.3003481  November 25, 2025 17 / 30

epileptiform activity or artifactual signal (from poor contact, machine noise, etc.) were excluded, ensuring that the data 
analyzed would represent healthy tissue [94]. Neighboring artifact-free electrodes within the same anatomical structure 
were then bipolar referenced using consistent conventions (ECoG: anterior–posterior, sEEG: deep–surface) to form virtual 
channels anatomically located halfway between the two contributing electrodes [40,95,96]. An electrode 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 referencing was used to minimize contamination from volume conduction [97]. Data were then 
manually re-inspected to reject any trials with remaining noise. Functions from the FieldTrip toolbox for MATLAB were 
used for preprocessing routines [98].

Electrode selection by regions of interest.  Bipolar channels were selected for analysis in the present study if they 
fell into one of five ROIs: pPFC, dlPFC, ACC, PHG, or Hip. The pPFC was defined as Broadman’s area 10. The dlPFC 
was defined as the posterior two-thirds of the superior and lateral surface areas of the superior frontal gyrus, the posterior 
two-thirds of the middle frontal gyrus. And the posterior one-third of the inferior frontal gyrus. The ACC was defined 
as Broadman’s areas 32, 33, and 25, as well as the anterior half of area 24. The PHG was defined as the combined 
perirhinal, entorhinal, and parahippocampal cortices [99]. The Hip was defined as the entire volume of the dentate gyrus, 
fields of cornu ammonis, and subiculum. Across subjects, there were 35 channels in the pPFC, 247 in the dlPFC, 44 in the 
ACC, 79 in the PHG, and 40 in the Hip.

Quantification and statistical analysis

Signal processing analysis approach.  Although the analysis presented here focuses on five ROIs, key signal 
components were extracted for all recorded channels. This approach facilitated graph theoretical analysis (described 
below), but was computationally intensive, requiring parallelization of analysis code for computation on a high-power 
cluster (HPC). Coding principles to facilitate this analysis approach have been described previously [100]. Briefly, each 
participant’s data were divided into a set of individual channel files. Signal processing was then performed on these 
individual channel files in parallel, and inferential statistics were performed on ROI groups of channel files after signal 
processing was complete. Key signal processing steps described in the remainder of this sub-section were all executed in 
the function singleChanPipeline. All signal components were down-sampled after extraction to a sampling rate of 40 Hz to 
reduce file sizes and computation time.

HFB time series were extracted. Data were narrowband filtered using the Fieldtrip [98] function ft_specest_mtmconvol 
between 70 and 150 Hz using ‘dpss’ (i.e., multitaper analysis [101]) for the taper argument and padding equal to the next 
power of two divided by the sample rate. Filtered data were converted into power time series by absolute valuing and 
squaring. The mean was taken across tapers. Power time series were z-scored within frequency based on the mean and 
standard deviation of a pre-stimulus baseline period of −450 to −50 ms relative to image onset using a bootstrap proce-
dure implemented in myChanZscore and described previously [32,33,38,40,95,96]. Finally, a single HFB time series was 
obtained by taking the mean across frequency of the z-scored power time series. See functions getHFB, myChanZscore, 
and getChanMultiTF for more details.

Only channels whose HFB time series exhibited evidence of task reactivity were included in inferential statistics and 
plots. Each channel was deemed reactive if its mean HFB time series across trials exceeded z = 1.96 for any continuous 
50 ms period between −50 ms and 2,000 ms relative to image onset or −1,500 ms and 500 ms relative to the behavioral 
response [102]. Reactivity was assessed at both encoding and retrieval. Channels that were reactive for any one period 
were used in all analyses. Reactivity was calculated with data aggregated across all trial types. See functions checkFor-
Threshold_100 and reactiveTest_100 for details.

The latency of peak HFB activity was calculated for each trial. Each trial was smoothed with a 275-ms Gaussian kernel 
convolved with the HFB time series. The latency of the peak of the smoothed data between image onset and the behav-
ioral response was extracted. See function gausLat for details.
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Morlet Wavelet convolution in the frequency domain was used to extract narrowband complex time series at 100 loga-
rithmically spaced frequencies between 2 and 80 with corresponding standard deviations ranging from 3 to 10 [103]. For 
each frequency, the resulting analytic signal was converted into a phase time series using the MATLAB function angle and 
a power time series using absolute value and squaring. Power time series were z-scored within frequency in the same 
way as HFB time series. See functions getChanTrialTF and myChanZscore for details. Inter-trial phase clustering (ITPC) 
was calculated using the phase time series at the time of inferential statistics [103].

Pairwise phase consistency (PPC) [45] was extracted between all pairs of channels for all trial types across 20 logarith-
mically spaced frequencies between 2 and 25 Hz. These connectivity metrics were calculated across trials for each time 
point, with trials aligned in time to the onset of the image. In addition, these metrics were also calculated across trials for 
each time point with trials aligned to the HFB peak latency. Because HFB latency was different for different channels, the 
HFB latency-aligned connectivity analysis was non-symmetric between regions. For example, connectivity was calculated 
between the Hip and PHG using time aligned to the peak of the HFB in the Hip, and it was also calculated using time 
aligned to the peak of the HFB in the PHG. Calculation of PPC was done using custom code. Different trial types were 
analyzed separately. See function getChanISPC for details.

HFB-locked and image-locked temporal alignment.  Inferential statistics were done in two ways for all signal 
components. HFB-locked analyses used the latency of the HFB peak in each trial as t = 0, and data points surrounding 
the HFB peak were extracted for analysis + /-500ms around this time point for each trial. Image-locked analyses used the 
latency of the image onset on the computer screen as t = 0 and data points surrounding the image onset were extracted 
for analysis −450–3,000 ms for each trial.

Within-ROI inferential statistics.  Within-ROI hit/miss differences were examined independently for each ROI and for 
encoding/retrieval using a standardized method across all signal components and both HFB-locked and image-locked 
temporal alignments. Specifically, this method was used for HFB power, low-frequency power, low-frequency phase reset 
(ITPC), and PPC data. Inferential analysis focused on measuring differences between (subsequent) hit versus miss trials. 
Linear mixed-effects (LME) models were applied independently to model different signal components and for encoding 
and retrieval data. For all analyses hit/miss was a fixed effect and channel and subject ID were random effects [104,105].

Because signal components varied across both time and frequency, LME models were applied at every time and 
frequency point independently. To correct for multiple comparisons, cluster-based permutation testing was applied 
[106,107]. Specifically, the channel mean for (subsequent) hit and miss trials was calculated for each measure at each 
time-frequency point. Next, the hit and miss identity of each channel’s observed values was shuffled within channel and 
the model was refit. This process was repeated 2,500 times. The function cluster_test was used to evaluate significance 
of the observed model output versus the permutation outputs [106]. Specific functions to generate the permutations and 
fit the LME models were written for each signal component separately: HFBsingleTrialPipeline.m, connectivityPipeline.m, 
TFphaseTrialpipeline.m, TFsingleTrialpipeline.m.

HFB latency between ROI inferential statistics.  HFB latency values for all individual trials along with subject ID, 
channel ID, encoding/retrieval, hit/miss, and behavioral RT were aggregated and exported from MATLAB for modeling 
in R using the Tidyverse for general data handling [108], and the lme4 package for modeling [109]. HFB latency was 
modeled as a function of the fixed effects of hit/miss * encoding/retrieval * region with subject ID and channel ID used as 
random effects (Fig 2D). Holm-corrected pairwise contrasts were evaluated to aid interpretation of significant effects in the 
model using the R function emmeans [110].

A major challenge with this analysis was that different participants contributed channels from different ROIs. Thus, it 
was difficult to know if differences in the relative timing of HFB latency between ROIs were due to differences in regional 
brain function or differences between individual subjects. To mitigate this confound, this analysis was carried out in 3 
ways. First, a bias-corrected measure of HFB latency was modeled (main text). Specifically, HFB latency was divided by 
RT to provide a measure that ranged from 0 to 1 and accounted for individual differences in RT. Second, the raw HFB 
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latency was modeled (S2A Fig). Third, a subset of trials with matched RTs was selected and these were used for modeling 
(S2B Fig). Fourth, in the matched subset of trials HFB latency was divided by RT and these bias-corrected values of the 
matched trials were used for modeling (S2C Fig). The Anova function in R was used to extract chi-squared and p values 
from these models using Type II Wald tests. The emmeans function with holm adjustment for multiple comparisons was 
used to perform pairwise contrasts between regions within different trial types and also between different trial types within 
region.

As an additional check, for pairwise sets of ROIs, the single-trial HFB latencies were compared in simultaneously 
recorded pairs of channels (S2D Fig). Histograms were plotted of the relative HFB latency for these within-subject com-
parisons. In addition, ROI label was shuffled to generate a null distribution. The difference between these distributions was 
evaluated with KS-test. A key question was whether the directionality of these within-subject comparisons would corrobo-
rate the results of the omnibus between-subject analyses described in the previous paragraph. All analyses in this section 
were executed in Latency_LME_modeling.Rmd.

HFB-locked power spectrum between ROI inferential statistics.  Visual inspection of time-frequency plots centered 
on HFB peaks indicated that power increases were highly concentrated at the time point of the peak itself (S3A and S3B 
Fig), and so instantaneous estimates of the power spectra at this time point were examined alone (S3C Fig). Differences 
in the power spectra observed were explored using the lmer function in R. Power was modeled as a function of frequency 
(2–80 Hz; modeled with 8 splines) * region * encoding/retrieval with subject ID and channel ID used as random effects. 
The ANOVA function in R was used to extract chi-squared and p values from these models using Type II Wald tests. 
These analyses are implemented in GAM_analysis_HFB_spectra.Rmd.

Because frequency was a continuous variable and was modeled non-linearly, it was not straightforward to extract 
post-hoc contrasts to explain significant effects in the full model. Instead, we took a descriptive approach. We rea-
soned that if peak frequencies in the power spectra varied between ROIs and conditions, then these differences in 
power likely contributed to the effects in the full model. To do this, a low spectral peak was identified for each ROI 
during encoding and retrieval by identifying the frequency at which power was maximal between 2 and 20 Hz. A 
medium spectral peak was identified by searching for a second peak above the low peak and below 34 Hz. The pres-
ence of a medium spectral peak was defined to exist when the maximum power value higher than the first trough after 
the low peak and below 34 Hz was a higher value than the power at either of the endpoints of this range. The key idea 
is that any differences in the shape of the power spectra will drive differences in the omnibus model. Thus, the partic-
ular choice of descriptive methodology does not influence whether or not power values varied as a function of fre-
quency, region, or encoding/retrieval. The point is simply to describe how the shape of the power spectrum changed 
across conditions.

Contrasting ITPC between image and HFB locked analyses (IMG-HFB index).  An IMG-HFB index was used to 
quantify the relative strength of ITPC differences in HFB-locked versus image-locked analyses (Fig 3C–3E). To do this, 
for each region the frequency of maximal difference in HFB-locked ITPC between hit and miss trials was chosen for 
examination. The Raleigh’s Z magnitude of ITPC at this target frequency in HFB-locked data for hit and miss trials was 
extracted for each channel. A new frequency was chosen similarly for image-locked data. This resulted in one ITPC value 
for each of four conditions for every channel: HFB-locked hits, HFB-locked misses, image-locked hits, and image-locked 
misses. Corresponding HFB and image-locked values were used to create an index score for each channel and trial type 
reflecting the relative strength of ITPC values across the two time alignment methods:

	 IMG – HFB index = (ITPCHFB – ITPCimage ) / (ITPCHFB + ITPCimage)	

This index could take on values between −1 and +1 where −1 indicated that image-locked ITPC was much stronger 
than HFB-locked ITPC. It turned out that for 40% of trial types, both time-alignments had the exact same frequency of 
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maximal ITPC difference between hit and miss trials. For 84% of trial types, the two time-alignments yielded frequencies 
of maximal ITPC difference that were within 2 Hz of each other.

IMG-HFB index values were modeled using linear mixed effects modeling as a function of region, hit/miss, and encod-
ing/retrieval. This analysis followed the same approach as the latency analysis described above and was executed in 
HFB_IMG_index.Rmd.

Visualization of connectivity results.  To aid interpretation, ROIs were plotted schematically as dots, and connections 
that significantly increased in strength during hit trials over miss trials were plotted as lines connecting ROIs (Fig 4E and 
4F). Heatmaps displaying granular time-frequency plots of PPC for individual connections are available in S6–S9 Figs; 
see S5 Fig for equivalent figures displaying significant negative connectivity differences. These schematic connectivity 
plots were generated for HFB-locked (Fig 4E) and image-locked (Fig 4F) analyses separately, and connections were 
further grouped by time periods and encoding versus retrieval.

Graph theoretic analysis.  Every significant difference between two ROIs in PPC between hit and miss trials was 
termed a mnemonic connection. The mean time and frequency of the significant difference was extracted. Using this 
time and frequency point, the full channel X channel connectivity matrix was extracted for every participant with channels 
in both ROIs of the mnemonic connection under consideration. These full channel X channel matrices included many 
channels outside ROIs, but the goal of this analysis was to understand the whole-brain network state at the moments 
of mnemonic connections. Channel X channel matrices were extracted for hit and miss trials independently. Mnemonic 
connections were assessed for encoding and retrieval separately.

Next, three graph theoretic measures were calculated for each channel X channel matrix using functions from the Brain 
Connectivity Toolbox [48]. Weighted graph analysis treats each channel as a node and PPC values as the strength of the 
connecting edges of the network. Unweighted graph analysis is similar but requires that connections be binarized into 
values of either 0, indicating no connection along a possible edge, or 1, indicating a connection along a possible edge. 
When necessary, channel X channel connectivity matrices were binarized with a threshold of PPC > .1 =< 1; PPC < .1 => 0, 
but the choice of threshold did not qualitatively affect results.

Analysis focused on three measures. The weighted characteristic path length was calculated using the BCT functions 
charpath and distance_wei and described the average distance of paths between any two nodes in the network. The 
weighted strength was calculated using the BCT function strengths_und and was simply the sum of PPC values observed 
for each channel. The unweighted strength was calculated as the average proportion of edges with PPC > .1 for each 
channel. Strength values were averaged over channels to obtain a single estimate for the full network.

Although channel coverage varied over participants, it is important to note that our main findings from this analysis 
focused on hit/miss differences rather than on the absolute value of graph measures (Fig 5). The LME approach models 
independent random intercepts for each participant, which accounts for the biasing difference of channel coverage, allow-
ing for valid inferences about fixed effects of hit/miss. By contrast, regional differences in these measures must be inter-
preted with caution as different participants contributed observations from different regions. As such, regional differences 
are presented in the supplement only (S10 Fig).

LME modeling of graph measures followed a similar approach as presented above for HFB latency and each graph 
measure was modeled as a function of region * hit/miss * encode/retrieve in graphMeasures.Rmd.

These were weighted characteristic path length, unweighted strength, and weighted strength. Weighted characteristic 
path length uses the PPC values as edge strengths signifying.

These channel X channel connectivity matrices were extracted and graph measures combined for statistical analysis in 
connectionGraph.m and finalGraphDatCombine.m. LME modeling was done in graphMeasures.Rmd.

Correlations with memory performance.  For every significant difference between hit and miss trials across all signal 
components, individual memory performance (measured using d’ [111]) was compared with individual differences between 
hit and miss trials. To do this, the significant cluster of time and frequency points for each hit miss difference was used as 
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a mask to select the relevant time-frequency extent of the difference. For each participant, this mask was used to select 
data points from the mean hit signal and from the mean miss signal. Next, a difference score between hit and miss trials 
was calculated across the selected data points and the mean difference was calculated. When a participant had more 
than one channel that contributed to a significant difference, the mean hit/miss difference was calculated across channels 
for that participant. In this way, each participant contributed a single memory performance value and a single hit/miss 
signal difference value. Because of differences in channel coverage, the n associated with each signal component and 
regional difference varied. These values were extracted using the script publicationFigures.m and exported for analysis in 
R using the script allSig.Rmd.

Next, individual hit/miss signal differences and memory performance values were correlated with each other. For all 
significant correlations (p < .05), a leave-one-out procedure was performed. For this procedure, each participant was left 
out one at a time, and the correlation was recalculated. Only those correlations that were significant in the full group at 
the 0.05 level and that maintained significance at the 0.10 level after removal of any one participant are reported in Fig 6. 
Given that n was often small and that correlation values can vary dramatically with single data points when n is small, this 
procedure ensured that none of the reported correlations were reliant on a single participant.

This analysis was exploratory and its goal was not to establish causal relationships between physiological measures 
and memory performance. Rather, the goal of this analysis was to aid interpretation by providing an additional statistical 
check beyond the rigorous LME and cluster permutation testing to which each hit/miss difference had already been sub-
jected. In this way, from the large number of significant effects discovered and reported here, it was possible to highlight 
significant differences of particular promise for interpretation and future investigation.

Supporting information

S1 Fig.  HFB power changes aligned to image onset and HFB peak. A. Each line plot displays the mean time series of 
the HFB response across channels within different regions. For all panels, the x-axis displays time relative to image onset, 
and the y-axis displays HFB power in z-scored units. Encoding and retrieval data are plotted along the top and bottom 
rows, respectively. Orange and blue lines are the average time series of (subsequent) hit and miss trials, respectively. 
Vertical gray shaded regions indicate p < .05 for the difference between hit and miss after cluster correction. Successful 
encoding was associated with elevated HFB activity prior to image presentation in the dlPFC, and ~500 ms after image 
presentation and after the indoor/outdoor behavioral response in the pPFC. Successful retrieval was associated with 
elevated HFB activity prior to image presentation in the dlPFC, but lower HFB activity for failed memory late in the trial in 
both the dlPFC and pPFC. The PHG exhibited effects during both encoding and retrieval, but these were much later and 
smaller in magnitude than the visual response. Colored shaded regions indicate the standard error of the mean. Colored 
vertical dashed lines indicate mean reaction times for hit trials (blue) and miss trials (orange). This panel can be regen-
erated using data contained in the HFB_image folder and code in SupFigure1A.m [112]. B. Each grouped scatter plot 
displays the mean power of HFB peak for each channel grouped by region. Mean z-scored HFB power at the time of the 
HFB peak is displayed on the y-axis. Error bars display the 83% confidence interval around model estimates [113,114]. 
Linear mixed effects modeling of these data revealed main effects of encode/retrieve (χ2(1) = 188, p < 2e – 16) and hit/
miss (χ2(1) = 11, p = .0008), and all four interaction terms: hit/miss by encode/retrieve (χ2(1) = 6, = .016), hit/miss by 
region (χ2(1) = 11, p = .02), encode/retrieve by region (χ2(1) = 14, p = .007), and hit/miss by encode/retrieve by region 
(χ

2
(4) = 20, p = .0005). Holm-corrected pairwise contrasts revealed that in the PHG, Hip, dlPFC, and pPFC, the peak 

HFB power was higher during retrieval than encoding. Mnemonic effects were evident in the ACC and PHG, with higher 
peak power during failed encoding than during successful encoding. This panel can be regenerated using data contained 
in trialLatDat_RTfix.csv and code in Latency_LME_modeling.Rmd lines 957–1,069 [112]. C. Mean HFB power time series 
using the same conventions as in A except with time centered around the latency of the HFB peak. Both panels display 
data from the encoding phase of the experiment, with ACC data displayed on top and PHG data below. Note that although 

http://journals.plos.org/plosbiology/article/asset?unique&id=info:doi/10.1371/journal.pbio.3003481.s001
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the image-locked mean HFB activity in the ACC appeared flat (panel A), its peak activity was no smaller than in any other 
region. This panel can be regenerated using data contained in the HFB_hfb folder and code in SupFigure1C.m [112].
(PDF)

S2 Fig.  Timing of HFB peak latency can be measured in several ways, but all reinforce the same general inter-
pretation. A. Each grouped scatter plot displays the mean time of peak HFB latency for each channel grouped by region. 
Time relative to image onset is displayed in milliseconds on the y-axis. Error bars display the 83% confidence interval 
around model estimates [113,114]. B. Similar to A except a subset of trials was selected such that reaction time was 
matched at the individual trial level. C. Similar to B, except that a subset of trials was selected, such that reaction time 
was matched at the individual trial level, and normalized time was used. D. The asynchrony of HFB latency within trial is 
displayed for pairs of channels recorded simultaneously within individual participants. The four groups of figures represent 
the behavioral conditions indicated by the large font labels in the left and top margins. The x-axis shows the difference in 
timing of the HFB peak observed on single trials at pairs of simultaneously recorded channels. Positive values correspond 
to the brain region indicated at the top of the column that had an earlier HFB peak latency. Negative values correspond 
to the brain region indicated at the side of the column that had an earlier HFB peak latency. The y-axis shows the propor-
tion of trials observed to have a given peak latency asynchrony. The color of the line represents the brain region with the 
earlier latency (as judged by proportion of trials). The dashed line shows the latency asynchronies observed when region 
identity is shuffled prior to calculating latency asynchrony. The percent of trials where the row region was the leader is 
indicated in the upper left of each plot. The percent of trials where the column region was the leader is indicated in the 
upper right. Note, these values do not sum to 100% because ties were discounted. The pairwise contrasts observed here 
recapitulate the order observed in Fig 2D of the main text. All panels can be regenerated using data contained in trialLat-
Dat_RTfix.csv and code in Latency_LME_modeling.Rmd lines 736–824 (A), 833–921 (B), 615–727 (C), and 139–319 (D) 
[112].
(PDF)

S3 Fig.  TF power differences between hit and miss trials across encoding and retrieval. A. heatmaps display 
frequency in Hertz on the y axis and time in milliseconds relative to HFB peak on the x axis. Color indicates power 
z-scored within frequency. The top row reflects data collected during subsequent hit trials. The bottom row reflects data 
collected during subsequent miss trials. B. Similar to A except for retrieval. C. To facilitate comparison between hit and 
miss trials, line plots display power spectra at the time point of the HFB peak. For all panels, the x-axis displays fre-
quency, and the y-axis displays power in z-scored units. Encoding and retrieval data are plotted along the top and bot-
tom rows, respectively. Orange and blue lines are the average spectra of (subsequent) hit and miss trials, respectively. 
Vertical gray shaded regions indicate p < .05 for the difference between hit and miss spectra after cluster correction. 
Colored shaded regions indicate the standard error of the mean. Successful encoding elicited greater power in the Hip 
between 2.0 and 2.9 Hz. Failed retrieval elicited greater power in the PHG between 4.4 and 15 Hz. Although other ROIs 
did not exhibit hit/miss differences, power spectra nevertheless appeared different across regions and between encoding 
and retrieval. These differences were explored using linear mixed effects modeling of power as a function of frequency 
(2–80 Hz; modeled with 8 splines), region, and encoding/retrieval. All interactions between fixed effects were significant 
(χ2(4 – 32) > 66,maximum p < 2e – 10). Several factors may explain these interactions. First, an interaction between 
frequency and region may have been driven by regional variations in the frequency of maximum power in the lower range 
(2–20 Hz; S1 Table). Second, an interaction between encode/retrieve and region may have been driven by higher power 
in the Hip during retrieval than during encoding. Third, a three-way interaction may have been driven by secondary power 
increases between 24 and 32 Hz in the Hip, ACC, and dlPFC during retrieval (S1 Table). These results emphasize that 
HFB peaks constituted physiological events, and not statistically extreme values. These panels can be regenerated using 
data contained in the TF_HFB folder and code in SupFigure3ABC.m [112]. D. Similar to A, except time on the x-axis is 

http://journals.plos.org/plosbiology/article/asset?unique&id=info:doi/10.1371/journal.pbio.3003481.s002
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represented in seconds relative to the image onset. E. Similar to D, except for retrieval. F. Heatmaps display the mean 
difference in z-scored power between hit and miss trials. For all panels, the x-axis displays time relative to image onset, 
and the y-axis displays frequency. White outlined areas indicate p < .05 for the difference between hit and miss power after 
cluster correction. In the Hip and dlPFC, there were positive subsequent memory effects in 2–10 Hz power just before 
and during image onset (−450–100 ms). In the PHG, there was a negative memory effect in 2–10 Hz later after image 
onset at both encoding (550–1,550 ms) and retrieval (925–1,450 ms). These decreases partially overlapped with the visual 
response observed in the PHG’s HFB power (S1A Fig). Finally, the pPFC exhibited a late (1,225–2,775 ms) positive sub-
sequent memory effect during encoding across 2–10 Hz. At retrieval, the pPFC exhibited a much earlier (−100–600 ms) 
positive memory effect and a later (950–1,975 ms) negative memory effect. These panels can be regenerated using data 
contained in the TF_image folder and code in SupFigure3DEF.m [112].
(PDF)

S4 Fig.  Distributions of phase preference of phase clustering within channels. A. Histograms display the proportion 
of channels on the y axis and the phase of either the 3 Hz (left columns) or 6.5 Hz (right columns) component of the sig-
nal. For each channel, the mean circular phase was calculated across trials at the time point of the HFB peak for hit (blue) 
and miss (orange) trials separately. The superimposed sin wave on each plot indicates which phase values correspond to 
the peak, trough, or intermediate positions in the oscillation. The dashed-dotted lines indicate uniform distribution. The top 
row of each panel displays encoding data. The bottom row displays retrieval data. Each panel displays data for a different 
region. Notice that the Hip exhibited a preference for HFB activity to occur at the trough of the 3 Hz oscillation during suc-
cessful memory trials at both encoding and retrieval, but the PHG exhibited a preference for the peak. This panel can be 
regenerated using data contained in the TFphase_HFB folder and code in Figure3A_supFigure4A.m [112]. B. Similar to A, 
but mean phase was measured at the time point of maximal ITPC relative to image onset. Notice that phase preferences 
evident in MTL regions in C appear weaker when measured relative to image onset. This panel can be regenerated using 
data contained in the TFphase_image folder and code in Figure3B_supFigure4B.m [112].
(PDF)

S5 Fig.  Negative mnemonic connections. Plots A and B correspond to main text Fig 4E and 4F, respectively. However, 
while the schematics in Fig 4E and 4F display only connections that exhibited increased strength for hit trials, this figure 
displays only connections that exhibited decreased connectivity strength for hit trials relative to miss trials. Note that far 
fewer of these negative connections were detected than the positive connections shown in Fig 4. These panels can be 
regenerated using data contained in HFBConnections.mat and imageConnections.mat and code in Figure4EF.m [112].
(PDF)

S6 Fig.  Inter-regional connectivity changes associated with memory during encoding. Analysis aligned to image 
onset. In all panels, subplots have time relative to image onset (t = 0) on the X-axis and frequency on the Y-axis. The 
color scale indicates the strength of connectivity between the regions indicated by the row and column of the subplot. A. 
Connectivity during subsequent hit trials using pairwise phase consistency. B. Connectivity during subsequent miss trials 
measpured using pairwise phase consistency. C. The difference between hit and miss trials. Warm colors indicate stron-
ger connectivity during hit trials. Color scale represents t-values. White outlines indicate cluster-corrected significant differ-
ences between hit and miss trials. These panels can be regenerated using data contained in the connectionDat folder and 
code in SupFigure6_7_8_9_10A.m [112].
(PDF)

S7 Fig.  Inter-regional connectivity changes associated with memory during encoding. Analysis aligned to HFB 
peak of the region indicated by the row position of each subplot. In all panels, subplots have time relative to HFB peak 
(t = 0) on the X-axis and frequency on the Y-axis. The color scale indicates the strength of connectivity between the 

http://journals.plos.org/plosbiology/article/asset?unique&id=info:doi/10.1371/journal.pbio.3003481.s004
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http://journals.plos.org/plosbiology/article/asset?unique&id=info:doi/10.1371/journal.pbio.3003481.s006
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regions indicated by the row and column of the subplot. A. Connectivity during subsequent hit trials measured using 
pairwise phase consistency. B. Connectivity during subsequent miss trials measured using pairwise phase consistency. C. 
The difference between hit and miss trials. Warm colors indicate stronger connectivity during hit trials. Color scale rep-
resents t-values. White outlines indicate cluster-corrected significant differences between hit and miss trials. These panels 
can be regenerated using data contained in the connectionDat folder and code in SupFigure6_7_8_9_10A.m [112].
(PDF)

S8 Fig.  Inter-regional connectivity changes associated with memory during retrieval. Analysis aligned to image 
onset. In all panels, subplots have time relative to image onset (t = 0) on the X-axis and frequency on the Y-axis. The color 
scale indicates the strength of connectivity between the regions indicated by the row and column of the subplot. A. Con-
nectivity during hit trials measured using pairwise phase consistency. B. Connectivity during miss trials measured using 
pairwise phase consistency. C. The difference between hit and miss trials. Warm colors indicate stronger connectivity 
during hit trials. Color scale represents t-values. White outlines indicate cluster-corrected significant differences between 
hit and miss trials. These panels can be regenerated using data contained in the connectionDat folder and code in Sup-
Figure6_7_8_9_10A.m [112].
(PDF)

S9 Fig.  Inter-regional connectivity changes associated with memory during retrieval. Analysis aligned to HFB peak 
of the region indicated by the row position of each subplot. In all panels, subplots have time relative to HFB peak (t = 0) on 
the X-axis and frequency on the Y-axis. The color scale indicates the strength of connectivity between the regions indi-
cated by the row and column of the subplot. A. Connectivity during hit trials measured using pairwise phase consistency. 
B. Connectivity during miss trials measured using pairwise phase consistency. C. The difference between hit and miss 
trials. Warm colors indicate stronger connectivity during hit trials. Color scale represents t-values. White outlines indicate 
cluster-corrected significant differences between hit and miss trials. These panels can be regenerated using data con-
tained in the connectionDat folder and code in SupFigure6_7_8_9_10A.m [112].
(PDF)

S10 Fig.  Additional graph analysis results. A. Box plot display connectivity between the ACC and Hip for all channel 
pairs that spanned the two regions (open blue circles) and participants (red circles) averaged across the same time and 
frequency windows as in Fig 5A.i and 5A.ii. Note that although miss trials were characterized by more densely connected 
overall graphs (Fig 5A.ii), connectivity between the ACC and Hip was weaker during miss trials for all participants. This 
panel can be regenerated using data contained in the connectionDat folder and code in SupFigure6_7_8_9_10A.m [112]. 
B. The histogram displays the strength of all connections for the representative participant shown in Fig 5A averaged 
across the long temporal epoch (corresponding to Fig 5A.iii and 5A.iv). Note that with lower variance in the hit distri-
bution, a higher central tendency in the hit distribution, and similar representation at very strong connectivity strengths 
between hit and miss trials (see inset), a z-scored analysis would replicate prior findings of stronger connectivity for hit 
trials [47]. Overall, for this example participant, 52% of all possible connections exhibited greater connectivity values 
for successful encoding over failed encoding, and the corresponding value was 54% for retrieval trails. It is interest-
ing that overall connectivity was stronger during hit trials when examined over the longer temporal window. This panel 
can be regenerated using data contained in hip_acc_ret_HFB_2_21.mat and code in Figure5A_supFigure10B.m [112]. 
C. Same as in Fig 5B but with data sorted by whether significant connections were detected in HFB-aligned or image-
aligned analyses. There was a modest effect such that graphs exhibited more connectivity for HFB-locked analyses 
than image-locked: shorter characteristic path length, increased weighted strength, and increased unweighted strength; 
χ2(1) > 12,maximum p < .0005. This panel can be regenerated using data contained in graphDat.csv and code in graph-
Measures.Rmd lines 434–530 [112]. D. Boxplots display results of graph analysis for each region and timeset combination 
separately during encoding. Top, middle, and bottom panels display characteristic path length, weighted node strength, 
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and unweighted node strength respectively. The colors of dots represent the region of each connection partner. Asterisks 
indicate significant (p < .0001) holm-corrected comparisons between HFB-aligned and image-aligned values within region. 
Notice that Hip and pPFC graphs are more connected when aligned to HFB peaks during successful encoding. This is 
true for the pPFC during failed encoding as well. This panel can be regenerated using data contained in graphDat.csv and 
code in graphMeasures.Rmd lines 111–328 [112]. E. Similar to D except for retrieval. This panel can be regenerated using 
data contained in graphDat.csv and code in graphMeasures.Rmd lines 111–328 [112].
(PDF)

S11 Fig.  Example HFB peaks do not look like sharp wave ripples, but their mean does. A-D Line plots display 
individual HFB peak events. The raw timeseries is displayed in black and the timeseries bandpass filtered to between 70 
and 150 Hz is displayed in purple. Panel ii displays a zoomed in time scale relative to panel i. Time is displayed on the x 
axis relative to the time point of HFB peak detection. The y axis displays the electrical potential measured in microvolts. All 
randomly chosen events are from hippocampal channels. Each event is recorded in a different participant. E. The line plot 
displays the mean of the raw hippocampal encoding timeseries aligned to the nearest trough of the HFB signal relative to 
the peak of the HFB power for hit and miss trials separately. Notice that although no individual events bear visual resem-
blance to classical sharp wave ripples, these mean events do. These panels can be regenerated using data contained in 
TF_hip_sub_HFB.mat and code in supFigure11.m [112].
(PDF)

S1 Table.  Participant demographics and key statistics. 
(PDF)

Acknowledgments

We thank the participants who volunteered their time and all of the clinical staff who helped facilitate data collection. This 
research was supported in part by the computational resources and staff contributions provided for the Quest high- 
performance computing facility at Northwestern University, which is jointly supported by the Office of the Provost, the 
Office for Research, and Northwestern University Information Technology.

Declaration of Generative AI and AI-assisted Technologies: chatGPT was used for first draft code writing in many 
instances. However, no code was used without careful evaluation and editing by the first author.

Author contributions

Conceptualization: Adam J.O. Dede, Noa Ofen, Elizabeth L. Johnson.

Data curation: Samantha M. Gray, Qin Yin, Parisa Vahidi, Noa Ofen, Elizabeth L. Johnson.

Formal analysis: Adam J.O. Dede, Zachariah R. Cross.

Funding acquisition: Robert T. Knight, Noa Ofen, Elizabeth L. Johnson.

Investigation: Adam J.O. Dede, Zachariah R. Cross, Samantha M. Gray, Qin Yin, Elizabeth L Johnson.

Methodology: Adam J.O. Dede, Noa Ofen, Elizabeth L. Johnson.

Project administration: Elizabeth L. Johnson.

Resources: Eishi Asano, Stephan U. Schuele, Joshua M. Rosenow, Joyce Y. Wu, Sandi K. Lam, Jeffrey S. Raskin, Jack 
J. Lin, Olivia Kim McManus, Shifteh Sattar, Ammar Shaikhouni, David King-Stephens, Peter B. Weber, Kenneth D. 
Laxer, Peter Brunner, Jarod L. Roland, Ignacio Saez, Fady Girgis.

Software: Adam J.O. Dede, Joseph P. Kelly.

Supervision: Noa Ofen, Elizabeth L. Johnson.

http://journals.plos.org/plosbiology/article/asset?unique&id=info:doi/10.1371/journal.pbio.3003481.s011
http://journals.plos.org/plosbiology/article/asset?unique&id=info:doi/10.1371/journal.pbio.3003481.s012


PLOS Biology | https://doi.org/10.1371/journal.pbio.3003481  November 25, 2025 26 / 30

Visualization: Adam J.O. Dede.

Writing – original draft: Adam J.O. Dede.

Writing – review & editing: Adam J.O. Dede, Joseph P. Kelly, Elizabeth L. Johnson.

References
	 1.	 Watson BO, Ding M, Buzsáki G. Temporal coupling of field potentials and action potentials in the neocortex. Eur J Neurosci. 2018;48(7):2482–97. 

https://doi.org/10.1111/ejn.13807 PMID: 29250852

	 2.	 Nir Y, Fisch L, Mukamel R, Gelbard-Sagiv H, Arieli A, Fried I, et al. Coupling between neuronal firing rate, gamma LFP, and BOLD fMRI is related to 
interneuronal correlations. Curr Biol. 2007;17(15):1275–85. https://doi.org/10.1016/j.cub.2007.06.066 PMID: 17686438

	 3.	 Leszczyński M, Barczak A, Kajikawa Y, Ulbert I, Falchier AY, Tal I, et al. Dissociation of broadband high-frequency activity and neuronal firing in the 
neocortex. Sci Adv. 2020;6(33):eabb0977. https://doi.org/10.1126/sciadv.abb0977 PMID: 32851172

	 4.	 Ray S, Crone NE, Niebur E, Franaszczuk PJ, Hsiao SS. Neural correlates of high-gamma oscillations (60-200 Hz) in macaque local field potentials 
and their potential implications in electrocorticography. J Neurosci. 2008;28(45):11526–36.

	 5.	 Rich EL, Wallis JD. Spatiotemporal dynamics of information encoding revealed in orbitofrontal high-gamma. Nat Commun. 2017;8(1):1139. https://
doi.org/10.1038/s41467-017-01253-5 PMID: 29074960

	 6.	 Nyhus E, Curran T. Functional role of gamma and theta oscillations in episodic memory. Neurosci Biobehav Rev. 2010;34(7):1023–35. https://doi.
org/10.1016/j.neubiorev.2009.12.014 PMID: 20060015

	 7.	 Burke JF, Sharan AD, Sperling MR, Ramayya AG, Evans JJ, Healey MK. Theta and high-frequency activity mark spontaneous recall of episodic 
memories. J Neurosci. 2014;34(34):11355–65.

	 8.	 Kucewicz MT, Cimbalnik J, Matsumoto JY, Brinkmann BH, Bower MR, Vasoli V. High frequency oscillations are associated with cognitive process-
ing in human recognition memory. Brain. 2014;137(8):2231–44.

	 9.	 Marks VS, Saboo KV, Topçu Ç, Lech M, Thayib TP, Nejedly P. Independent dynamics of low, intermediate, and high frequency spectral intracranial 
EEG activities during human memory formation. Neuroimage. 2021;245:118637.

	10.	 Greenberg JA, Burke JF, Haque R, Kahana MJ, Zaghloul KA. Decreases in theta and increases in high frequency activity underlie associative 
memory encoding. Neuroimage. 2015;114.

	11.	 Kragel JE, Ezzyat Y, Sperling MR, Gorniak R, Worrell GA, Berry BM, et al. Similar patterns of neural activity predict memory function during encod-
ing and retrieval. Neuroimage. 2017;155:60–71. https://doi.org/10.1016/j.neuroimage.2017.03.042 PMID: 28377210

	12.	 Kucewicz MT, Saboo K, Berry BM, Kremen V, Miller LR, Khadjevand F. Human verbal memory encoding is hierarchically distributed in a continuous 
processing stream. eNeuro. 2019;6(1).

	13.	 Burke JF, Long NM, Zaghloul KA, Sharan AD, Sperling MR, Kahana MJ. Human intracranial high-frequency activity maps episodic memory forma-
tion in space and time. Neuroimage. 2014;85 Pt 2(0 2):834–43. https://doi.org/10.1016/j.neuroimage.2013.06.067 PMID: 23827329

	14.	 Crone NE, Miglioretti DL, Gordon B, Sieracki JM, Wilson MT, Uematsu S, et al. Functional mapping of human sensorimotor cortex with electro-
corticographic spectral analysis. I. Alpha and beta event-related desynchronization. Brain. 1998;121 ( Pt 12):2271–99. https://doi.org/10.1093/
brain/121.12.2271 PMID: 9874480

	15.	 Rudoler JH, Herweg NA, Kahana MJ. Hippocampal theta and episodic memory. J Neurosci. 2023;43(4):613–20.

	16.	 Merkow MB, Burke JF, Stein JM, Kahana MJ. Prestimulus theta in the human hippocampus predicts subsequent recognition but not recall. Hippo-
campus. 2014;24(12):1562–9. https://doi.org/10.1002/hipo.22335 PMID: 25074395

	17.	 Fell J, Ludowig E, Staresina BP, Wagner T, Kranz T, Elger CE. Medial temporal theta/alpha power enhancement precedes successful memory 
encoding: evidence based on intracranial EEG. J Neurosci. 2011;31(14):5392–7.

	18.	 Lin J-J, Rugg MD, Das S, Stein J, Rizzuto DS, Kahana MJ, et al. Theta band power increases in the posterior hippocampus predict successful 
episodic memory encoding in humans. Hippocampus. 2017;27(10):1040–53. https://doi.org/10.1002/hipo.22751 PMID: 28608960

	19.	 Long NM, Burke JF, Kahana MJ. Subsequent memory effect in intracranial and scalp EEG. Neuroimage. 2014;84:488–94.

	20.	 Lega BC, Jacobs J, Kahana M. Human hippocampal theta oscillations and the formation of episodic memories. Hippocampus. 2012;22(4):748–61. 
https://doi.org/10.1002/hipo.20937 PMID: 21538660

	21.	 Stokes M, Spaak E. The Importance of Single-Trial Analyses in Cognitive Neuroscience. Trends Cogn Sci. 2016;20(7):483–6. https://doi.
org/10.1016/j.tics.2016.05.008 PMID: 27237797

	22.	 Lundqvist M, Rose J, Herman P, Brincat SL, Buschman TJ, Miller EK. Gamma and beta bursts underlie working memory. Neuron. 
2016;90(1):152–64.

	23.	 Tal I, Neymotin S, Bickel S, Lakatos P, Schroeder CE. Oscillatory bursting as a mechanism for temporal coupling and information coding. Front 
Comput Neurosci. 2020;14:82.

https://doi.org/10.1111/ejn.13807
http://www.ncbi.nlm.nih.gov/pubmed/29250852
https://doi.org/10.1016/j.cub.2007.06.066
http://www.ncbi.nlm.nih.gov/pubmed/17686438
https://doi.org/10.1126/sciadv.abb0977
http://www.ncbi.nlm.nih.gov/pubmed/32851172
https://doi.org/10.1038/s41467-017-01253-5
https://doi.org/10.1038/s41467-017-01253-5
http://www.ncbi.nlm.nih.gov/pubmed/29074960
https://doi.org/10.1016/j.neubiorev.2009.12.014
https://doi.org/10.1016/j.neubiorev.2009.12.014
http://www.ncbi.nlm.nih.gov/pubmed/20060015
https://doi.org/10.1016/j.neuroimage.2017.03.042
http://www.ncbi.nlm.nih.gov/pubmed/28377210
https://doi.org/10.1016/j.neuroimage.2013.06.067
http://www.ncbi.nlm.nih.gov/pubmed/23827329
https://doi.org/10.1093/brain/121.12.2271
https://doi.org/10.1093/brain/121.12.2271
http://www.ncbi.nlm.nih.gov/pubmed/9874480
https://doi.org/10.1002/hipo.22335
http://www.ncbi.nlm.nih.gov/pubmed/25074395
https://doi.org/10.1002/hipo.22751
http://www.ncbi.nlm.nih.gov/pubmed/28608960
https://doi.org/10.1002/hipo.20937
http://www.ncbi.nlm.nih.gov/pubmed/21538660
https://doi.org/10.1016/j.tics.2016.05.008
https://doi.org/10.1016/j.tics.2016.05.008
http://www.ncbi.nlm.nih.gov/pubmed/27237797


PLOS Biology | https://doi.org/10.1371/journal.pbio.3003481  November 25, 2025 27 / 30

	24.	 Burke JF, Zaghloul KA, Jacobs J, Williams RB, Sperling MR, Sharan AD. Synchronous and asynchronous theta and gamma activity during episodic 
memory formation. J Neurosci. 2013;33(1):292–304.

	25.	 Lachaux JP, Rodriguez E, Martinerie J, Adam C, Hasboun D, Varela FJ. A quantitative study of gamma-band activity in human intracranial record-
ings triggered by visual stimuli. Eur J Neurosci. 2000;12(7):2608–22. https://doi.org/10.1046/j.1460-9568.2000.00163.x PMID: 10947835

	26.	 Kucewicz MT, Berry BM, Kremen V, Brinkmann BH, Sperling MR, Jobst BC, et al. Dissecting gamma frequency activity during human memory 
processing. Brain. 2017;140(5):1337–50. https://doi.org/10.1093/brain/awx043 PMID: 28335018

	27.	 Dickey CW, Verzhbinsky IA, Jiang X, Rosen BQ, Kajfez S, Eskandar EN. Cortical ripples during NREM sleep and waking in humans. J Neurosci. 
2022;42(42):7931–46.

	28.	 Gruenwald J, Sieghartsleitner S, Kapeller C, Scharinger J, Kamada K, Brunner P. Characterization of high-gamma activity in electrocorticographic 
signals. Frontiers in Neuroscience. 2023;17:1206120. https://doi.org/10.3389/fnins.2023.1206120

	29.	 Kucewicz MT, Cimbalnik J, Garcia-Salinas JS, Brazdil M, Worrell GA. High frequency oscillations in human memory and cognition: a neurophysio-
logical substrate of engrams?. Brain. 2024;147(9):2966–82.

	30.	 Burke JF, Ramayya AG, Kahana MJ. Human intracranial high-frequency activity during memory processing: neural oscillations or stochastic volatil-
ity?. Curr Opin Neurobiol. 2015;31:104–10. https://doi.org/10.1016/j.conb.2014.09.003 PMID: 25279772

	31.	 Johnson EL, Tang L, Yin Q, Asano E, Ofen N. Direct brain recordings reveal prefrontal cortex dynamics of memory development. Sci Adv. 
2018;4(12):eaat3702. https://doi.org/10.1126/sciadv.aat3702 PMID: 30585286

	32.	 Yin Q, Johnson EL, Tang L, Auguste KI, Knight RT, Asano E, et al. Direct brain recordings reveal occipital cortex involvement in memory develop-
ment. Neuropsychologia. 2020;148:107625. https://doi.org/10.1016/j.neuropsychologia.2020.107625 PMID: 32941883

	33.	 Johnson EL, Yin Q, O’Hara NB, Tang L, Jeong JW, Asano E. Dissociable oscillatory theta signatures of memory formation in the developing brain. 
Curr Biol. 2022;32(7):1457-1469.e4.

	34.	 Cross ZR, Gray SM, Dede AJO, Rivera YM, Yin Q, Vahidi P. The development of aperiodic neural activity in the human brain. Nat Hum Behav. 
2025.

	35.	 Rau EMB, Fellner M-C, Heinen R, Zhang H, Yin Q, Vahidi P, et al. Reinstatement and transformation of memory traces for recognition. Sci Adv. 
2025;11(8):eadp9336. https://doi.org/10.1126/sciadv.adp9336 PMID: 39970226

	36.	 Kam JWY, Lin JJ, Solbakk A-K, Endestad T, Larsson PG, Knight RT. Default network and frontoparietal control network theta connectivity supports 
internal attention. Nat Hum Behav. 2019;3(12):1263–70. https://doi.org/10.1038/s41562-019-0717-0 PMID: 31477910

	37.	 Rangarajan V, Jacques C, Knight RT, Weiner KS, Grill-Spector K. Diverse Temporal Dynamics of Repetition Suppression Revealed by Intracra-
nial Recordings in the Human Ventral Temporal Cortex. Cereb Cortex. 2020;30(11):5988–6003. https://doi.org/10.1093/cercor/bhaa173 PMID: 
32583847

	38.	 Flinker A, Korzeniewska A, Shestyuk AY, Franaszczuk PJ, Dronkers NF, Knight RT. Redefining the role of Broca’s area in speech. Proc Natl Acad 
Sci USA. 2015;112(9):2871–5.

	39.	 Haller M, Case J, Crone NE, Chang EF, King-Stephens D, Laxer KD, et al. Persistent neuronal activity in human prefrontal cortex links perception 
and action. Nat Hum Behav. 2018;2(1):80–91. https://doi.org/10.1038/s41562-017-0267-2 PMID: 29963646

	40.	 Kam JWY, Helfrich RF, Solbakk A-K, Endestad T, Larsson PG, Lin JJ. Top-Down Attentional Modulation in Human Frontal Cortex: Differential 
Engagement during External and Internal Attention. Cereb Cortex. 2021;31(2):873–83.

	41.	 Givens B. Stimulus-evoked resetting of the dentate theta rhythm: relation to working memory. Neuroreport. 1996;8(1):159–63.

	42.	 Adey WR. Intrinsic organization of cerebral tissue in alerting, orienting and discriminative responses. In: Quarton GC, Meinechuk T, Schmitt FO. 
The neurosciences: a study program. 1967. 615–33.

	43.	 Williams JM, Givens B. Stimulation-induced reset of hippocampal theta in the freely performing rat. Hippocampus. 2003;13(1):109–16. https://doi.
org/10.1002/hipo.10082 PMID: 12625462

	44.	 Jutras MJ, Fries P, Buffalo EA. Oscillatory activity in the monkey hippocampus during visual exploration and memory formation. Proc Natl Acad Sci 
USA. 2013;110(32):13144–9.

	45.	 Vinck M, van Wingerden M, Womelsdorf T, Fries P, Pennartz CMA. The pairwise phase consistency: a bias-free measure of rhythmic neuronal 
synchronization. Neuroimage. 2010;51(1):112–22. https://doi.org/10.1016/j.neuroimage.2010.01.073 PMID: 20114076

	46.	 Rao AM, DeHaan RD, Kahana MJ. Synchronous theta networks characterize successful memory retrieval. J Neurosci. 2025;45(16).

	47.	 Solomon EA, Kragel JE, Sperling MR, Sharan A, Worrell G, Kucewicz M, et al. Widespread theta synchrony and high-frequency desynchronization 
underlies enhanced cognition. Nat Commun. 2017;8(1):1704. https://doi.org/10.1038/s41467-017-01763-2 PMID: 29167419

	48.	 Rubinov M, Sporns O. Complex network measures of brain connectivity: uses and interpretations. Neuroimage. 2010;52(3):1059–69. https://doi.
org/10.1016/j.neuroimage.2009.10.003 PMID: 19819337

	49.	 Treder MS, Charest I, Michelmann S, Martín-Buro MC, Roux F, Carceller-Benito F. The hippocampus as the switchboard between perception and 
memory. Proc Natl Acad Sci USA. 2021;118(50).

	50.	 Buzsáki G. The Brain from Inside Out. Oxford University Press. 2019.

https://doi.org/10.1046/j.1460-9568.2000.00163.x
http://www.ncbi.nlm.nih.gov/pubmed/10947835
https://doi.org/10.1093/brain/awx043
http://www.ncbi.nlm.nih.gov/pubmed/28335018
https://doi.org/10.3389/fnins.2023.1206120
https://doi.org/10.1016/j.conb.2014.09.003
http://www.ncbi.nlm.nih.gov/pubmed/25279772
https://doi.org/10.1126/sciadv.aat3702
http://www.ncbi.nlm.nih.gov/pubmed/30585286
https://doi.org/10.1016/j.neuropsychologia.2020.107625
http://www.ncbi.nlm.nih.gov/pubmed/32941883
https://doi.org/10.1126/sciadv.adp9336
http://www.ncbi.nlm.nih.gov/pubmed/39970226
https://doi.org/10.1038/s41562-019-0717-0
http://www.ncbi.nlm.nih.gov/pubmed/31477910
https://doi.org/10.1093/cercor/bhaa173
http://www.ncbi.nlm.nih.gov/pubmed/32583847
https://doi.org/10.1038/s41562-017-0267-2
http://www.ncbi.nlm.nih.gov/pubmed/29963646
https://doi.org/10.1002/hipo.10082
https://doi.org/10.1002/hipo.10082
http://www.ncbi.nlm.nih.gov/pubmed/12625462
https://doi.org/10.1016/j.neuroimage.2010.01.073
http://www.ncbi.nlm.nih.gov/pubmed/20114076
https://doi.org/10.1038/s41467-017-01763-2
http://www.ncbi.nlm.nih.gov/pubmed/29167419
https://doi.org/10.1016/j.neuroimage.2009.10.003
https://doi.org/10.1016/j.neuroimage.2009.10.003
http://www.ncbi.nlm.nih.gov/pubmed/19819337


PLOS Biology | https://doi.org/10.1371/journal.pbio.3003481  November 25, 2025 28 / 30

	51.	 Mormann F, Fell J, Axmacher N, Weber B, Lehnertz K, Elger CE, et al. Phase/amplitude reset and theta-gamma interaction in the human medial 
temporal lobe during a continuous word recognition memory task. Hippocampus. 2005;15(7):890–900. https://doi.org/10.1002/hipo.20117 PMID: 
16114010

	52.	 Voloh B, Valiante TA, Everling S, Womelsdorf T. Theta-gamma coordination between anterior cingulate and prefrontal cortex indexes correct atten-
tion shifts. Proc Natl Acad Sci USA. 2015;112(27).

	53.	 Cohen MX, Donner TH. Midfrontal conflict-related theta-band power reflects neural oscillations that predict behavior. J Neurophysiol. 
2013;110(12):2752–63. https://doi.org/10.1152/jn.00479.2013 PMID: 24068756

	54.	 Daitch AL, Sharma M, Roland JL, Astafiev SV, Bundy DT, Gaona CM. Proceedings of the National Academy of Sciences of the United States of 
America. 2013;110(48):19585–90.

	55.	 Sweeney-Reed CM, Zaehle T, Voges J, Schmitt FC, Buentjen L, Kopitzki K. Thalamic theta phase alignment predicts human memory formation 
and anterior thalamic cross-frequency coupling. eLife. 2015;4.

	56.	 Place R, Farovik A, Brockmann M, Eichenbaum H. Bidirectional prefrontal-hippocampal interactions support context-guided memory. Nat Neurosci. 
2016;19(8):992–4. https://doi.org/10.1038/nn.4327 PMID: 27322417

	57.	 Rajasethupathy P, Sankaran S, Marshel JH, Kim CK, Ferenczi E, Lee SY, et al. Projections from neocortex mediate top-down control of memory 
retrieval. Nature. 2015;526(7575):653–9. https://doi.org/10.1038/nature15389 PMID: 26436451

	58.	 Benchenane K, Peyrache A, Khamassi M, Tierney PL, Gioanni Y, Battaglia FP. Coherent theta oscillations and reorganization of spike timing in the 
hippocampal-prefrontal network upon learning. Neuron. 2010;66(6):921–36.

	59.	 Finc K, Bonna K, He X, Lydon-Staley DM, Kühn S, Duch W, et al. Dynamic reconfiguration of functional brain networks during working memory 
training. Nat Commun. 2020;11(1):2435. https://doi.org/10.1038/s41467-020-15631-z PMID: 32415206

	60.	 Dehaene S, Kerszberg M, Changeux JP. A neuronal model of a global workspace in effortful cognitive tasks. Proc Natl Acad Sci USA. 
1998;95(24):14529–34.

	61.	 Squire LR, Dede AJO. Conscious and unconscious memory systems. Cold Spring Harb Perspect Biol. 2015;7(3):a021667. https://doi.org/10.1101/
cshperspect.a021667 PMID: 25731765

	62.	 Guderian S, Schott BH, Richardson-Klavehn A, Düzel E. Medial temporal theta state before an event predicts episodic encoding success in 
humans. Proc Natl Acad Sci U S A. 2009;106(13):5365–70. https://doi.org/10.1073/pnas.0900289106 PMID: 19289818

	63.	 Rutishauser U, Ross IB, Mamelak AN, Schuman EM. Human memory strength is predicted by theta-frequency phase-locking of single neurons. 
Nature. 2010;464(7290):903–7. https://doi.org/10.1038/nature08860 PMID: 20336071

	64.	 Park H, Rugg MD. Prestimulus hippocampal activity predicts later recollection. Hippocampus. 2010;20(1):24–8. https://doi.org/10.1002/hipo.20663 
PMID: 19499585

	65.	 de Curtis M, Paré D. The rhinal cortices: a wall of inhibition between the neocortex and the hippocampus. Prog Neurobiol. 2004;74(2):101–10. 
https://doi.org/10.1016/j.pneurobio.2004.08.005 PMID: 15518955

	66.	 Bunce JG, Barbas H. Prefrontal pathways target excitatory and inhibitory systems in memory-related medial temporal cortices. Neuroimage. 
2011;55(4):1461–74. https://doi.org/10.1016/j.neuroimage.2011.01.064 PMID: 21281716

	67.	 Bunce JG, Zikopoulos B, Feinberg M, Barbas H. Parallel prefrontal pathways reach distinct excitatory and inhibitory systems in memory-related 
rhinal cortices. J Comp Neurol. 2013;521(18):4260–83. https://doi.org/10.1002/cne.23413 PMID: 23839697

	68.	 Joyce MKP, Barbas H. Cortical connections position primate area 25 as a keystone for interoception, emotion, and memory. J Neurosci. 
2018;38(7):1677–98.

	69.	 Anderson MC, Bunce JG, Barbas H. Prefrontal-hippocampal pathways underlying inhibitory control over memory. Neurobiol Learn Mem. 2016;134 
Pt A(Pt A):145–61. https://doi.org/10.1016/j.nlm.2015.11.008 PMID: 26642918

	70.	 Dede AJO, Mishra A, Marzban N, Reichert R, Anderson PM, Cohen MX. Intra- and inter-regional dynamics in cortical-striatal-tegmental networks. J 
Neurophysiol. 2022;128(1):1–18. https://doi.org/10.1152/jn.00104.2022 PMID: 35642803

	71.	 Dede AJO, Wixted JT, Hopkins RO, Squire LR. Hippocampal damage impairs recognition memory broadly, affecting both parameters in two promi-
nent models of memory. Proc Natl Acad Sci U S A. 2013;110(16):6577–82. https://doi.org/10.1073/pnas.1304739110 PMID: 23576763

	72.	 Wais PE, Squire LR, Wixted JT. In search of recollection and familiarity signals in the hippocampus. J Cogn Neurosci. 2010;22(1):109–23. https://
doi.org/10.1162/jocn.2009.21190 PMID: 19199424

	73.	 Rugg MD, Curran T. Event-related potentials and recognition memory. Trends Cogn Sci. 2007;11(6):251–7. https://doi.org/10.1016/j.
tics.2007.04.004 PMID: 17481940

	74.	 Diana RA, Reder LM, Arndt J, Park H. Models of recognition: a review of arguments in favor of a dual-process account. Psychon Bull Rev. 
2006;13(1):1–21. https://doi.org/10.3758/bf03193807 PMID: 16724763

	75.	 Mandler G. Recognizing: The judgment of previous occurrence. Psychological Review. 1980;87(3):252–71.

	76.	 Vaz AP, Inati SK, Brunel N, Zaghloul KA. Coupled ripple oscillations between the medial temporal lobe and neocortex retrieve human memory. 
Science. 2019;363(6430). https://doi.org/10.1126/science.aav1000

	77.	 Sakon JJ, Halpern DJ, Schonhaut DR, Kahana MJ. Human hippocampal ripples signal encoding of episodic memories. J Neurosci. 2024;44(8).

https://doi.org/10.1002/hipo.20117
http://www.ncbi.nlm.nih.gov/pubmed/16114010
https://doi.org/10.1152/jn.00479.2013
http://www.ncbi.nlm.nih.gov/pubmed/24068756
https://doi.org/10.1038/nn.4327
http://www.ncbi.nlm.nih.gov/pubmed/27322417
https://doi.org/10.1038/nature15389
http://www.ncbi.nlm.nih.gov/pubmed/26436451
https://doi.org/10.1038/s41467-020-15631-z
http://www.ncbi.nlm.nih.gov/pubmed/32415206
https://doi.org/10.1101/cshperspect.a021667
https://doi.org/10.1101/cshperspect.a021667
http://www.ncbi.nlm.nih.gov/pubmed/25731765
https://doi.org/10.1073/pnas.0900289106
http://www.ncbi.nlm.nih.gov/pubmed/19289818
https://doi.org/10.1038/nature08860
http://www.ncbi.nlm.nih.gov/pubmed/20336071
https://doi.org/10.1002/hipo.20663
http://www.ncbi.nlm.nih.gov/pubmed/19499585
https://doi.org/10.1016/j.pneurobio.2004.08.005
http://www.ncbi.nlm.nih.gov/pubmed/15518955
https://doi.org/10.1016/j.neuroimage.2011.01.064
http://www.ncbi.nlm.nih.gov/pubmed/21281716
https://doi.org/10.1002/cne.23413
http://www.ncbi.nlm.nih.gov/pubmed/23839697
https://doi.org/10.1016/j.nlm.2015.11.008
http://www.ncbi.nlm.nih.gov/pubmed/26642918
https://doi.org/10.1152/jn.00104.2022
http://www.ncbi.nlm.nih.gov/pubmed/35642803
https://doi.org/10.1073/pnas.1304739110
http://www.ncbi.nlm.nih.gov/pubmed/23576763
https://doi.org/10.1162/jocn.2009.21190
https://doi.org/10.1162/jocn.2009.21190
http://www.ncbi.nlm.nih.gov/pubmed/19199424
https://doi.org/10.1016/j.tics.2007.04.004
https://doi.org/10.1016/j.tics.2007.04.004
http://www.ncbi.nlm.nih.gov/pubmed/17481940
https://doi.org/10.3758/bf03193807
http://www.ncbi.nlm.nih.gov/pubmed/16724763
https://doi.org/10.1126/science.aav1000


PLOS Biology | https://doi.org/10.1371/journal.pbio.3003481  November 25, 2025 29 / 30

	 78.	 Norman Y, Raccah O, Liu S, Parvizi J, Malach R. Hippocampal ripples and their coordinated dialogue with the default mode network during recent 
and remote recollection. Neuron. 2021;109(17):2767-2780.e5. https://doi.org/10.1016/j.neuron.2021.07.014

	 79.	 Garrett JC, Verzhbinsky IA, Kaestner E, Carlson C, Doyle WK, Devinsky O, et al. Binding of cortical functional modules by synchronous high- 
frequency oscillations. Nat Hum Behav. 2024;8(10):1988–2002. https://doi.org/10.1038/s41562-024-01952-2 PMID: 39134741

	 80.	 Mishra A, Tostaeva G, Nentwich M, Espinal E, Markowitz N, Winfield J, et al. Motifs of human high-frequency oscillations structure processing and 
memory of continuous audiovisual narratives. Sci Adv. 2025;11(30):eadv0986. https://doi.org/10.1126/sciadv.adv0986 PMID: 40712018

	 81.	 Prathapagiri S, Cimbalnik J, Garcia Salinas JS, Galanina M, Jurkovicova L, Daniel P. Coincident bursts of high frequency oscillations across the 
human cortex coordinate large-scale memory processing. BioRxiv. 2025.

	 82.	 Ofen N, Tang L, Yu Q, Johnson EL. Memory and the developing brain: From description to explanation with innovation in methods. Dev Cogn 
Neurosci. 2019;36:100613. https://doi.org/10.1016/j.dcn.2018.12.011 PMID: 30630777

	 83.	 Johnson EL, Knight RT. How can iEEG be used to study inter-individual and developmental differences?. In: Axmacher N. Intracranial EEG: A 
guide for cognitive neuroscientists. Cham: Springer International Publishing. 2023. p. 143–54.

	 84.	 Yin Q, Johnson EL, Ofen N. Neurophysiological mechanisms of cognition in the developing brain: Insights from intracranial EEG studies. Dev 
Cogn Neurosci. 2023;64:101312. https://doi.org/10.1016/j.dcn.2023.101312 PMID: 37837918

	 85.	 Jutras MJ, Fries P, Buffalo EA. Gamma-band synchronization in the macaque hippocampus and memory formation. J Neurosci. 
2009;29(40):12521–31.

	 86.	 Asano E, Juhász C, Shah A, Sood S, Chugani HT. Role of subdural electrocorticography in prediction of long-term seizure outcome in epilepsy 
surgery. Brain. 2009;132(4):1038–47.

	 87.	 Tang L, Shafer AT, Ofen N. Prefrontal cortex contributions to the development of memory formation. Cereb Cortex. 2018;28(9):3295–308.

	 88.	 Chai XJ, Ofen N, Gabrieli JDE, Whitfield-Gabrieli S. Development of deactivation of the default-mode network during episodic memory formation. 
Neuroimage. 2014;84:932–8.

	 89.	 Ofen N, Kao Y-C, Sokol-Hessner P, Kim H, Whitfield-Gabrieli S, Gabrieli JDE. Development of the declarative memory system in the human brain. 
Nat Neurosci. 2007;10(9):1198–205. https://doi.org/10.1038/nn1950 PMID: 17676059

	 90.	 Tang L, Pruitt PJ, Yu Q, Homayouni R, Daugherty AM, Damoiseaux JS. Differential functional connectivity in anterior and posterior hippocampus 
supporting the development of memory formation. Front Hum Neurosci. 2020;14:204.

	 91.	 Tang L, Yu Q, Homayouni R, Canada KL, Yin Q, Damoiseaux JS, et al. Reliability of subsequent memory effects in children and adults: The good, 
the bad, and the hopeful. Dev Cogn Neurosci. 2021;52:101037. https://doi.org/10.1016/j.dcn.2021.101037 PMID: 34837876

	 92.	 Chai XJ, Ofen N, Jacobs LF, Gabrieli JDE. Scene complexity: influence on perception, memory, and development in the medial temporal lobe. 
Front Hum Neurosci. 2010;4:21. https://doi.org/10.3389/fnhum.2010.00021 PMID: 20224820

	 93.	 Stolk A, Griffin S, van der Meij R, Dewar C, Saez I, Lin JJ, et al. Integrated analysis of anatomical and electrophysiological human intracranial 
data. Nat Protoc. 2018;13(7):1699–723. https://doi.org/10.1038/s41596-018-0009-6 PMID: 29988107

	 94.	 Rossini L, Garbelli R, Gnatkovsky V, Didato G, Villani F, Spreafico R, et al. Seizure activity per se does not induce tissue damage markers in 
human neocortical focal epilepsy. Ann Neurol. 2017;82(3):331–41. https://doi.org/10.1002/ana.25005 PMID: 28749594

	 95.	 Johnson EL, Adams JN, Solbakk A-K, Endestad T, Larsson PG, Ivanovic J, et al. Dynamic frontotemporal systems process space and time in 
working memory. PLoS Biol. 2018;16(3):e2004274. https://doi.org/10.1371/journal.pbio.2004274 PMID: 29601574

	 96.	 Johnson EL, King-Stephens D, Weber PB, Laxer KD, Lin JJ, Knight RT. Spectral Imprints of Working Memory for Everyday Associations in the 
Frontoparietal Network. Front Syst Neurosci. 2019;12:65. https://doi.org/10.3389/fnsys.2018.00065 PMID: 30670953

	 97.	 Bastos AM, Schoffelen J-M. A Tutorial Review of Functional Connectivity Analysis Methods and Their Interpretational Pitfalls. Front Syst Neurosci. 
2016;9:175. https://doi.org/10.3389/fnsys.2015.00175 PMID: 26778976

	 98.	 Oostenveld R, Fries P, Maris E, Schoffelen J-M. FieldTrip: Open source software for advanced analysis of MEG, EEG, and invasive electrophysi-
ological data. Comput Intell Neurosci. 2011;2011:156869. https://doi.org/10.1155/2011/156869 PMID: 21253357

	 99.	 Frankó E, Insausti AM, Artacho-Pérula E, Insausti R, Chavoix C. Identification of the human medial temporal lobe regions on magnetic resonance 
images. Hum Brain Mapp. 2014;35(1):248–56. https://doi.org/10.1002/hbm.22170 PMID: 22936605

	100.	 Dede AJO, Xiao W, Vaci N, Cohen MX, Milne E. Lack of univariate, clinically-relevant biomarkers of autism in resting state EEG: a study of 776 
participants. medRxiv. 2023.

	101.	 Mitra PP, Pesaran B. Analysis of dynamic brain imaging data. Biophys J. 1999;76(2):691–708. https://doi.org/10.1016/S0006-3495(99)77236-X 
PMID: 9929474

	102.	 Johnson EL, Lin JJ, King-Stephens D, Weber PB, Laxer KD, Saez I, et al. A rapid theta network mechanism for flexible information encoding. Nat 
Commun. 2023;14(1):2872. https://doi.org/10.1038/s41467-023-38574-7 PMID: 37208373

	103.	 Cohen MX. Analyzing neural time series data: theory and practice. The MIT Press. 2014.

	104.	 Yu Z, Guindani M, Grieco SF, Chen L, Holmes TC, Xu X. Beyond t test and ANOVA: applications of mixed-effects models for more rigorous statis-
tical analysis in neuroscience research. Neuron. 2022;110(1):21–35.

https://doi.org/10.1016/j.neuron.2021.07.014
https://doi.org/10.1038/s41562-024-01952-2
http://www.ncbi.nlm.nih.gov/pubmed/39134741
https://doi.org/10.1126/sciadv.adv0986
http://www.ncbi.nlm.nih.gov/pubmed/40712018
https://doi.org/10.1016/j.dcn.2018.12.011
http://www.ncbi.nlm.nih.gov/pubmed/30630777
https://doi.org/10.1016/j.dcn.2023.101312
http://www.ncbi.nlm.nih.gov/pubmed/37837918
https://doi.org/10.1038/nn1950
http://www.ncbi.nlm.nih.gov/pubmed/17676059
https://doi.org/10.1016/j.dcn.2021.101037
http://www.ncbi.nlm.nih.gov/pubmed/34837876
https://doi.org/10.3389/fnhum.2010.00021
http://www.ncbi.nlm.nih.gov/pubmed/20224820
https://doi.org/10.1038/s41596-018-0009-6
http://www.ncbi.nlm.nih.gov/pubmed/29988107
https://doi.org/10.1002/ana.25005
http://www.ncbi.nlm.nih.gov/pubmed/28749594
https://doi.org/10.1371/journal.pbio.2004274
http://www.ncbi.nlm.nih.gov/pubmed/29601574
https://doi.org/10.3389/fnsys.2018.00065
http://www.ncbi.nlm.nih.gov/pubmed/30670953
https://doi.org/10.3389/fnsys.2015.00175
http://www.ncbi.nlm.nih.gov/pubmed/26778976
https://doi.org/10.1155/2011/156869
http://www.ncbi.nlm.nih.gov/pubmed/21253357
https://doi.org/10.1002/hbm.22170
http://www.ncbi.nlm.nih.gov/pubmed/22936605
https://doi.org/10.1016/S0006-3495(99)77236-X
http://www.ncbi.nlm.nih.gov/pubmed/9929474
https://doi.org/10.1038/s41467-023-38574-7
http://www.ncbi.nlm.nih.gov/pubmed/37208373


PLOS Biology | https://doi.org/10.1371/journal.pbio.3003481  November 25, 2025 30 / 30

	105.	 Baayen RH, Davidson DJ, Bates DM. Mixed-effects modeling with crossed random effects for subjects and items. J Mem Lang. 
2008;59(4):390–412.

	106.	 Spaak/cluster-test: First and main release. Zenodo. 2024.

	107.	 Maris E, Oostenveld R. Nonparametric statistical testing of EEG- and MEG-data. J Neurosci Methods. 2007;164(1):177–90. https://doi.
org/10.1016/j.jneumeth.2007.03.024 PMID: 17517438

	108.	 Wickham H, Averick M, Bryan J, Chang W, McGowan L, François R, et al. Welcome to the tidyverse. JOSS. 2019;4(43):1686.

	109.	 Bates D, Mächler M, Bolker B, Walker S. Fitting linear mixed-effects models using lme4. J Stat Softw. 2015;67(1):1–48.

	110.	 Lenth L. Emmeans: Estimated Marginal Means, aka Least-Squares Means. https://rvlenth.github.io/emmeans/

	111.	 Hautus MJ, Macmillan NA, Creelman CD. Detection theory: A user’s guide. New York: Routledge. 2021.

	112.	 Dede A. Transient sparse states support memory. 2025. https://osf.io

	113.	 MacGregor-Fors I, Payton ME. Contrasting diversity values: statistical inferences based on overlapping confidence intervals. PLoS One. 
2013;8(2):e56794. https://doi.org/10.1371/journal.pone.0056794 PMID: 23437239

	114.	 Austin PC, Hux JE. A brief note on overlapping confidence intervals. J Vasc Surg. 2002;36(1):194–5. https://doi.org/10.1067/mva.2002.125015 
PMID: 12096281

https://doi.org/10.1016/j.jneumeth.2007.03.024
https://doi.org/10.1016/j.jneumeth.2007.03.024
http://www.ncbi.nlm.nih.gov/pubmed/17517438
https://rvlenth.github.io/emmeans/
https://osf.io
https://doi.org/10.1371/journal.pone.0056794
http://www.ncbi.nlm.nih.gov/pubmed/23437239
https://doi.org/10.1067/mva.2002.125015
http://www.ncbi.nlm.nih.gov/pubmed/12096281

