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The cross-regional interplay of slow oscillations, spindles, and ripples during sleep is
believed to support systems memory consolidation but remains understudied in humans.
Using a validated behavioral task and simultaneous intracranial neural recordings from
the orbitofrontal cortex, thalamus, and hippocampus in 19 patients with epilepsy, we
examined the cross-regional interplay of sleep oscillations (slow oscillations, spindles,
and ripples), alongside epileptic spikes, and their role in motor memory consolidation.
Orbitofrontal slow oscillations robustly modulate spindle and ripple oscillations within
and across regions during sleep. Although most combinations of oscillation rates posi-
tively predicted overnight performance change in a motor task, hippocampal ripple rate
and coupled hippocampal-orbitofrontal ripple rates were the most reliable predictors
across subjects. In contrast, rates of most sleep oscillations coupled to epileptic spikes
were negative predictors of overnight motor performance change, with the rate of slow
oscillations co-occurring with epileptic spikes the most reliable predictors of negative
change across subjects. These findings provide direct evidence of a hierarchical cascade
of sleep oscillations in human motor memory processing and reveal that epileptic spikes
coupled to sleep oscillations interfere with this process in patients with epilepsy.
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Sleep is a critical period for the integration and strengthening of memories. Three cardinal
sleep electrophysiological rhythms—slow oscillations (0.5 to 2 Hz), spindles (8 to 15 Hz),
and ripples (70 to 120 Hz)—have been linked to non—rapid eye movement (non-REM)
sleep-dependent memory consolidation (1-4). Available evidence suggests that slow oscil-
lations originate primarily in the frontal cortex (5) before propagating across widespread
regions (5, 6). Regional and generalized thalamocortical sleep spindles are initiated in the
thalamus, coordinated with the up-state of slow oscillations (7-9). Ripples, a short (<100
ms) and temporally discrete oscillation in the hippocampus have been linked to offline
memory replay (10, 11), and ripple-like focal events have now been detected throughout
the human cortex (12—-14). The interplay of slow oscillations, spindles, and ripples across
the frontal cortex, thalamus, and hippocampus is thought to be crucial for systems memory
consolidation (15, 16), though the precise coordination of these electrophysiological events
across this anatomical circuit remains poorly understood.

Previous human studies have demonstrated pairwise coupling and temporal coordina-
tion among slow oscillations, spindles, and ripples in frontal regions, hippocampus, and
thalamus (1, 8, 12, 17-21) replicating and extending analyses from rodent models (2, 3,
22-24). These studies have also shown that individual or pairwise combinations of sleep
oscillations across different subsets of the neocortex, hippocampus, and thalamus predict
memory consolidation (2-4, 11, 23, 25). However, despite these important insights into
sleep oscillatory coordination and memory, the optimal integration of cardinal sleep
rhythms across the broader circuit connecting the frontal cortex, thalamus, and hippocam-
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Significance

Sleep-dependent memory
consolidation is thought to rely
on coordinated interactions
among slow oscillations, spindles,
and ripples across the cortex,
thalamus, and hippocampus, but
direct human evidence has been
limited. Using simultaneous
intracranial recordings from the
orbitofrontal cortex, thalamus,
and hippocampus in patients
with epilepsy, we show that
orbitofrontal slow oscillations
organize spindle and ripple
activity within and across regions
during sleep. Hippocampal ripple
activity, particularly when
coupled with orbitofrontal
ripples, was the most reliable
positive predictor of overnight
motor memory improvement. In
contrast, epileptic spikes coupled
to sleep oscillations, especially
slow oscillations, predicted worse
overnight performance. These
findings provide direct human
evidence for a hierarchical
cross-regional sleep-oscillation
process supporting motor
memory consolidation and show
how epilepsy disrupts that
process.

pus to support human memory remains unknown. The authors declare no competing interest.

In parallel, memory concerns are the primary cognitive symptom reported in epilepsy,
a disease characterized by pathologic neuronal synchronization (26-28). Memory symp-
toms in patients with epilepsy are frequent even in the absence of antiseizure medications,
structural lesions, or frequent seizures. In wakefulness, epileptic spikes interfere with
memory encoding (29-33). In sleep, epileptic spikes are facilitated by slow oscillations
and “hijack” or disrupt spindles and ripples (9, 26, 34-36), however the impact that this
disruptive interference of sleep oscillations has on sleep-dependent memory consolidation
remains poorly understood.

To address these knowledge gaps, we evaluated sleep oscillations, epileptic spikes,
and sleep-dependent motor memory consolidation in a cohort of patients with drug

This article is a PNAS Direct Submission.

Copyright © 2026 the Author(s). Published by PNAS.
This article is distributed under Creative Commons
Attribution-NonCommercial-NoDerivatives License 4.0
(CC BY-NC-ND).

"To whom correspondence may be addressed. Email:
ani.wodeyar@maastrichtuniversity.nl or cjchu@jhu.edu.

2M.AK. and C.J.C. contributed equally to this work.

This article contains supporting information online at
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.
2517454123/-/DCSupplemental.

Published June 30, 2026.

PNAS 2026 Vol.123 No.27 2517454123

https://doi.org/10.1073/pnas.2517454123 1 of 12


https://orcid.org/0000-0003-2577-5139
https://orcid.org/0000-0003-4189-2546
https://orcid.org/0000-0003-1022-6639
https://orcid.org/0000-0003-2620-7387
https://orcid.org/0000-0002-9979-7202
https://orcid.org/0000-0001-7670-9313
https://creativecommons.org/licenses/by-nc-nd/4.0/
https://creativecommons.org/licenses/by-nc-nd/4.0/
https://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:ani.wodeyar@maastrichtuniversity.nl
mailto:cjchu@jhu.edu
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2517454123/-/DCSupplemental
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2517454123/-/DCSupplemental
http://crossmark.crossref.org/dialog/?doi=10.1073/pnas.2517454123&domain=pdf&date_stamp=2026-6-29

Downloaded from https://www.pnas.org by Maastricht University; Randwyck Library on June 30, 2026 from |P address 154.59.125.71.

20f12

refractory epilepsy and intracranial electrophysiological record-
ings simultaneously sampling the medial orbitofrontal cortex,
thalamus, and hippocampus. We examined the spatiotemporal
coordination of slow oscillations, spindles, and ripples within
and across the orbitofrontal cortex, thalamus, and hippocampus.
We then evaluated the relationship of each oscillation and their
combinations within and across brain regions to overnight per-
formance change on a motor sequence typing task (MST). Next,
we evaluated the impact of epileptic spikes alone and co-occurring
with sleep oscillations on overnight MST performance change.
Finally, we identified the optimal predictive model of overnight
MST performance change from all combinations of events across
all brain regions. Through this work, we provide evidence of a
hierarchical cascade of network activity strongly modulated by
frontal slow oscillations. We show that downstream ripple oscil-
lations most reliably predict motor memory consolidation, while
epileptic spikes coupled to slow oscillations at the top of this
cascade most reliably interfere with this process. Our findings
thus add significant detail to the general framework of systems
memory consolidation.

Results

Subject Characteristics. All subjects admitted to the MGH
Epilepsy Monitoring Unit with stereo-electroencephalography
(SEEG) electrodes sampling medial orbitofrontal cortex (OFC),
thalamus, and hippocampus between 5/2021 and 11/2023 were
included. Nineteen subjects (26 sampled hemispheres) met
these inclusion criteria. Fourteen subjects completed the motor
sequence typing (MST) task (37-39) before and after sleep on
the night analyzed. The MST is a widely used behavioral assay to
probe offline motor memory consolidation where performance
changes have been linked to the rates of slow oscillations, spindles,

and hippocampal ripples (35, 40—42). Subject characteristics are
provided in ST Appendix, Table S2.

Characteristic Slow Oscillations, Spindles, and Ripples Are
Observed in Each Region. Slow oscillations, sleep spindles, and
ripples were detected in all channels in all three regions during all
bouts of stages 2 (N2) and 3 (N3) non—rapid eye movement sleep
over a 12-h period using previously validated detectors (Methods and
Fig. 1). For these analyses, sleep oscillations that co-occurred with
epileptic spikes (see Methods for detection criteria) in any region were
excluded. We found an average rate of 5.22/min (+0.21/min SE) for
slow oscillations, 5.78 (+0.46)/min for spindles, and 3.19 (+0.21)/
min for ripples. Slow oscillation and spindle rates were higher in the
OFC and thalamus than in the hippocampus (comparison-corrected
P < 0.05), while ripple rates were highest in the hippocampus
(comparison-corrected P < 0.05). For details on rates within each
region and the statistical testing, please see ST Appendix, Table S1.

Slow Oscillation Downstate Troughs Occur First in the OFC and
Coordinate Across the Thalamus and Hippocampus. Visual
inspection of the average voltage trace across subjects demonstrates
that slow oscillations are strongly temporally coordinated across
regions (Fig. 2A4). A triphasic slow oscillation appeared in each
region, with an initial up-state peak near -0.5 s and a second
up-state peak near +0.5 s relative to the downstate trough. On
average, the slow oscillation downstate trough occurred first in the
medial OFC, followed by the thalamus [15.6 + 2.7 ms later, T(25)
=5.877, P=3.9¢-6], and then the hippocampus [35.1 + 12.3 ms
later, T(25) = 2.86, P = 0.0085]. We found qualitatively consistent
temporal ordering but greater variability in the estimated delays
(thalamus: 11.7 + 17.3 ms later; hippocampus: 32.9 + 29.8 ms
later) when referencing events relative to the positive-to-negative
zero-crossing prior to the downstate trough, consistent with the
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Fig. 1. Canonical rhythms of sleep are observed in the human cortex, thalamus, and hippocampus. (A) Example overnight hypnogram from one subject
where N2 and N3 epochs were selected for analysis (red). (B) Example SEEG lead locations in one subject sampling OFC (blue circle), thalamus (green circle),
and hippocampus (orange circle). (C) Example averaged (Left) and individual (Right, purple) slow oscillations, spindles, and ripples detected in each location. All
oscillatory events detected for one subject are used to generate the average waveforms. Amplitudes rescaled for visualization.

https://doi.org/10.1073/pnas.2517454123

pnas.org


http://www.pnas.org/lookup/doi/10.1073/pnas.2517454123#supplementary-materials
http://www.pnas.org/lookup/doi/10.1073/pnas.2517454123#supplementary-materials

Downloaded from https://www.pnas.org by Maastricht University; Randwyck Library on June 30, 2026 from IP address 154.59.125.71.

%)
S|s
e
HE
& | g-100L 100 i
ke
E > -150]- -150 i
[y -200]
-200- -250!
-0.1 -0.05 0 0.05 0.1
-250! L L L L L L
B 1.8F T T T a N T =
= Spindle Maximum OFC
£ 16 INTHAL
©
3
S 1.4
=
g 12
(©
o =
e 1
(%
>
o8
g
E 06
&

Number of Events

Event Rate Modulation

Ripples

Number of Events

-1

0
Time (s)

0.5 1.5

Fig. 2. Cross-regional coupling of slow oscillations, spindles, and ripples in humans during sleep. (A) All detected slow oscillations temporally aligned to the medial
orbitofrontal cortex (OFC, blue) slow oscillation downstate trough. (Inset) The minima of averaged events are observed first in the OFC followed by the thalamus
(green) then hippocampus (orange). (B) (Upper) Modulation in incidence relative to baseline spindle rates in the OFC, thalamus, and hippocampus temporally aligned
to the OFC slow oscillation minima. Triangles show the spindle amplitude maxima, which coincide with the slow oscillation up-state. (Lower) Total number of spindles
detected in each region (25 ms time bins). (C) (Upper) Modulation in incidence of ripples in the OFC, thalamus, and hippocampus temporally aligned to the OFC slow
oscillation trough. (Lower) Total number of ripples detected in each region (25 ms time bins). Shaded areas indicate corrected 95% Cl.

trough providing a more stable temporal reference. We note that
volume conduction could produce the same slow oscillation in the
cortex, thalamus, and hippocampus; however, volume conduction
is approximately instantaneous (43), whereas we detect a delay
across regions. Alternatively, signals in each region could be a
superposition of a shared far-field slow oscillation and temporally
consistent local activity (e.g., local slow oscillations or spindle
activity), yielding regionally specific slow oscillation morphologies
that produce the observed delay structure. However, we would not
expect superimposed random activity to generate the consistent
observations reported here across subjects and brain structures. The
presence of an OFC slow oscillation predicted an up-regulation

PNAS 2026 Vol.123 No.27 2517454123

of thalamic slow oscillation occurrences by a factor 0f 9.33 (95%
adjusted CI [8.1, 10.25], corrected P < 0.05, see Statistical Analysis
for details), and hippocampal slow oscillation occurrences by a
factor of 5.37 (95% CI [4.03, 6.57], corrected P < 0.05), relative

to baseline rates in each region.

Sleep Spindles Coordinate Across Distant Brain Regions and Are
Modulated by OFC Slow Oscillations. Controlling for baseline
rates, we evaluated the incidence of detected spindle onsets in
each region relative to the OFC slow oscillation downstate trough
(Methods). We found that spindle incidence in each region was
modulated by OFC slow oscillations (Fig. 2B). Spindles in the
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thalamus were maximally up-regulated 0.125 s (0.025 s bins)
after the OFC slow oscillation trough (by a factor of 1.67, 95%
CI [1.52, 1.8], corrected P < 0.05). Spindles in the medial
orbitofrontal cortex were maximally up-regulated 0.275 s after the
OFC slow oscillation trough (by a factor of 1.26, 95% CI [1.18,
1.34], corrected P < 0.05). Spindles in the hippocampus were
maximally up-regulated 0.225 s after the OFC slow oscillation
trough (by a factor of 1.29, 95% CI [1.19, 1.39], corrected
P < 0.05). Compared to spindle onsets, the maximum spindle
amplitude in each region aligned with the slow oscillation up-state
in the thalamus (0.5 s after the OFC slow oscillation trough),
the hippocampus (0.8 s), and the OFC (1 s; see Fig. 2B triangles
and SI Appendix, Fig. S1A), as expected. To confirm that our
results were not due to the specific slow oscillation phase that
anchored our analysis, we evaluated detected spindle incidence
modulation (using the onset of spindles) referenced to the positive-
to-negative zero-crossing prior to the slow oscillation trough and
found consistent results (S Appendix, Fig. S1 B and C).

Sleep spindles in all three regions were also moderately—but
significantly—up-regulated prior to the OFC slow oscillation
trough, coinciding with the first up-state of the triphasic OFC
slow oscillation (Fig. 2B). In the OFC, the maximum up-regulation
of spindle incidence occurred 1.125 s before the OFC slow oscil-
lation trough (increase by a factor of 1.11, 95% CI [1.07, 1.15],
corrected P < 0.05). In the thalamus, the maximum up-regulation
of spindle incidence occurred 1.225 s before the OFC slow
oscillation trough (increase by a factor of 1.16, 95% CI [1.11,
1.21], corrected P < 0.05). In the hippocampus, the maximum
up-regulation of spindle incidence occurred 1.275 s before the
OFC slow oscillation trough (by a factor of 1.09, 95% CI [1.06,
1.12], corrected P < 0.05). Early spindle activity preceding the
slow oscillation trough and coinciding with the first slow oscilla-
tion up-state was also observed when only isolated slow oscillations
(separated by at least +3 s from another slow oscillation) were
evaluated (SI Appendix, Fig. S2).

Thalamic sleep spindles had higher amplitude (mean 4.9 pV,
SE 0.18 pV) and duration (mean 1.24 s, SE 0.07 s) than hip-
pocampal spindles (amplitude mean 3.55 pV, SE 0.14 pV, t(25)
=8.47, P =8.2e-9; duration mean 0.97 s, SE 0.07 s, t(25) = 6.14,
P = 2e-6) and higher amplitude but not duration than OFC spin-
dles (amplitude mean 3.65 pV, SE 0.15 pV, ¢(25) = 7.45, P =
8.3e-8; duration mean 1.15s, SE 0.09 s, t(25) = 1.38, P=0.18).
OFC sleep spindles had a lower mean frequency (11.9 Hz, SE =
0.07 Hz) than spindles detected in the hippocampus (mean 12.25
Hz, SE 0.08 Hz, t(25) = 3.95, P = 5.7e-4). In the thalamus,
spindle frequency varied across nuclei; spindle frequencies were
slower in the anterior nucleus than in the pulvinar nucleus (11.99
Hzvs. 12.9 Hz, t(26) = -4.27, P = 4.6¢-4). The timing of slow (9
to 12 Hz) and fast (12 to 15 Hz) spindle modulation relative to
the OFC slow oscillation was similar across brain regions
(81 Appendix, Fig. S3).

To evaluate the impact of co-occurring thalamic spindles and
OFC slow oscillations on spindle propagation, we evaluated the
incidence of cortical or hippocampal spindles in the setting of
thalamic spindles with and without a co-occurring OFC slow
oscillation. When a thalamic spindle and orbitofrontal slow oscil-
lation were both present, OFC spindle occurrence increased by a
factor of 2.76 (95% CI [2.56, 2.93], corrected P < 0.05) and
hippocampal spindle occurrence increased by a factor of 2.56
(95% CI [2.35, 2.76], corrected P < 0.05). In contrast, in the
absence of a co-occurring OFC slow oscillation, a thalamic spindle
up-regulated spindle occurrence in the OFC by a factor of 1.86
(95% CI [1.62, 2.08], corrected P < 0.05) and in the hippocampus
by a factor of 1.62 (95% CI [1.43, 1.79], corrected P < 0.05).

https://doi.org/10.1073/pnas.2517454123

Ripple Oscillations Coordinate Across Distant Brain Regions and
Are Modulated by OFC Slow Oscillations. Sharp wave ripples,
characterized by fast 80 to 120 Hz oscillations lasting less than
100 ms occurring alongside a 2 to 8 Hz wave, have classically been
described in the hippocampus (44). Recently, ripple oscillations
detected agnostic to sharp waves have also been reported in the
thalamus and cortex (12, 17, 45, 46). Controlling for baseline
rates, we evaluated the ripple incidence in each region relative to
the OFC slow oscillation downstate trough (Methods). We found
that ripple incidence in each region was modulated by an OFC
slow oscillation (Fig. 2C). Ripples in the medial orbitofrontal
cortex were maximally up-regulated 0.425 s after the OFC slow
oscillation trough (by a factor of 1.34, 95% CI [1.18, 1.51],
corrected P < 0.05). Ripples in the thalamus were maximally
up-regulated 0.15 s after the OFC slow oscillation trough (by a
factor of 1.45, 95% CI [1.35, 1.54], corrected P < 0.05). Ripples
in the hippocampus were maximally up-regulated 0.5 s after the
OFC slow oscillation trough (by a factor of 1.09, 95% CI [0.99,
1.2], corrected P = 0.09). Ripple incidence modulation remained
consistent but shifted forward in time when referenced to the
positive-to-negative zero-crossing prior to the slow oscillation
trough (SI Appendix, Fig. S1C).

Ripples in the hippocampus, but not the OFC or thalamus,
were up-regulated prior to the OFC slow oscillation trough. The
incidence of hippocampal ripples was increased 0.9 s before the
slow oscillation trough (by a factor of 1.10, 95% CI [1.04, 1.16],
corrected P < 0.05), concordant with the first slow-oscillation
up-state and increase in hippocampal sleep spindles (Fig. 2B).
Early ripple activity, preceding the slow oscillation trough and
coinciding with the first slow oscillation peak, was also observed
when only isolated slow oscillations (separated by at least +3 s
from another slow oscillation) were evaluated (S/Appendix,
Fig. S2).

Although ripples were detected in each location, we found that
ripples in the hippocampus had higher amplitudes (13.99 uV; s.e.
1.72 pV) compared to those detected in the thalamus (3.34 pV,
SE 0.94 pV, t(25) = 5.71, P = 5.9¢-6) or orbitofrontal cortex (4.51,
SE 0.77 uV, t(25) = 5.19, P = 2.3e-5). We also found that ripples
in the hippocampus had longer durations (43.85 ms, SE 0.78 ms)
than those detected in the thalamus (37.2 ms, SE 1.0 ms, t(25) =
5.08, P = 3.1e-5), but no evidence of a difference in ripple dura-
tions between the hippocampus and orbitofrontal cortex (41.6
ms, SE 1.9 ms, t(25) = 1.1, P = 0.28). Ripples detected in the
thalamus were higher frequency oscillations (93.0 Hz, SE 0.3 Hz)
compared to those detected in the hippocampus (85.6 Hz, SE 0.3
Hz, t(25) = 18.81, P = 2.9¢e-16) or OFC (86.8 Hz, SE 0.53 Hz,
t(25) = 11.38, P = 2.2e-11). Distributions for all characteristics
are shown in SI Appendix, Fig. S4.

Coordination of Sleep Oscillations Across Distant Brain Regions
Supports Motor Memory Consolidation. To investigate whether
the coupling of sleep oscillations across regions predicts overnight
motor consolidation and identify the cross-regional and cross-
frequency circuits that support it, we trained eligible subjects on
the motor sequence typing task (MST). Several previous studies
have demonstrated that gains in offline MST performance
can be predicted by the rate of oscillations linked to memory
consolidation—slow-oscillations, spindles and ripples (35, 40,
42). In total, 14 subjects completed the task (5 with bilateral
sampling). In most subjects (9/14), cross-frequency and cross-
regional sleep oscillation couplings were computed for the one
recorded hemisphere and compared to MST task performance
of the contralateral hand. In 5 subjects with SEEG recordings
from both hemispheres, the electrophysiological features were
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averaged across hemispheres and compared to average MST task
performance across hands.

The rates of each sleep oscillation in each region, the rates of
coupling of each sleep oscillation combination (i.e., slow
oscillation-spindle, slow oscillation-ripple, spindle-ripple, slow
oscillation-spindle-ripple) within each region, and the rates of
coupling of each sleep oscillation combination across each region
were computed (40 rates in total, see Methods and Fig. 3). This
first round of analyses excluded sleep oscillations that co-occurred
with epileptic activity in any region. We analyzed the correlation
between each of these 40 combinations of sleep oscillations
(uncoupled and coupled, within and across brain regions) and
performance change on the motor sequence typing task. In this
univariate analysis, the rate of sleep oscillations correlated posi-
tively with overnight MST performance change for 36/40 predic-
tors (Fig. 44). Significant correlations (uncorrected permutation
tests, P’ < 0.05, see Methods) were found between overnight MST

performance change and hippocampal-OFC—coupled ripple rate
(r = 0.54), hippocampal slow oscillation-ripple coupling rate (r =
0.54), hippocampal ripple rate (r = 0.47), and OFC slow oscilla-
tion -hippocampal ripple coupling rate (r = 0.47). These results
indicate a consistent presence of ripples among the significant
positive correlations with overnight MST performance change.

Co-occurrence of Epileptic Activity with Sleep Oscillations Across
Distant Brain Regions Disrupts Motor Memory Consolidation. As
all subjects included had drug refractory epilepsy, we were also able
to investigate the impact of epileptic activity on overnight MST
performance change. To do so, we detected epileptic spikes during
N2 and N3 sleep using an automated epileptic spike detector
(Methods). We found that the rate of sleep oscillations with
coupled epileptic spikes correlated negatively with overnight MST
performance change for 30/40 predictors (Fig. 4B). Significant
correlations (uncorrected permutation tests, P < 0.05, see Methods)
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Fig. 3. Cross-frequency and cross-regional sleep oscillations that predict motor memory consolidation. (A and B) To estimate sleep-dependent memory
consolidation, subjects typed a 5-digit sequence quickly and accurately for twelve 30 s trials with each hand before sleep. Neurophysiological recordings were
obtained during sleep. After sleep, subjects were tested on the motor sequence task (MST). (C) During stages 2 and 3 non-rapid eye movement sleep the rates
of slow oscillations, sleep spindles, and ripples; all pairwise combinations of these oscillations within and across regions; and triple-coupling within and across
regions were used as predictors to model overnight MST performance change.
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Fig. 4. Sleep oscillations predict improved memory consolidation, unless coupled to epileptic spikes. (A and B) Univariate correlations between rates of
sleep oscillation predictors (A) uncoupled or (B) coupled to epileptic spikes and overnight performance change. Symbols centered on each tick mark indicate
the rhythmic feature (SO, spindle, ripple, or epileptic spike) and colors indicate the brain region (blue—orbitofrontal cortex; green—thalamus; orange—
hippocampus); see legend. (C) Individual scatterplots of a subset of selected predictors with overnight MST performance change. (D) lllustration of the 10
epileptic spike coupled sleep oscillation rates negatively correlated with memory consolidation and included in the partial least squares model were SOs
occurring in (i) OFC and (iii) hippocampus, (ii) spindles occurring in thalamus, SOs co-occurring in (iv) OFC-thalamus, (v) OFC-hippocampus, and (vi) thalamus-
hippocampus; (vii) SOs co-occurring with ripples in OFC, and (viii) SOs co-occurring with spindles in thalamus; (ix) SOs in OFC co-occurring with thalamic
spindles, and (x) ripples in OFC. (E) Prediction of overnight change in MST performance using a partial least squares (PLS) derived model versus the observed
overnight performance change. Each point indicates data from one subject, and the line indicates equality. R4 is predictive correlation from leave-one-out

(LOO) cross-validation.

were found for epileptic-spike-coupled slow oscillation rates in the
OFC (r = -0.81), hippocampus (r = -0.70), and thalamus (r =
-0.47), as well as for epileptic spikes coupled to co-occurring slow
oscillations across regions: OFC and thalamus (r = -0.63), OFC
and hippocampus (r = -0.61), and thalamus and hippocampus
(r = -0.48). In the OFC, epileptic-spike-coupled ripple rates
(r=-0.52) and SO-ripple rates (r = -0.72) showed strong negative
correlations with MST performance change. Two additional
significant correlations included thalamic spindles: epileptic-spike-
coupled thalamic slow oscillation-spindle rates (r = -0.60) and
epileptic-spike-coupled OFC slow oscillation-thalamic spindle
rates (r = -0.66). Finally, epileptic spikes coupled to triple coupling
across the cortex (slow oscillation), thalamus (spindle), and
hippocampus (ripple) showed a significant negative correlation
(r = -0.47). Thus, across predictors, the significant negative
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correlations consistently involved epileptic spikes co-occurring
with at least slow oscillations (Fig. 4C). Epileptic spike rate alone,
in contrast, was inconsistently correlated with memory across
regions, with only OFC epileptic spike rate (r = -0.49) showing
a significant negative relationship to MST performance change.

Optimal Predictors of Sleep-Dependent Motor Memory
Consolidation in Epilepsy. To identify the optimal predictors for
MST performance change from the 83 assessed individual and
coordinated sleep oscillation rates, we first identified predictors
that consistently covaried with MST performance change across
subjects in a leave-one-out predictor selection procedure (Methods;
Fig. 4 A and B). Of the 83 original predictors, a subset of 14
predictors were selected. This subset included three positive
predictors: the rate of ripples co-occurring in the hippocampus
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and OFC (without epileptic spikes), the rate of hippocampal
ripples, and the rate of hippocampal slow oscillation-coupled
ripples. The remaining 11 predictors that negatively correlated
with performance change included OFC epileptic spike rate and
10 sleep oscillations with co-occurring epileptic spikes, where 8 of
these predictors included slow oscillations coupled with epileptic
spikes (Fig. 4 Cand D).

Applying partial least squares regression (Methods) to these 14
predictors, we found that the model explained 62% of the variance
in overnight motor performance change across subjects
(leave-one-out cross-validation predictive R = 0.79, SE 0.17, P =
2¢-6; Fig. 4E). Controlling for the influence of epileptic spike
rates on the predictors (Methods), we found that the resulting
model still explained 41% of the variance (S Appendix, Fig. S6),
demonstrating that epileptic spikes co-occurring with sleep oscil-
lations are more impactful on memory consolidation than epilep-
tic spikes occurring in isolation. Consistent with this result, after
controlling for epileptic spike rates, the feature-level correlations
to motor performance change retained a systematic relationship
with the original, unadjusted correlations (R = 0.71, P = 2e-7,
SI Appendix, Fig. S6). We conclude that coordinated sleep oscil-
lations across the OFC, thalamus, and hippocampus support
motor memory consolidation and that epileptic spikes coupled to
these rhythms interfere with this process.

Conceptual Model of the Hierarchical Coordination of Sleep
Oscillations Supporting Memory Consolidation. Our findings
support a model in which slow oscillations in the orbitofrontal
cortex serve as primary organizers of network oscillatory activity
during stages 2 and 3 non-rapid eye movement sleep. Slow
oscillations show a consistent temporal ordering across the OFC,
thalamus, and hippocampus, which aligns with traveling-wave-
like dynamics or with local oscillatory generators coordinated
by reciprocal connections or a common drive. In the thalamus,
the slow oscillation facilitates thalamocortical and/or thalamo-
hippocampal spindles during the down-to-upstate transition.
The slow oscillation up-state also comodulates and coordinates
hippocampal and orbitofrontal ripples. This orchestrated cascade
of activity across the network is graphically represented in Fig. 54.

Conceptual Model of Sleep-Dependent Memory Impairment
in Epilepsy. Our findings suggest a model in which memory
impairment in epilepsy results from the interference of coordinated
sleep oscillations by co-occurring epileptic spikes. Although slow
oscillations normally orchestrate memory consolidation through
spindle and ripple facilitation, in epilepsy, slow oscillations can
also facilitate epileptic spikes on the initial up-state (9, 47). As
observed in rodent models, when an epileptic spike is coupled to a
slow oscillation, it can hijack (26, 34) this foundational oscillatory
event and interfere with the downstream physiological cascade.
Notably, rates of epileptic spikes coupled to slow oscillations
were among the most consistent negative predictors of overnight
motor performance change. This disrupted oscillatory cascade is
illustrated in Fig. 5B.

Discussion

In this manuscript, we show a hierarchical coordination of sleep
oscillations that supports human motor memory consolidation
and that epileptic spikes can hijack this process to impair memory
in epilepsy. Orbitofrontal slow oscillations modulate a cross-
regional cascade of oscillations in which the downstream rate of
hippocampal ripples—coupled to orbitofrontal ripples or alone—
predicts successful overnight MST performance change. Critically,
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Fig. 5. The hierarchical cascade of sleep oscillations underlying memory
consolidation and their disruption in epilepsy. (A) Slow oscillations show a
temporal ordering, presenting firstin the orbitofrontal cortex, then thalamus
and hippocampus (blue arrows). Slow oscillations facilitate spindles during
the down-to-upstate transition (black arrow), which are coordinated between
the thalamus and both the cortex and hippocampus (green arrows). Slow
oscillations also facilitate ripples during the up-state (dotted gray arrows).
Ripples coordinated across the hippocampus and frontal cortex maximally
facilitate overnight memory consolidation (white arrows). (B) Epileptic
spikes coupled to slow oscillations (red arrows) interfere with memory
consolidation, potentially by corrupting the information transfer supported
by this hierarchical cascade of sleep rhythms.

the coupling of epileptic spikes to sleep oscillations, especially slow
oscillations, interferes with this overnight behavioral change.
The sequential pattern we observed, whereby orbitofrontal slow
oscillations modulate thalamic spindles and hippocampal ripples,
supports the established framework proposed for systems memory
consolidation (15, 16, 48). In this framework, slow oscillations
create windows of excitability, spindles facilitate plasticity, and
ripples reactivate or “replay” action potential sequences to enable
cross-regional synaptic strengthening for long term memory stor-
age. Our data are consistent with observations that slow oscilla-
tions initiate in the frontal cortex (5, 6) to organize widespread
activation across the thalamus and hippocampus. Further, our
finding that coupled hippocampal and orbitofrontal ripples are
strong positive predictors of memory consolidation is consistent
with prior observations that hippocampal replay is directed toward
the orbitofrontal cortex for integration and long-term storage (1,
12, 17). Additionally, we found a modest up-regulation of tha-
lamic spindles and hippocampal ripples preceding the first slow
oscillation up-state, also noted by others (17, 49, 50). As this could
indicate a preparatory or bidirectional information flow, these
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subtle temporal dynamics require further investigation, potentially
through interventional studies.

A key finding of our study is that the negative impact of epi-
leptic spikes on memory is not explained solely by the overall
burden of epileptic spikes, but predominantly by the rate at which
epileptic spikes are coupled to critical sleep oscillations. Interactions
between epileptic spikes and sleep oscillations have been recog-
nized as a significant factor in the memory impairment seen in
epilepsy (9, 32, 34, 47, 51-53). We find that epileptic spikes,
coupled with slow oscillations in any of the regions studied were
strong negative predictors of overnight motor memory consoli-
dation. As slow oscillations orchestrate the cross-regional
slow-oscillation-spindle-ripple cascade, spikes interfering with the
foundation of this hierarchy could prevent (9, 31, 51) or distort
(51, 54, 55) the intended information transfer typically supported
by spindles and ripples. Cortical and subcortical excitability are
known to be elevated in epilepsy (56), which may increase the
rates of epileptic spikes and sleep oscillations and, therefore, the
chance-level occurrence of epileptic-spike-sleep-oscillation cou-
pling. However, prior studies indicate that sleep oscillations are
decreased in epilepsy (9, 34, 35). Further, after accounting for the
influence of epileptic spike rates, epileptic spikes coupled to sleep
oscillations remained strong predictors of motor performance
change in our data. These results suggest a potential therapeutic
direction to improve memory function in epilepsy is to decouple
spikes from slow oscillations.

Ripples and ripple-associated replay have classically been asso-
ciated with the unique architecture and function of the hippocam-
pus (44). However, evidence now exists that the neocortex and
the thalamus produce discrete bursts of fast oscillations that
approximate hippocampal ripple morphologies and, at least in the
neocortex, can show similar replay (12, 13, 46). We identified
ripples in the hippocampus, cortex, and thalamus with distinct
morphological features (i.e., duration, amplitude, and frequency).
However, these morphological differences alone are insufficient
to clarify the potential functional difference. These ripple-like
events in the thalamus and neocortex also coupled strongly with
slow oscillations and spindles. Our work supports prior findings
in rodent models that sleep oscillations in the prefrontal-cortex
and hippocampus may uniquely facilitate targeted reactivation
and strengthening of specific memory engrams (23, 57).

Spike-independent triple-coupling of slow oscillations, spin-
dles, and ripples was not selected in our analysis to predict over-
night motor performance change. This result suggests that the
hierarchical cascade of sleep oscillations may primarily function,
with respect to systems memory consolidation, to facilitate ripples,
which did predict overnight performance change. In contrast,
triple-coupling that co-occurred with epileptic spikes was associ-
ated with worse memory, while we did not identify a relationship
between spike-coupled hippocampal ripples and performance
change. This finding suggests that, when present in the full cascade
of triple-coupled oscillations, epileptic spikes may expand, scram-
ble, or distort replay and memory processes more than an epileptic
spike can on a focal ripple alone (26, 29, 30, 32, 58-61).
Alternatively, an epileptic spike coupled to a slow oscillation may
hijack the circuit and prevent downstream spindles or ripples from
occurring (9).

The MST used in this study engages procedural memory. The
MST corresponds to functional activation of the hippocampus
and frontal cortex (62, 63) and benefits from sleep-dependent
consolidation, potentially via ripple-mediated replay (2, 38).
Indeed, we observed that hippocampal-orbitofrontal cortex ripple
coupling positively predicted overnight MST performance change,
possibly reflecting the consolidation of spatial or sequential aspects
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of this task (38). However, whether offline changes in MST per-
formance reflect memory enhancement remains debated, and sleep
oscillations may preferentially stabilize performance rather than
improve it (64, 65). While MST served as a robust assay for the
network dynamics of motor memory, intracranial human signals
(ripples, high-frequency activity, and single-neuron activity) have
been linked to multiple memory domains, including episodic
verbal retrieval and replay (14), spatial memory (66), associative
memory (67), semantic/autobiographical memory (68), and tem-
poral organization of episodic memories (69). Thus, future work
should investigate whether the observed coordination and disrup-
tion patterns in sleep also generalize to these other domains
of memory.

Our findings are based on recordings from patients with epi-
lepsy. While these data enable a unique opportunity to observe
widespread brain dynamics and probe the impact of epileptic
disruptions on sleep oscillations and memory, patients with epi-
lepsy also have a range of neurophysiological abnormalities.
Despite the disparate epilepsy etiologies evaluated, we saw con-
sistent relationships between sleep oscillations and memory, as has
previously been reported in both patients with epilepsy and con-
trols (34, 35). Further, the predictive model we report here requires
confirmation in larger, independent cohorts. Future work explor-
ing oscillatory coordination across different sleep stages, early
versus late sleep, and the contributions of additional brain regions
linked to procedural memory, such as the striatum, will provide
a more complete picture. Investigating the precise timing of epi-
leptic spikes within the slow-oscillation cycle and their relationship
to subsequent spindle and ripple activity could offer deeper mech-
anistic insights.

In our analyses, coupling is measured as event-level temporal
coordination or co-occurrence within and across different
recording sites. This metric does not make a claim on phase
synchronization between continuous oscillations but does not
preclude it. Accordingly, the present framework captures
cross-regional coordination but does not uniquely determine
whether the observed relationships arise from a single distributed
generator expressed across sites or from locally generated oscil-
latory bursts whose timing is aligned by common input or recip-
rocal interactions. While bipolar referencing, unique regional
characteristics, and systematic nonzero lags argue for locally
generated bursts rather than volume conduction (43), defini-
tively adjudicating generator structure and directionality will
require higher-density sampling, biophysical source modeling,
and/or causal perturbation. We note that the temporal ordering
of slow oscillations across regions was consistent regardless of
whether the downstate trough or the preceding zero-crossing
was used as the reference point, though the trough provided
more stable delay estimates, likely due to regional differences in
slow oscillation waveform morphology (5, 70). Measures of indi-
vidual events inevitably combine signal and noise, yielding
potential false-positive and false-negative detections. However,
we found no temporal modulation of false spindle or ripple
detections around slow oscillations in simulated noise (see
SI Appendix, Fig. S7), indicating that the coupling structure we
observe in human data is not an artifact of detection from ape-
riodic activity (71). Nonetheless, while these existing detection
methods perform adequately here and in other studies (18, 34,
35, 40, 72), future work can further justify and optimize these
event detection techniques.

In conclusion, our findings reveal a complex interplay of sleep
oscillations across the orbitofrontal cortex, thalamus, and hip-
pocampus that supports motor memory consolidation. Epileptic
spikes coupled to this oscillatory cascade interfere with motor
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memory consolidation and highlight one mechanism by which
epileptic activity can impair cognition in patients with epilepsy.
These results deepen our understanding of systems-level memory
consolidation and identify candidate mechanisms to target when
developing treatments for memory dysfunction in epilepsy.

Methods

Subject Data Collection. We prospectively recruited patients undergoing clin-
ical evaluation for drug-resistant epilepsy at Massachusetts General Hospital
who had simultaneous stereo-electroencephalography (sEEG) recordings from
the medial orbitofrontal cortex (OFC), thalamus, and hippocampus, along with
scalp EEG. The orbitofrontal cortex was selected due to its dense recurrent con-
nectivity with the hippocampus (73) and thalamus (74-76), as well as its role in
processes of memory (77). All patients provided informed consent, and the study
was approved by the Massachusetts General Hospital Institutional Review Board.

Electrode localization was performed using pre- and postoperative high-res-
olution MRI scans coregistered with postimplantation CT scans. We first visually
assessed the gross electrode positions in the medial orbitofrontal cortex, thal-
amus, and hippocampus of sEEG electrodes for which these areas were the
intended targets during surgical placement. To refine localization, we analyzed
the electrophysiological signals along each electrode shaft, identifying transitions
into white matter by noting sharp reductions in signal amplitude. This two-step
approach allowed forimproved anatomical localization of recording sites. Specific
thalamic and hippocampal subregions sampled for each subject are detailed in
Sl Appendix, Table S2.

EEG Data Collection, Preprocessing, and Channel Selection. Intracranial EEG
data were collected using the clinical Natus Quantum system (Natus Neurology
Inc., Middleton, W1). Depth electrodes (PMT Depthalon depth platinum electrodes
with 3.5 mm spacing, 2 mm contacts, and 0.8 mm diameter; or AdTech depth
platinum electrodes with 5-8 mm spacing, 2.41 mm contact size, and 1.12 mm
diameter) were placed in the regions of clinical interestand sampled at 1,024 Hz.
Using only intracranial electrophysiology, we sleep staged based on a validated
algorithm that was intended for use in patients with epilepsy (78). This algorithm
has shown 85% accuracy at detecting non-rapid eye movement sleep stages
using slow oscillation and spindle activity across electrodes. We analyzed only
non-REM stage two and stage three sleep segments (N2 and N3) for analysis
(mean 276 min, minimum 146.5 min, maximum 438.5 min). All N2 and N3
sleep segments over one night were concatenated for analysis.

For slow oscillation detections, we used all electrodes from the medial OFC,
thalamus, and hippocampus with a midline, far-field noncephalic reference
over the second cortical spinous process. For spindle, ripple, and epileptic spike
detections, we examined adjacent medial OFC, thalamic, and hippocampal depth
electrodes in a bipolar reference. We applied bipolar referencing for improved
spatial and temporal resolution for these higher frequency, spatially localized
oscillations.

Epileptic Spike Detection. To detect epileptic spikes, we used a previously
developed method (9, 79). First, we bandpass filtered the data both forward
and backward using a finite impulse response (FIR) filter between 25 to 80 Hz
(MATLAB function filtfilt). We then applied a Hilbert transform, calculated the
analyticsignal, and the amplitude envelope of this signal. For each voltage signal,
the moments when the amplitude envelope exceeded three times the mean
amplitude were identified as candidate spikes. To ensure the candidate spikes
were not due to gamma-band oscillatory bursts or spindles, we also calculated
the regularity of oscillations in an interval (+0.25 s for gamma, £0.3125 s for
spindles) around each candidate spike. To assess the regularity of the signal in this
interval, we computed the Fano factor (80) estimated by i) detrending the interval
of unfiltered data at each candidate spike, ii) identifying peaks and troughs after
limiting maximum delays between extrema (between peaks or between troughs)
to 1/50 s for gamma-band oscillatory bursts or 1/20 s for spindles, iii) calculat-
ing the interpeak and intertrough intervals, and iv) estimating the ratio of the
variance of the interpeak and intertrough intervals to the mean of the interpeak
and intertrough intervals. We then removed candidate spikes if the maximum
deviation (calculated by rectifying the data and identifying the maximum volt-
age) of the unfiltered data was below three times the mean amplitude or if the
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Fano factor was less than 2.5 for gamma-band oscillatory bursts or less than 5
for spindles. We additionally required that the candidate spike peak was at least
twice the value of the nearest neighboring peak. Of the resulting spikes, those
detected within 20 ms of one another were merged into a single spike detection.
We visually examined individual detections and the averaged spike waveform
for each subject to confirm that the method accurately detected epileptic spikes
in cortical, hippocampal, and thalamic recordings. We show example averaged
spike waveforms and the time-frequency spectrogram in S/ Appendix, Fig. S5.

Slow Oscillation Detection. We applied a method consistent with prior publica-
tions (9, 15,20, 72) to capture the 0.75 to 1 Hz range of slow oscillations. Briefly,
slow oscillations were detected by i) filtering the data (both backward and forward)
into the 0.4 to 4 Hz band using a FIR filter (4092 order); ii) identifying all negative
to positive zero-crossings and the time interval t between subsequent negative
to positive zero-crossings; iii) retaining all time intervals of duration 0.75 s <t
< 3 s(corresponding to oscillations between ~0.4 to 1.33 Hz, due to filtering)
and identifying the negative peak and peak-to-peak amplitude; iv) omitting
intervals in the bottom 75th percentile of peak-to-peak amplitude and detections
with peak greater than 1,000 pV or trough less than —1,000 pV; v) retaining any
remaining intervals as slow oscillations. When estimating the cross-correlation
histograms, we omitted slow oscillations that co-occurred with an epileptic spike
within 0.5 s prior to the downstate and 1 s after the downstate [based on results
from Wodeyar et al. (9)].

spindle Detection. We applied an existing spindle detector with robustness
to epileptic spikes and sharp transients (34). The spindle detector estimates a
latent state-the probability of a spindle-using three features: the Fano factor
(estimated for data FIR filtered between 3 and 25 Hz), normalized power in the
spindle band (9 and 15 Hz), and normalized power in the theta band (4 and 8
Hz). Distributions of expected values for these parameters were determined using
manually detected spindles in the scalp EEG of subjects with sleep-activated
spikes.The spindle detector estimates the probability of a spindle in 0.5 sintervals
(0.4 s overlap). We detected a spindle when the probability crossed 0.95, chosen
by optimizing the sensitivity and specificity of the detector. We retained spindles
with a minimum duration of 0.5 s, a maximum duration of 5's, and separated
by at least 0.5 s; spindles within 0.5 s of one another were merged into a single
spindle detection. We visually confirmed that the method accurately detected
sleep spindles in OFC, hippocampal, and thalamic recordings and omitted all
spindles that had a co-occurring spike within the spindle duration for cross-cor-
relation histogram analysis.

We estimated spindle frequencies following a method similar to that proposed
in Kwon etal. (81).To do so, we i) ensured each spindle reached duration 10's;
ii) applied a Hanning taper; iii) computed the spectrum; iv) removed from the
spectrum the 1/f-like background estimated between 4 and 50 Hz; v) determined
the frequency of maximum power between 9 and 15 Hzin the resulting spectrum.
We repeated this process for all detected spindles.

Ripple Detection. We detected ripples using a validated method adapted from
Staba etal.(82)and applied in several studies (18, 40). Fora given bipolar signal,
we i) bandpass filtered the signal between 70 and 150 Hz; ii) applied the Hilbert
transform to compute the ripple-band envelope; iii) estimated the RMS ampli-
tude of the ripple-band envelope and set the threshold for ripple detection at the
97.5th percentile, similar to that used in other studies (20, 40, 83); iv) retained
ripples that exceeded the 97.5th envelope threshold for at least 6 ms, produced
at least 6 voltage peaks in both the raw and the bandpass filtered signal, and
possessed a ripple-band envelope >3 SDs above the mean for all values in a
200 ms interval centered on the ripple-band envelope peak. For the cross-corre-
lation histogram analysis, we omitted ripples that co-occurred with a spike within
0.5 s. Ripple spectrograms computed using a multitaper spectral estimate with
2 Hz bins, standardized within subject, and averaged across subjects are shown
in S Appendix, Fig. S4.

Temporal Coupling Estimates. \We estimate cross-regional and cross-frequency
relationships using event-based covariance statistics, specifically the normalized
cross-correlation histogram (9). In this approach, we use event detections to
estimate relationships between regions and oscillations, thus minimizing bias
from interictal activity in the original SEEG data. Throughout this manuscript,
coupling refers to the temporal co-occurrence of events within and across different
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recording sites, not necessarily to phase synchronization between continuous
oscillations. For each slow oscillation detection, we assigned the event time to
the downstate trough. For each spindle detection, we assigned the event time to
eitherthe spindle start time or the maximum amplitude moment depending on
the analysis performed. For each ripple detection, we assigned the event time to
the moment of maximum amplitude. We compute the cross-correlation histo-
gram between two rhythms (oscillation, and oscillation,) in two regions (region,
and region,) as follows: i) create binary time series for each region, marking the
eventtimes of oscillation, in region, and oscillation, in region,; ii) determine the
time t; of each event i from the binary time series of oscillation, in region,; iii)
compute the delays between all events in the binary time series from oscillation,
in region, within + 3 s s of each t.. These delays for all channel pairs in the two
regions within each subject were computed.

To estimate the population-level distribution of event incidence around
slow oscillation downstate troughs, we employed the following bootstrapping
approach: i) For every iteration of the bootstrap, we sampled randomly with
replacement from all hemispheres of all subjects to select 26 hemispheres and
concatenated all delays relative to downstate trough event detections from each
selected hemisphere. i) We generated a smoothed estimate of the histogram
of the resampled delays using 75 ms kernel smoothing (MATLAB fitdist). iii) We
calculated the histogram in 25 ms intervals from —3 to +3 s relative to a slow
oscillation downstate trough. We repeated the entire procedure 100 times to
generate 100 resampled histograms yielding a sampling distribution for the lag
histogram. We then calculated the up or down-regulation of event occurrences by
dividing the histogram between[—2,2] s by the average of the histogram in the
—2.8to —2sand 2 to 2.8 s intervals (avoiding edge effects from normalization).
This approach yields a modulation value for time bins between [—2, 2] s that can
be interpreted as the multiplicative factor applied to the average event rates of
the oscillation over the [-2.8, —2] s and [2, 2.8] s intervals. The mean and SE of
the normalized histogram were estimated. We repeated the procedure above to
assess temporal relationships between slow oscillations across regions, between
OFC slow oscillations and spindles across regions, and between OFC slow oscil-
lations and ripples across regions. Separately, we calculated the total number of
events using unnormalized histograms with 25 ms time bins, summing across
all subjects.

To assess the contamination of co-occurring events by noise, we simulated
3 h of pink noise (1/f* with & = 1) representing activity from three channels
during NREM sleep periods for one night and repeated this 26 times (reflecting
the sample size). We then applied the previously described detectors to identify
slow oscillations (mean = 5.08/min, SE = 0.01), spindles (mean = 3.57, SE =
0.03), and ripples (mean = 0.46, SE = 0.07). Although the percentile-based
thresholding ensures nonzero detections of events even for pink noise, our appli-
cation of the method discussed above to estimate normalized lag histograms
revealed a uniform and limited pattern of co-occurrence around slow oscillations
(S Appendix, Fig. S7). This result suggests that the modulation in spindle or
ripple event rates around slow oscillations is not driven by aperiodic noise (71).

Finger Tapping MST. For the behavioral task, we used the finger tapping MST
(37), a widely used assay in sleep research on procedural learning. This task is
expected to capture sleep-dependent motor memory consolidation or stabiliza-
tion (38, 64) in healthy adults, where performance improves or remains stable
after sleep compared to an equal period of wakefulness. Subjects were asked to
place their fingers on four numerically labeled keys on a standard number pad.
They were then instructed to repeatedly type a 5-digit sequence (e.g., 4-1-3-2-4)
as quickly and accurately as possible during twelve 30 s trials separated by 30
s rest periods (Fig. 34). To minimize the involvement of working memory, the
sequence was displayed on a monitor during the typing trials. Subjects were
trained on separate sequences with their left and right hands before sleep, with
a 10 min break between left- and right-hand training sessions. Following sleep,
subjects were tested on the same sequences on the left and right hand, respec-
tively, for 12 trials each with an intervening 10-min break. MST performance in
one 30 s trial was calculated as the number of correctly typed sequences. However,
inthe hospital setting, this measure can yield performance outliers due to inatten-
tion, task interruption, or misplacement of the fingers on the keys. To identify and
exclude outliers across trials, we followed the procedure in Manoach et al. (84).
For each subjectand each hand, we fitan exponential model to the learning curve
during training and included a constant offset to the exponential model during
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postsleep testing. If performance on any trial fell more than two SD below the
model fit, it was excluded as an outlier. To quantify overnight MST performance
change for each hand, we calculated the percentage difference between the mean
number of correctly typed sequences in the last three trials of the training ses-
sion and the mean of the first three valid postsleep trials, following previously
published procedures (37). Note that in our dataset this never led to the use of
trials beyond the first three for the morning testing session for any subject. MST
performance change was averaged across hands when electrophysiology from
both hemispheres was available to ensure that each subject contributed only
one behavioral measure; otherwise, contralateral performance change was used.

Sleep Oscillation Metrics. We detected slow oscillations, spindles, and ripples
in all three regions analyzed and used these detections to estimate average rates
(the number of detections divided by the total recording duration in minutes)
within each region for each subject. We also measured the co-occurrence rates
of slow oscillations, spindles, and ripples across regions, as well as rates of slow
oscillation and spindle co-occurrence, slow oscillation and ripple co-occurrence,
and spindle and ripple co-occurrence within and across regions. Finally, we cal-
culated the triple-coupling between slow oscillations, spindles, and ripples both
within region and across regions, and when possible, averaged this rate across
hemispheres. Fora visual representation of all 40 occurrences and co-occurrences
computed, see Fig. 3C.

We define co-occurrence as follows. For slow oscillations, co-occurrence
denotes events that occur within =1 s of the downstate trough; for spindles,
co-occurrence denotes events that occur within +0.5 s of the spindle maximum;
for ripples, co-occurrence denotes events that occur within 0.1 s of the ripple
maximum. When calculating co-occurrence between a lower frequency oscillation
and higher frequency oscillation, the lower frequency oscillation temporal interval
was used to determine event co-occurrence.

To assess the influence of sleep oscillations and epileptic spikes on overnight
MST performance change, we partitioned event rates into two categories. In the
first category, we selected sleep oscillation events without a co-occurring epileptic
spike in any region. To do so, we omitted slow oscillations that co-occurred with
an epilepticspike ina[—0.5, 1] s interval around the downstate trough, spindles
with an epileptic spike that co-occurred during the spindle duration, and ripples
that co-occurred with an epileptic spike ina[—0.5, 0.5] s interval around the peak
ripple amplitude. In the second category, we analyzed sleep oscillation events
with a co-occurring epileptic spike.To do so, we included sleep oscillation events
for which an epileptic spike occurred within the intervals defined for the first
category. Finally, we calculated epileptic spike rates within each region as the
average spike rate of all channels in a region. In total, we obtained 40 features in
the first category of sleep oscillation events without epileptic spikes, 40 features
in the second category of sleep oscillation events with epileptic spikes, and 3
epileptic spike rate features (one in each region), yielding a total of 83 features.
We estimated univariate Pearson correlations between all features and overnight
MST performance change. Additionally, we examined correlations between all
predictors and the MST performance change after controlling for epileptic spike
rates across the OFC, thalamus, and hippocampus. This involved first building
the following linear model for each predictor Y, and spike rates OF Cgs, THAL,
and HIPP:

Y, = By + B10FCes + B, THAL + B3HIPP + e,

where By, B, B, and B, are estimated coefficients. We then used the resulting
residuals e; as the new residualized predictor representing information that was
not explainable from the spike rates alone.

Partial Least Squares Regression. Given the large number of features (k = 83),
the relatively small number of samples (n = 14 subjects), and the high level of
correlation among the features, we applied the partial least squares (PLS) regres-
sion technique (85) to characterize the relationship between oscillatory coupling
and MST performance change. PLS, a multivariate statistical analysis technique
robust to highly correlated predictors, has been successfully applied to assess
relationships between oscillatory coupling and behavior (86, 87).

PLS is analogous to principal components analysis in that components are
created to optimally predicta response (dependent variable). Here, the response
Y is the overnight performance change and the predictors X are the 83 sleep
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oscillation and epileptic spike features. After standardizing the predictor X and
response Y variables, we apply the plsregress function in MATLAB which imple-
ments the SIMPLS (88) algorithm. SIMPLS iteratively retrieves the first left singular
vector (i.e., the vector with the largest eigenvalue) from the decomposition of the
matrix X"Y, removes the subspace associated with that singular vector from X'Y,
and repeats the process. Subsequently, a small number of singular vectors are
used instead of the original predictors to generate a set of parameter estimates
to predict the response Y.

To improve performance of the PLS model, we implemented stability selection
(89,90)as afirst step. To select candidate predictors, we computed the univariate
correlation between each feature and the response and retained a feature as a
predictor in the PLS model if the P-value of the univariate correlation (calculated
using a t-statistic with MATLAB's corrcoef function) was P < 0.1. We chose the
threshold of P < 0.1 since univariate correlations do not account for the unique
variance explained by each feature in a multivariate model. We applied this pre-
dictor stability selection procedure for each leave-one-out subset of samples. The
leave-one-out procedure calculated the correlation and p-value between each
candidate predictor and the response over 13 samples and repeated this pro-
cess for each leave-one-out subset. This candidate predictor selection procedure
resulted in n = 14 sets of candidate predictors, one set for each left out sample.
To identify the predictors that occurred consistently across these nsets, we applied
a binomial test (n = 14, assuming a null probability of 0.10 given the threshold
P-value selected) to the nsets of candidate predictors. Doing so resulted in selec-
tion of 14 of 83 predictors (Results) for analysis. To assess the predictive strength
of the PLS model with these selected predictors, we performed leave-one-out
cross-validation, training the PLS model on the selected predictors from each
subset of n — Tsubjects. We applied the PLS model with four singular vectors,
though other values for this hyperparameter yielded similar predictive ability
for the model. We did not assess performance of the PLS model on any training
data as the model is intentionally overfit to these data. We bootstrapped the
response over the n PLS model predictions, (i.e., we sampled with replacement
from all pairs of predictions and response and recalculated the correlation for each
bootstrapped dataset) to estimate the SD for the predictive Pearson correlation.

Statistical Analysis. For the cross-correlation histograms, we tested whether
event probabilities were significantly up-requlated or down-regulated relative

1. M.Geva-Sagiv et al., Augmenting hippocampal-prefrontal neuronal synchrony during sleep
enhances memory consolidation in humans. Nat. Neurosci. 26, 1100-1110 (2023).

2. J.Kim, A Joshi, L. Frank, K. Ganguly, Cortical-hippocampal coupling during manifold exploration in
motor cortex. Nature 613, 103-110(2023).

3. C.-FV. Latchoumane, H.-VV. Ngo, J. Born, H.-S. Shin, Thalamic spindles promote memory formation
during sleep through triple phase-locking of cortical, thalamic, and hippocampal rhythms. Neuron
95,424-435.66(2017).

4. A.Fernandez-Ruiz et al., Long-duration hippocampal sharp wave ripples improve memory. Science
364,1082-1086(2019).

5. Y.Niretal, Regional slow waves and spindles in human sleep. Neuron 70, 153-169 (2011).

6. M.Massimini, R. Huber, F. Ferrarelli, S. Hill, G. Tononi, The sleep slow oscillation as a traveling wave.
J. Neurosci. 24, 6862 (2004).

7. D.Contreras, A. Destexhe, T.J. Sejnowski, M. Steriade, Spatiotemporal patterns of spindle
oscillations in cortex and thalamus. J. Neurosci. 17, 1179-1196 (1997).

8. R.A.Mak-McCully etal., Coordination of cortical and thalamic activity during non-REM sleep in
humans. Nat. Commun. 8, 15499 (2017).

9. A.Wodeyar et al., Thalamic epileptic spikes disrupt sleep spindles in patients with epileptic
encephalopathy. Brain 147,2803-2816 (2024).

10. K. Diba, G. Buzsaki, Forward and reverse hippocampal place-cell sequences during ripples. Nat.
Neurosci. 10, 1241-1242 (2007).

11. A.G.Siapas, M. A. Wilson, Coordinated interactions between hippocampal ripples and cortical
spindles during slow-wave sleep. Neuron 21,1123-1128(1998).

12. C.W.Dickey et al., Thalamic spindles and Up states coordinate cortical and hippocampal co-ripples
in humans. PLoS Biol. 22, 3002855 (2024).

13. D.Khodagholy, J. N. Gelinas, G. Buzsaki, Learning-enhanced coupling between ripple oscillations in
association cortices and hippocampus. Science 358, 369-372 (2017).

14. A.P.Vaz,J. H. Wittig, S. K. Inati, K. A. Zaghloul, Replay of cortical spiking sequences during human
memory retrieval. Science 367, 1131-1134(2020).

15. J.Born, I. Wilhelm, System consolidation of memory during sleep. Psychol. Res. 76, 192-203
(2012).

16. B.P Staresina, Coupled sleep rhythms for memory consolidation. Trends Cogn. Sci. 28, 339-351
(2024).

17. R.F Helfrich et al., Bidirectional prefrontal-hippocampal dynamics organize information transfer
during sleep in humans. Nat. Commun. 10, 3572 (2019).

18. X.Jiang, J. Gonzalez-Martinez, E. Halgren, Coordination of human hippocampal sharpwave ripples
during NREM sleep with cortical theta bursts, spindles, downstates, and upstates. J. Neurosci. 39,
8744-8761(2019).

PNAS 2026 Vol.123 No.27 2517454123

to baseline (value = 1).To account for multiple comparisons across time bins, we
adjusted Cl to control the false discovery rate across the 4 s interval and report the
mean and FDR-adjusted 95% Cl for all instances of up- or down-regulation of
event probabilities (91), thus controlling false positives at a 5% rate. Oscillation
characteristics were tested using paired t tests and were deemed significant after
Bonferroni multiple-comparison correction when appropriate. We used permuta-
tion tests to assess the uncorrected P-values of univariate correlations given the
small sample size, non-Gaussianity of correlations, and ability to permute subject
labels. We used partial least squares regression with predictor selection to predict
overnight MST performance change and reported the correlation coefficient (R)
between predicted and observed performance change with a bootstrapped Cl
(Partial Least Squares Regression). All statistical tests were two-tailed. Analyses
were performed using MATLAB (version R2019b, The MathWorks Inc., Natick, MA).

Data, Materials, and Software Availability. Data needed to reproduce primary
figures from this paper and code to reproduce analyses are made available at
Zenodo (92). De-identified raw data may be made available to qualified research-
ers upon reasonable request to the corresponding author, subject to institutional
review, applicable ethical approvals, and execution of an appropriate data use
agreement.
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