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Abstract  46 

Bidirectional interactions between sleep, seizures, and epilepsy remain incompletely 47 

understood. Evidence from animal models and people with focal epilepsy suggest that 48 

seizures may engage mechanisms of memory consolidation during post-ictal sleep to 49 

reinforce and strengthen synaptic connections within the pathological networks that 50 

generates seizures, termed seizure-related consolidation (SRC). Human studies of post-ictal 51 

sleep changes supportive of SRC, however, are limited by small sample size and restricted 52 

observations of post-ictal sleep. We investigated the interplay between seizures and sleep 53 

by analyzing sleep-wake and seizure catalogs derived from continuous local field potential 54 

(LFP) recordings in 11 people (6 males and 5 females) with drug-resistant focal epilepsy 55 

implanted with novel investigational devices and living in their natural environments. Our 56 
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findings demonstrate that post-ictal rapid-eye-movement sleep duration is reduced, whereas 57 

slow-wave sleep duration, slow-wave LFP spectral power and waveform slope are increased 58 

compared to inter-ictal nights without preceding seizures. The most significant changes 59 

localize to the epileptogenic networks generating the participants’ habitual seizures. These 60 

results reveal parallels between SRC and physiological memory consolidation, providing 61 

novel insights into the potential role of post-ictal sleep in strengthening epileptic neural 62 

engrams, and may have implications for targeted disruption of post-ictal sleep and SRC in 63 

focal epilepsy. 64 

Significance Statement 65 

This study uses long-term intracranial local field potential (LFP) recordings to investigate the 66 

relationship between seizures and sleep in epilepsy. The post-ictal slow-wave sleep 67 

duration, spectral power, and waveform slope are increased compared to inter-ictal. Post-68 

ictal rapid-eye-movement sleep duration is reduced. These changes are most significant 69 

within the epileptogenic networks that generate the participants habitual seizures. While this 70 

study cannot directly elucidate the mechanism involved in post-ictal sleep modulation, the 71 

study results are consistent with post-ictal sleep reinforcing pathological seizure networks 72 

through a process similar to physiological memory consolidation, here termed seizure-73 

related consolidation (SRC). These results provide novel insights into the potential role of 74 

post-ictal sleep in epilepsy, with implications for potential targeted disruption of post-ictal 75 

sleep and SRC. 76 

Introduction  77 

Sleep is essential for brain health and facilitating learning and memory (Huber et al. 2004; 78 

Klinzing, Niethard, and Born 2019). Sleep is often disrupted in neurological and psychiatric 79 

disorders, but distinguishing whether sleep directly mediates brain dysfunction or simply 80 

reflects disease changes remains challenging. Leveraging long-term monitoring in 81 
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individuals living in their natural environment has strengthened the connection between poor 82 

sleep and chronic medical conditions, underscoring the potential of sleep as a therapeutic 83 

target (Zheng et al. 2024). 84 

 85 

In epilepsy, the interplay between seizures and sleep has long intrigued clinicians and 86 

researchers (Gowers 1885). However, most studies utilizing invasive brain recording are 87 

relatively short, multi-day recordings during inpatient hospital settings and inherently limited 88 

for investigating the longitudinal interplay between seizures and sleep (Peter-Derex et al. 89 

2020). Growing evidence supports reciprocal sleep-epilepsy relationships, with sleep 90 

disturbances increasing seizures (Bazil 2017) and seizures disrupting sleep architecture, 91 

including spindles and slow-wave activity (Boly et al. 2017). 92 

 93 

Beyond acute seizure events, long-term pathological changes in synaptic connectivity—a 94 

hallmark of epileptogenesis—are believed to be a central mechanism in epilepsy 95 

progression. In animal models, epileptic activity directly competes with normal plastic 96 

changes required for memory formation (Ferrero et al. 2025). Similarly, people with epilepsy 97 

often exhibit impaired memory formation that scales proportionally with their overall seizure 98 

burden (Hermann et al. 2020). The concept of seizure-related consolidation (SRC) posits 99 

that recurrent seizures exploit the mechanisms of memory formation, acting as powerful 100 

“engrams” to strengthen pathological networks (Goddard and Douglas 1975; M. Bower et al. 101 

2015; M. R. Bower et al. 2017; M. R. Bower 2024) and alters sleep homeostasis. Evidence 102 

of seizure reactivation and consolidation has been observed in individuals with temporal lobe 103 

epilepsy (M. R. Bower et al. 2017; M. Bower et al. 2015) supporting parallels between SRC 104 

and physiological memory mechanisms. Electrophysiological biomarkers, including inter-ictal 105 

epileptiform spikes (IES), high-frequency oscillations, and seizures, may represent powerful, 106 

pathological epileptic engrams. These biomarkers are increasingly seen as potential targets 107 
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for therapeutic interventions aimed at disrupting SRC processes (Hsu et al. 2008; M. Bower 108 

et al. 2015; Ferrero et al. 2025).  109 

 110 

While promising, the investigation of SRC and its relationship with sleep in ambulatory 111 

humans is hindered by the inaccuracy of self-reported seizure and sleep diaries (Lauderdale 112 

et al. 2008; Elger and Hoppe 2018). To address these challenges, we developed machine 113 

learning (ML) frameworks for classifying sleep-wake states and detecting seizures from 114 

continuous intracranial local field potential (LFP) recordings. The ML algorithms are applied 115 

to long-term LFP data from investigational devices implanted in individuals with focal 116 

epilepsy and provide accurate sleep-wake and seizure classification catalogs (Kremen et al. 117 

2019; Sladky et al. 2022; Mivalt et al. 2022). We previously used these ML classification 118 

algorithms to demonstrate the role of sleep-wake states in multiscale cycles of seizures, IES, 119 

mood, impedance, and seizure forecasting (Dell et al. 2021; Mivalt, Kremen, et al. 2023; 120 

Kremen et al. 2025). 121 

 122 

A particularly interesting finding in our previous studies was that individuals experience 123 

longer sleep durations on nights following seizures (Dell et al. 2021). Given sleep’s 124 

established role in learning and memory (Diekelmann and Born 2010; Walker and Stickgold 125 

2010), this aligns with the hypothesis that post-ictal sleep facilitates the SRC process. Scalp 126 

EEG studies are also consistent with this observation, demonstrating increased post-ictal 127 

non-REM (NREM) sleep duration, slow-wave activity (SWA), and waveform slope following 128 

focal to bilateral tonic-clonic seizures (Boly et al. 2017). 129 

 130 

In the current study, chronic intracranial LFP recordings from people with focal epilepsy 131 

show increased post-ictal slow-wave sleep duration, SWA spectral power and waveform 132 

slope. Interestingly, the post-ictal REM durations are decreased, consistent with previously 133 
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reported findings epilepsy monitoring unit studies (Bazil, Castro, and Walczak 2000; Nobili et 134 

al. 2025). In summary, the novel long-term LFP data support a possible role for SRC in 135 

human epilepsy and highlight the potential of targeting interventions (Ferrero et al. 2025; Lai 136 

et al. 2024) to disrupt post-ictal NREM sleep and SRC. 137 

Materials and Methods  138 

Experimental Design and Statistical Analyses 139 

Human Participants  140 

We analyzed two cohorts (cohorts #1 & #2) of human participants with drug-resistant focal 141 

epilepsy implanted with investigational devices providing continuous local field potential 142 

(LFP) sensing from multiple brain regions (Figure 1A and Figure S1). 143 

Cohort #1 (NC) includes continuous, long-term LFP data from participants implanted with the 144 

investigational seizure advisory system (NeuroVista Inc.) between March 24, 2010, and June 145 

21, 2011 in Melbourne, Australia (Cook et al. 2013). Seizure onset networks included 146 

neocortical temporal, frontal, and parietal brain regions (Table 1). Participants were 147 

implanted with four subdural, 4-contact, cortical strip electrode arrays over the region of the 148 

seizure focus. The subdural arrays were connected to lead extensions tunneled down the 149 

neck to an implantable subclavicular LFP recording and telemetry unit. The LFP data were 150 

wirelessly transmitted to a hand-held device running algorithms to detect and forecast 151 

seizures (Cook et al. 2013). Due to various technical factors, the NC cohort suffers from 152 

substantial data loss, which potentially limits the scope of our analysis. Consequently, we 153 

introduced quantifiable metrics to delineate subjects into inter-ictal and post-ictal 154 

groups (Figure 1D): 1.) each participant contributed ≥ 10 days of continuous LF  recordings 155 

in each period covering both interictal nights (no seizures for at least 48 (NC cohort) or 24h 156 
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(mT cohort) before the night) and postictal night (first night within 24h after a seizure) 157 

periods. 2.) For each participant, we included only days where ≥ 80 % of the total recording 158 

time during the night was successfully recorded. 3.) No missing data either at the beginning 159 

or ends of the sleep/nights. Using above criteria, we were able to identify six participants 160 

from the NC cohort (5 males and 1 female). We report average data rate in 24-hour day 161 

cycle for each NeuroVista participant in Figure S2 in supplementary data (including six 162 

selected participants for our study). We show an example of one week data for NC-2 163 

participant with seizures, hypnogram, and electrophysiological features of LFP to 164 

demonstrate how sleep scoring reflects power in bands, and the challenge to select interictal 165 

data (Figure S3). The opposite scenario can happen with rare seizure occurrence making 166 

selection of postictal data challenging. Also note that most of the seizures happen during 167 

Awake behavioral state. 168 

Cohort #2 (mT) includes continuous, LFP data from 5 participants (1 male and 4 females) in 169 

a clinical trial using the investigational Medtronic Summit RC+STM between July 10, 2019 170 

and October 23, 2023 at Mayo Clinic, MN, USA (Table S2) (Kremen et al. 2024). All 171 

participants had bilateral amygdala-hippocampus onset seizures (Table 1). Four leads with 172 

4-electrode contacts targeted the bilateral amygdala-hippocampus and anterior nucleus of 173 

thalamus. Lead extensions were tunneled down the neck to a subclavicular rechargeable, 174 

electrical stimulation, LFP sensing, and wireless telemetry device (Figure 1A). The LFP data 175 

were wirelessly streamed to a cloud storage using BrainRISE, a platform ecosystem for 176 

automatic data capture and automated data analysis (seizure and spike detection, sleep 177 

scoring, and participant reporting) (Sladky et al. 2022; Kremen et al. 2025; Mivalt et al. 178 

2022). 179 

The neocortical epilepsy participants (NC 1-6) had electrode contacts in the neocortex 180 

targeting seizure onset zone (SOZ) and outside the seizure onset zone (NSOZ). The 181 

participants with mT (mT 1-5) had bilateral independent seizures recorded from electrodes in 182 

epileptogenic hippocampus bilaterally.  Data from these 11 participants was used for the 183 
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evaluation of sleep duration, sleep architecture, and slow-wave LFP spectral power and 184 

waveform slope. We analyzed SOZ and NSOZ contacts to investigate electrophysiological 185 

differences in the brain regions generating seizures in the neocortical epilepsy participants.  186 

All participants from NC and mT cohort provided informed consent for device implantation 187 

and research participation, and human subjects research approval was provided by the 188 

respective institutional review boards based at University of Melbourne (NC) and Mayo Clinic 189 

(mT). 190 

Intracranial Electrophysiology Recordings 191 

The LFP were continuously recorded from multiple brain structures using the NeuroVista and 192 

RC+STM devices (Figure 1). The NeuroVista device recorded 16 channels of subdural LFP 193 

data using an average reference (calculated from the 16 contacts) and sampled at 400 Hz 194 

(bandwidth 0.85 – 100 Hz) from temporal, frontal, and parietal neocortex. For the NC cohort, 195 

we separated electrodes into two groups: Seizure Onset Zone (SOZ) electrodes versus non-196 

SOZ (NSOZ) electrodes.  Electrodes were classified based on the seizure onset within a 1-197 

second onset window.  198 

 199 

The RC+STM device recorded four bipolar LFP channels sampled from the 16 parenchyma 200 

electrode contacts in the bilateral anterior nucleus of the thalamus (ANT), amygdala (AMG), 201 

and hippocampus (HPC). The LFP was sampled at 250 Hz (bandwidth 0.85 – 80 Hz). Long-202 

term recordings from the 5 participants included at least 1 month of LFP data.  203 

The analysis encompassed a combined dataset of 1,501 day-nights of chronic recordings 204 

drawn from both cohorts. 205 

Automated Seizure Detection 206 
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We used an automated deep learning model (convolutional neural network with long short-207 

term memory: CNN-LSTM) to label candidate seizures (Sladky et al. 2022). The CNN-LSTM 208 

seizure detector was developed and validated previously within a complex study with 209 

sensing devices implanted in naturally occurring canine and human epilepsy. Long-term 210 

records from humans and canines with epilepsy living in their natural environments provided 211 

a large data set of spontaneously occurring seizures. These datasets are highly imbalanced 212 

because seizures are relatively rare events when compared to the continuous inter-ictal LFP 213 

data. The CNN-LSTM seizure detector represents a technological evolution from early 214 

seizure detectors based on hand-crafted features and traditional machine learning to modern 215 

methods employing deep learning for automated feature extraction (Nejedly et al. 2019; 216 

Sladky et al. 2022).  The full performance analysis, including the sensitivity and specificity of 217 

the CNN-LSTM seizure detector when applied to this study cohort, is tested by Sladky 218 

(Sladky et al. 2022) showing AUROC 0.97+/-0.03 on NC dataset and 0.99+/-0.01 on mT 219 

dataset. 220 

In this study the detector's performance, was optimized for high sensitivity and generated a 221 

set of candidate seizure detections. These candidate detections were visually reviewed by 222 

an epileptologist to accurately identify and annotate true seizures, leveraging the detector's 223 

high sensitivity to minimize the risk of missing seizure events. 224 

Automated Behavioral State Classification 225 

We classified sleep-wake states using our previously developed automated machine 226 

learning (ML) framework for LFP-based behavioral state classification (Kremen et al. 2019, 227 

2017; Mivalt et al. 2022). This framework in general enables unsupervised, semi-supervised, 228 

and supervised learning to classify the behavioral state: Awake, NREM (N2 and N3 ), 229 

and REM(Kremen et al. 2019). The general approach employs a human expert-in-the-loop 230 

ML paradigm, training and testing on invasive LFP recordings simultaneous 231 

with polysomnography (PSG) scored against AASM criteria (Silber 2012). The validity of the 232 
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LFP-based classification against gold-standard scalp PSG has been previously established 233 

(Kremen et al. 2019, 2017; Mivalt et al. 2022). 234 

For the medial mT cohort, we utilized the classifier reported previously by Mivalt et al. (Mivalt 235 

et al. 2022). The performance metrics for this specific dataset were: overall -score of 236 

0.90 (NREM -score: 0.94; REM -score: 0.67; Awake -score: 0.83), and have been used in 237 

prior analyses of  the mT  cohort (Mivalt et al. 2022; Kremen et al. 2025; Mivalt, Sladky, et al. 238 

2023). 239 

For the NC cohort, we implemented the unsupervised classification framework originally 240 

developed and validated on subjects with intracranial electrodes implanted for epilepsy 241 

evaluation (Kremen et al. 2019). Given that the NC dataset consisted only of 242 

neocortical  electrodes (lacking the depth  electrodes included in the original validation 243 

cohort (Kremen et al. 2019)), we retested the published unsupervised method (Kremen et al. 244 

2019, 2017) to include REM sleep and suitability for transfer to the NC cohort. This retesting 245 

involved applying the approach exclusively to data from the neocortical channels of a 246 

combined cohort in Kremen at al. (Kremen et al. 2019) (LFP recorded with iEEG using grids 247 

and strips only, scalp EEG, and gold-standard PSG annotations), selecting electrode for 248 

sleep scoring for each available patient, annotate data based on EEG features, train the 249 

classifier, and test/compare the classifier to a gold standard labels. This modified approach 250 

yielded an overall accuracy of 0.87 and an estimated F1 score of 0.82 for Awake, F1 = 0.87 251 

for REM, and F1=0.65 for REM, which supports suitability for transfer to the NC data, despite 252 

being slightly lower than the original published results that incorporated  sEEG electrodes 253 

(Kremen et al. 2019, 2017). Final results of the sleep classification for the NC data were 254 

used in previous published studies (Dell et al. 2021; Payne et al. 2021). 255 

Electrophysiological Features 256 

The LFP data from subdural strips and penetrating parenchyma electrodes were exported as 257 

Multiscale Electrophysiology Format (MEF 258 
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https://www.mayo.edu/research/labs/bioelectronics-neurophysiology-engineering/data-code-259 

sharing) files and analyzed using custom algorithms developed in Python programming 260 

language (Python 3.8) to characterize LFP features similar to work by Carvalho at el. 261 

(Carvalho et al. 2024). Spectral power in all channels was obtained for specific frequency 262 

bands of interest in each 30-sec epochs following a previously described approach using 263 

Fast Fourier Transform (Kremen et al. 2017), and consistent with previous literature (Varga 264 

et al. 2016; Marshall et al. 2006). We first applied a bandpass finite impulse response (FIR) 265 

filter with zero-phase-shift to bandpass signal in the 0.5 - 35 Hz band to extract spectral 266 

power features. The filter length was 2000, and we used a hamming window design method. 267 

A power spectral density related to SWA was calculated in Delta band (1 - 3 Hz). We 268 

summarized the data by calculating the mean Delta Power across all visually scored NREM 269 

sleep epochs.  270 

We obtained SWA down slopes similar to those of other authors (Riedner et al. 2007; 271 

Jaramillo et al. 2020). For artifact-free NREM data segments, we first filter the signal by a 272 

bandpass FIR filter with zero phase shift into 0.5 – 35Hz band (same as above). Like 273 

Riedner, subsequently, we apply a 50-millisecond moving average filter. Then, we detect 274 

zero crossings of the signal and select the descending segments of negative half-waves 275 

whose zero crossings were separated by 0.25 to 1.0 seconds for slow waves. We followed 276 

the approach similar to Achermann et al. (Bersagliere and Achermann 2010) with filter 277 

amplitude set at +/- 5 uV to eliminate waveforms we did not feel confident represented SWA. 278 

As discussed by multiple authors in PSG slow wave literature, setting higher amplitude filters 279 

is a significant problem in older adult subject due to smaller amplitudes of waveforms, which 280 

can lead to bias. Moreover, both Acherman’s and Riedner's studies showed that small or no 281 

amplitude cut-off SWs are homeostatically regulated and may be more sensitive than 282 

applying amplitude thresholds(Bersagliere and Achermann 2010). Subsequently, 283 

we automatically identified troughs of slow waves after each zero-crossing on the signal. 284 

And as a final step, we divide the amplitude difference (in µV) (descending negative slope) 285 
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by their interval (time difference between them in seconds). Summary slope metrics were 286 

obtained by averaging each slow wave slope in delta bands in each 30-second epoch and 287 

then across all NREM epochs, generating a mean positive and negative delta-slope estimate 288 

during NREM sleep for each electrode (Fig 1D).  289 

We implemented the algorithm and provided examples of its use and documentation in the 290 

Behavioral STate Analysis Toolbox (BEST) (https://github.com/bnelair/best-toolbox), a 291 

Python package for behavioral state analysis using EEG. BEST includes tools for automated 292 

sleep classification of long-term iEEG data recorded using implantable neural stimulation 293 

and recording devices, removal of DBS artifacts, and feature extraction from the EEG data, 294 

now including delta and slow oscillation slopes. The tools were developed in 295 

the Bioelectronics Neurophysiology and Engineering Laboratory at Mayo Clinic, Rochester, 296 

MN, USA. The codes for the analysis pipeline above and one specific example of using it 297 

one patient and in single night, including the data, can be found at: 298 

https://github.com/bnelair/best-toolbox/blob/master/projects/slow_wave_detection/readme.rst 299 

Statistics 300 

 We used linear mixed-effects models (LMMs) and generalized linear mixed-effects models 301 

(GLMMs) to analyze the effect of seizures on SWA and sleep duration. All statistical 302 

analyses were conducted in R programming language. Models were fit using the “lme4” 303 

package, with adjusted means and comparisons calculated via the “emmeans” package. 304 

LMMs were fitted using restricted maximum likelihood (REML), and degrees of freedom 305 

were approximated using the Satterthwaite method. All post-hoc comparisons were adjusted 306 

using the Tukey method. 307 

For models with SWA (delta power or delta slope) as the dependent variable, we included a 308 

random intercept for each patient-channel interaction to account for repeated measures 309 

within subjects and channels. For sleep duration models, which were summarized at the 310 

patient level, we included only patient as a random intercept. 311 
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Data were categorized using several fixed-effect predictors. These included “channel-type”, 312 

defined as SOZ versus NSOZ; “night-type”, defined as “post-ictal” (nights following a 313 

seizure) versus “inter-ictal” nights without a preceding seizure; and “night-time”, defined as 314 

“Early” (NREM within 2 hours of sleep onset) versus “Late” (NREM more than 4 hours after 315 

sleep onset). 316 

For analyzing the effect of post-ictal slowing on sleep length and SWA, we defined 317 

immediate post-ictal activity as the 10-minute interval starting 1 minute after seizure offset. 318 

The control inter-ictal activity was defined 10-minute intervals starting 3 hours before sleep 319 

onset. Separate models were fitted to the NC and mT datasets. We also created a combined 320 

dataset model for the sleep duration models. 321 

The analysis of sleep duration involved several LMMs. The sleep duration model included 322 

"night-type" as the sole fixed-effect predictor. In a separate model, NREM and REM 323 

durations were modeled jointly using the interaction term “night-type” * “sleep-stage” 324 

(NREM/REM), which included separate random effects for patient for both NREM and REM. 325 

To analyze the quantitative effect of seizure duration, another LMM for sleep duration used 326 

“seizure length” as its sole predictor. Additional LMMs examining the effect of seizure length 327 

on SWA power and slope included both “seizure length” and “channel-type” as predictors. 328 

Total seizure duration was calculated as the total time in seizure over the 24-hour period 329 

preceding (‘ictal day’) the analyzed post-ictal nights. Standardized beta coefficients were 330 

calculated for the seizure length estimates from these models. 331 

Changes in SWA (delta power and slope) during post-ictal nights were investigated using a 332 

GLMM with a Gamma distribution and log-link function. This model's fixed effects included 333 

“channel-type”, “night-type”, and “night-time”, along with two interaction terms: “channel-334 

type” * “night-type” and “night-time” * “night-type”. 335 

Finally, to quantify the relationship between post-ictal power, SWA (delta power and delta 336 

slope), we performed a series of linear regressions. These fits were calculated for each 337 
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unique patient-channel combination and stratified by “night-type” (inter-ictal vs. post-ictal) 338 

and “channel-type” (SOZ vs. NSOZ). The strength of each linear fit was determined by the 339 

Pearson's r-value. The resulting distributions of r-values from inter-ictal and post-ictal 340 

periods were then compared separately for SOZ and NSOZ channels using a Wilcoxon rank-341 

sum test. 342 

Results  343 

We analyzed two unique long-term LFP datasets from 16 participants with focal drug-344 

resistant mesial temporal lobe epilepsy (mT) and neocortical epilepsy (NC). Our selection 345 

criteria, mainly driven by sufficient LFP data rates that allows for the analysis, were fulfilled in 346 

6/11 NC and 5/5 mT participants. A final selection of the 11 patients (5 mT and 6 NC) and 347 

their demographics is shown in Table 1. Overall, across all participants, our study analyzed a 348 

dataset including 1,501 days with 1,223 days in interictal category and 278 days in postictal 349 

category (Table 2). 350 

Table 1 and Table 2 near here. 351 

Figure 1 near here.  352 

Seizures in Ambulatory Participants with Focal Epilepsy 353 

The 11 participants had seizures originating from hippocampus (5/11), temporal neocortex 354 

(3/11), frontal neocortex (2/11), or parietal neocortex (1/11) (Table 1). The circadian-355 

ultradian distribution of seizures varied across participants. Seizures were classified into 356 

diurnal (daytime: 8AM – 12-midnight), nocturnal (>12midnight – 8AM), or mixed. The 357 

participants with mT had mostly diurnal seizures with subject specific unimodal, bimodal or 358 

uniform distribution patterns.  The participants with neocortical epilepsy have a more varied 359 

temporal distribution of seizures occurrence with both nocturnal and diurnal patterns (Figure 360 

2 A&C). 361 
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Distribution of Sleep Stages Across Nights in Ambulatory 362 

Participants with Focal Epilepsy 363 

The performance of sleep scoring classifier yielded an overall F-1 score of 0.90. Sub-epoch 364 

performance was F1 = 0.94 for REM, F1 = 0.83 for Awake, and F1=0.67 for REM sleep. This 365 

scoring methodology is consistent with prior analyses of the dataset (Mivalt et al. 2022; 366 

Kremen et al. 2025; Mivalt, Sladky, et al. 2023).  Lacking gold-standard sleep annotations for 367 

the Neocortical (NC) cohort, we adapted our previously validated classification approach. To 368 

establish performance relevant to the NC channel locations, we re-trained the 369 

classifier exclusively using the neocortical channels from a combined dataset from Kremen 370 

et al (Kremen et al. 2019) (LFP recorded with iEEG strips and grids only, scalp EEG, and 371 

gold-standard PSG annotations) for each patient and then transferred the approach to the 372 

NC dataset. This yielded an overall accuracy of 0.87 and an estimated F1 score of 0.82 for 373 

Awake, F1 = 0.87 for NREM, and F1=0.65 for REM, which was deemed acceptable for 374 

transfer to the NC data. While this performance was marginally lower than the original 375 

published results that incorporated sEEG electrodes (Kremen et al. 2019), the core 376 

classification methodology for the NC data aligns with our prior work (Kremen et al. 2019; 377 

Mivalt et al. 2022; Mivalt, Sladky, et al. 2023). The same results for NC sleep classification 378 

(sleep labels) were previously used in studies analyzing the NeuroVista data (Dell et al. 379 

2021; Payne et al. 2021). 380 

The circular histograms of the diurnal distribution of behavioral states (Wakefulness, NREM, 381 

REM) and seizures reveal participant-specific seizure and sleep patterns (Figure 2). Except 382 

for participants mT-2 & NC-3 who had very little REM, the circular histograms for sleep-wake 383 

show increased NREM compared to REM in the early part of the night followed by shift to 384 

more NREM/REM cycles with longer REM sleep duration later in the night, as was reported 385 

in limited duration sleep-wake studies (Merica and Gaillard 1986; Fuller, Gooley, and Saper 386 

2006). Three participants with mT had markedly reduced REM/NREM ratios (mT-2, NC-3, 387 
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NC-5). The remaining participants had more physiologically normal sleep distributions, with 388 

more NREM sleep early in the night and more REM sleep later in the night sleep cycle.   389 

Figure 2 near here.  390 

Seizure-associated alterations in sleep architecture and 391 

electrophysiology 392 

Analysis of sleep duration (Figure 3, Table 3, Table S1) shows the alternation of total sleep 393 

duration and NREM sleep in post-ictal versus inter-ictal sleep. Both average total sleep time 394 

(TST) and average NREM sleep time across participants were longer during nights following 395 

daytime seizures (post-ictal nights) than for interictal nights. Average postictal night TST was 396 

8.83 ± 0.30 hours vs. interictal night TST of 8.43 ± 0.29 hours (p<0.01), while post-ictal night 397 

average NREM sleep time was 6.03 ± 0.29 hours vs. interictal night NREM sleep time of 398 

5.69 ± 0.29 hours (p <0.001). On the contrary the REM phase of sleep was shortened, with 399 

1.47 ± 0.21 hours post-ictal vs. 1.67 ± 0.20 in interictal nights (p<0.05, Table 3). 400 

Figure 3 and Table 3 near here. 401 

 402 

There were also post-ictal sleep changes on microarchitectural and electrophysiological 403 

levels. Both SWA (1 – 3 Hz power and LFP waveform slope) during NREM sleep were 404 

increased on post-ictal nights compared to inter-ictal nights (Figure 4, Table 4). The delta 405 

LFP power was higher in post-ictal sleep in both cohorts in early and late phases of the 406 

night, but larger in the early night (Table 4).  Furthermore, the increased SWA (both power 407 

and slope) were greater in the SOZ compared to NSOZ in the neocortical participants where 408 

the analysis was possible (Table 4). The increased delta power was greater during the early 409 

portion of the night (first two hours of the night) but also persisted into the latter half of the 410 

night (more than 4 hours into the night) in both SOZ and NSOZ electrodes. Similar 411 

results appeared in the mT cohort during the early night, involving only the SOZ electrodes, 412 
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where SWA (both delta power and slope) were higher in the early part of post-ictal nights. 413 

Notably, we found similar findings of larger post-ictal effects on SWA early in the night 414 

compared to later in the sleep cycle, consistent with previous observations from shorter data 415 

sets by Boly et al. (Boly et al. 2017). 416 

Figure 4 and Table 4 near here. 417 

We also investigated if there were any effects of seizure length (distributions of seizure 418 

durations for each patient is shown in supplementary data in Figure S4) or 419 

electrophysiological post-ictal slowing on electrophysiology dynamics of SWA and sleep 420 

structure at nights after seizures. Our results suggest that seizure duration calculated as a 421 

sum of the durations of all seizures occurring during the ictal day preceding the analyzed 422 

post-ictal night does not significantly affect total sleep, NREM, or REM duration and has 423 

minimal impact on SWA (both delta power and slope) in early phase of post-ictal nights 424 

(Figure 5 and Table 5).  To test the effect of post-ictal slowing on SWA in post-ictal nights, 425 

we characterized post-ictal slowing as a post-ictal delta power and tested its effect on SWA 426 

electrophysiological markers (delta power and slope). We found that post-ictal delta power is 427 

less correlated with SWA (delta power and slope) than during control interictal days. The 428 

median r-value = 0.26 for delta power in post-ictal nights while in inter-ictal night median r-429 

value = 0.56 (p < 0.01). Similarly for delta slope median r-value in post-ictal nights is 0.24 430 

compared to 0.49 in inter-ictal nights (p<0.001). This was only true in pathological regions of 431 

the brain in SOZ electrodes while there was no effect found in NSOZ electrodes (Figure 6).   432 

Figure 5 and 6 near here. 433 

Discussion  434 

This study investigated post-ictal slow wave sleep using long-term continuous LFP 435 

recordings in ambulatory participants with focal epilepsy living in their natural home 436 

environment. We quantified inter-ictal and post-ictal slow-wave sleep and observed 437 
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consistent changes in post-ictal slow wave sleep duration, SWA spectral power, and SWA 438 

slope. While increased NREM sleep duration may simply reflect the brain's restorative 439 

process following the physiological stress of a seizure, our electrophysiological findings are 440 

consistent with studies of systems-related consolidation with enhanced slow-wave activity as 441 

a key biomarker (Klinzing, Niethard, and Born 2019). Similar findings were also reported in 442 

short-term scalp EEG studies where sleep SWA power and waveform slope were positively 443 

correlated with the frequency of secondary generalized seizures in the days preceding sleep 444 

and at scalp locations associated with the underlying focal epilepsy localization (Boly et al. 445 

2017; Moffet et al. 2020). Focal increases in sleep SWA in the nights after motor learning 446 

tasks have also been described in neurologically normal research participants (Huber et al. 447 

2004).  In summary, the findings presented here support a process of seizure-related 448 

consolidation in human focal epilepsy. While prior studies of systems-related consolidation 449 

have largely focused on NREM sleep, and where we report consistent electrophysiology 450 

features, the exploration of post-ictal REM sleep changes is relevant for a complete picture 451 

of memory and emotional regulation. Here we found that overall REM sleep duration is 452 

decreased in the nights after seizures. This is consistent with previously reported findings in 453 

short-term studies at Epilepsy Monitoring Units (Bazil, Castro, and Walczak 2000; Nobili et 454 

al. 2025). Future investigations will focus more broadly on focal epilepsy sleep architecture. 455 

 456 

Furthermore,  animal models support targeting consolidation to disrupt seizure related 457 

consolidation in epileptic networks (Lai et al. 2024; Ferrero et al. 2025). Lai et al. recently 458 

showed that a mammalian target of rapamycin (mTOR) signaling pathway inhibitor delivered 459 

during the post-ictal period yielded the largest seizure and IES reduction, and subsequently 460 

demonstrated similar findings for IES in a pilot human trial. While Ferrero at el. showed how 461 

properly spatiotemporally targeted closed-loop electrical brain stimulation can eliminate the 462 

abnormal cortical activity patterns and prevent progression of long-term spatial memory 463 
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deficits in rodents with epilepsy. These studies suggest the potential importance of post-ictal 464 

targeting of interventions to prevent or reduce pathologic consolidation of epilepsy engrams.  465 

 466 

Studies in larger numbers of participants are required to confirm the preliminary findings 467 

reported here. Future studies should also address the relationships between sleep patterns 468 

and common comorbidities, such as memory, mood and cognitive dysfunction.  Lastly, these 469 

findings may prove useful for investigating targeted neuromodulation using currently 470 

available brain stimulation devices to disrupt consolidation of seizure engrams during post-471 

ictal slow wave sleep. We have recently initiated such a trial in people with focal epilepsy 472 

implanted with anterior nucleus of thalamus FDA approved devices. 473 

Data and Software Availability  474 

The data underlying this article will be shared upon reasonable request to the corresponding 475 

authors. The software tools created by authors and used for this article are published at 476 

Mayo Clinic's Bioelectronics Neurophysiology and Engineering Laboratory webpage 477 

(https://www.mayo.edu/research/labs/bioelectronics-neurophysiology-engineering/overview) 478 

and Github repository (https://github.com/bnelair). 479 
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Figure legends 624 

 625 

Figure 1. Continuous long-term monitoring of local field potentials (LFP) in people 626 

with drug resistant focal epilepsy. (A) Investigational implantable neural sensing devices 627 

were used to record continuous long-term LFP from amygdala-hippocampus in 5 participants 628 

with mesial temporal lobe epilepsy (mT) and in 6 participants with frontal, temporal or 629 

parietal neocortical epilepsy. (B) Validated automated machine learning algorithms were 630 

used to detect electrographic seizures and to classify each 10 second window of continuous 631 

LFP as inter-ictal (non-seizure) or ictal (seizure). (C) Sleep-wake state was classified as 632 

wakefulness (W), rapid eye movement (REM) or REM (N1, N2, or N3) sleep.  (D) The data 633 

were split into nights after seizures (post-ictal) and nights without prior seizures in last 48-634 

hours (inter-ictal). The duration of wakefulness, NREM, and REM and slow-wave sleep 635 

activity LFP micro-sleep features were analyzed. 636 

 637 

 638 

Figure 2. Circadian distributions of seizures and sleep-wake using continuous long-639 

term local field potentials (LFP). The LFP recorded from participants with mesial temporal 640 

epilepsy (mT) or neocortical focal epilepsy (NC) over months.  (A) 5 participants with mT 641 

(mT 1-5) and seizures recorded from amygdala-hippocampus. Seizures were diurnal with 642 

seizures occurring at participant specific time-of-day. (B)  Participants with focal neocortical 643 

seizures recorded from temporal (NC 1-3), frontal (NC 4-5) and parietal (NC-6) localizations. 644 

One participant had nocturnal seizures (NC-3) with decreased REM during the night (C&D) 645 

Circular histograms of sleep-wake states for mT and NC participants (frontal, temporal and 646 

parietal).  647 

 648 
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Figure 3. Macro-architecture of inter-ictal and post-ictal sleep. Total sleep duration is 649 

the is the elapsed time from sleep onset to sleep offset. NREM sleep duration is the sum of 650 

all NREM sleep stages. Total sleep time duration as well as NREM duration was increased 651 

for post-ictal versus inter-ictal slow-wave sleep.  REM sleep duration, however was shorter 652 

on nights after seizures compared to inter-ictal nights. Individual subject mean values ± 653 

standard deviation in gray. The Black lines represent estimated fixed effects of a Linear 654 

Mixed Effect Model (* p < 0.05, ** p < 0.01, **** p < 0.0001) with error bars showing 95% 655 

confidence intervals. 656 

 657 

Figure 4. Micro-architecture of sleep in post-ictal nights. Analysis of Local field 658 

potentials (LFP) in slow-wave (NREM) sleep in inter-ictal nights and post-ictal nights after 659 

seizures. Inter-ictal night was defined by absence of seizures during the preceding 24 hours. 660 

Post-ictal night was defined as sleep after seizures during awake time preceding the night. 661 

The LFP slow-wave analysis during NREM sleep was performed to quantify the slow-wave 662 

slope (Top) and delta frequency (1 - 3 Hz) band power (Bottom). The LFP slow-wave slope 663 

was increased during post-ictal nights compared to inter-ictal nights for both mT and NC 664 

participants. The LFP delta power was increased during post-ictal nights compared to inter-665 

ictal nights for mT and NC participants. Same trend is visible in both seizure onset zone 666 

(SOZ) and non-seizure onset zone (NSOZ) electrodes. For both, delta band power and delta 667 

slope the absolute values are higher at SOZ versus NSOZ electrodes. In NC cohort, SOZ 668 

electrodes have a positive significant interaction in postictal nights for Delta power (p<0.05), 669 

and Delta slope (p<0.01).   The results show Estimated Marginal Means (EMMs) contrasts 670 

from the output of Generalized Linear Mixed Effect Model. Error bars represent 95% 671 

confidence intervals. P-values were adjusted for multiple comparisons using the Tukey 672 

method. (* p < 0.05, **** p < 0.0001). 673 

 674 
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 675 

 676 

Figure 5. Effect of seizure length on electrophysiological biomarkers in post-ictal 677 

nights. The figure shows distribution of a logarithmic Delta power and Slope and seizure 678 

length across NC dataset in early post-ictal nights (first two hours). The lines are the fitted 679 

coefficients of Linear Mixed Effect Model (LMM) with shaded area representing 95% 680 

confidence intervals. The data points are corrected by removing the patient/channel-specific 681 

baseline variability (LMM random effect). Seizure length has similar but very minimal 682 

significant effect on Delta power (A) and Delta slope (B) in both SOZ an NSOZ channels 683 

(p<0.01, LMM).  684 

 685 

Figure 6. Correlation of Postictal Power with SWA Power and SWA Slope. The top 686 

panel shows the distribution of Pearson's r-values from linear fits between postictal power 687 

and SWA Power. The bottom panel shows the same for fits between postictal power and 688 

SWA Slope. Each data point represents a unique correlation from an individual patient-689 

channel combination; different symbols mark patient identity. In SOZ electrodes, the 690 

correlation during postictal nights is significantly weaker and more variable compared to 691 

interictal nights (SWA Power: p < 0.01; SWA Slope: p < 0.001; Wilcoxon rank-sum test). 692 

  693 

JN
eurosci

 Acce
pted M

an
uscr

ipt



Tables 694 

Subject Age (yrs) Sex Onset (yrs) ASM SOZ #Days/#Seizures  

Seizure Advisory System (NeuroVista Inc.) 

NC-1  35-40 M 5-10 CBZ, LCM, PRP, 

TPM 

nTL; prior ATLE 465/101 

NC-2  45-55 M 15-20 CBZ, CLZ, LEV, 

LCM 

nTL, prior ATLE 534/769 

NC-3  40-45 M 20-25 LTG, LCM, PHT, 

RTG 

nTL 709/40 

NC-4 50-55 F 15-20 LEV, OXC, ZNS FT 318/897 

NC-5  45-50 M 20-25 CBZ, LEV FT 355/732 

NC-6 40-45 M 10-15 LCM, LTG, OXC, 

VPA 

OP 607/45 

RC+STM (Medtronic Plc.) 

mT-1 55-60  F 5-10 GBP, TZP, LGT mTL 831/542 

mT-2 20-25 F 5-10 LCM, CZP, mTL; prior ATLE 392/15 

mT-3 35-40 F 0-5 OXC, LEV mTL 300/250 

mT-4 40-45 F 30-35 CZP, LEV, CNB mTL 401/59 

mT-5 30-35 M 20-25 VPA, LCM mTL 325/219 

 695 

Table 1. Subject Demographics. Abbreviations: ASM = Anti-seizure medications, 696 
CBZ=carbamazepine, CLZ=clobazam, CZP=clonazepam, LCM = lacosamide, 697 
LEV=levetiracetam, LTG=lamotrigine, OXC=oxcarbazepine, PHT = phenytoin, 698 
RTG=retigabine, ZNS=zonisamide, SOZ = Seizure onset zone Seizure onset zones: mTL – 699 
mesial temporal lobe, nFT – neocortical frontotemporal, nOP – neocortical occipitoparietal, 700 
nPT – neocortical parietal-temporal, nTL – neocortical temporal lobe. 701 

 702 

 703 

 704 

 705 

Participant  Category  
Number 

of days   

Average 

dropout rate 

during sleep 

[%]  

Average 

sleep 

duration [H]  

Mean seizure 

hour during 24-

hour day cycle 

Circula

r 

varianc

e 

NC-1  interictal  267 0.03 ± 0.05 8.29 ± 0.98 
16.0 0.61 

   postictal  51 0.04 ± 0.05 8.61 ± 1.34 

NC-2  interictal  46 0.11 ± 0.06 8.52 ± 2.04 10.9 0.69 
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   postictal  26 0.12 ± 0.05 8.87 ± 1.59 

NC-3  interictal  549 0.02 ± 0.03 8.51 ± 2.06 
12.7 0.6 

   postictal  14 0.01 ± 0.02 8.57 ± 2.65 

NC-4  interictal  43 0.01 ± 0.02 8.43 ± 1.77 
2.0 0.72 

   postictal  42 0.02 ± 0.03 9.54 ± 1.55 

NC-5  interictal  17 0.00 ± 0.01 9.69 ± 1.31 
11.5 0.74 

   postictal  118 0.01 ± 0.02 9.53 ± 0.83 

NC-6  interictal  260 0.10 ± 0.06 6.43 ± 1.36 
15.1 0.59 

   postictal  11 0.09 ± 0.08 6.92 ± 2.08 

mT-1  interictal  7  0.07 ± 0.04  8.37 ± 1.47  
17.9 0.62 

   postictal  8  0.06 ± 0.05  9.09 ± 1.10  

mT-2  interictal  9  0.13 ± 0.04  8.25 ± 3.92  19.2 0.28 

mT-3  interictal  8  0.07 ± 0.03  9.07 ± 0.63  
15.6 0.7 

   postictal  6  0.07 ± 0.03  9.51 ± 0.48  

mT-4  interictal  13  0.07 ± 0.02  9.81 ± 0.83  
14.4 0.43 

   postictal  1  0.07  9.70  

mT-5  interictal  4  0.12 ± 0.02  7.28 ± 1.62  
12.0 0.64 

  postictal  1  -  -  

Total  interictal  1223      

Total  postictal  278          

 706 

 707 

Table 2. Nights included in analysis. Total number of analyzed nights in both categories 708 
(interictal and postictal) included in analysis for each participant. This includes number of 709 
nights taken into the analysis as well as average drop-out of the data, sleep duration, and 710 
average seizure hour of the day with its circular variance for each patient and the category. 711 

 712 

 713 

 714 

mT + NC 

  Interictal Post-Ictal p-value Cohen's d 

Total Sleep 8.43 ± 0.29 8.83 ± 0.30 0.007 -0.24 

NREM 5.69 ± 0.29 6.03 ± 0.29 0.000 -0.34 

REM 1.67 ± 0.20 1.47 ± 0.21 0.020 0.20 
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 715 

Table 3. Changes in postictal sleep length. Using combined data from both cohorts, a 716 
postictal sleep is longer for about ~24 minutes than interictal sleep (p<0.01). The NREM 717 
sleep is longer for about ~21 minutes on average in nights after seizures compare to 718 
interictal nights (p<0.001), while the REM sleep is about ~12 minutes on average shorter 719 
(p<0.05). P-values and Cohen's d were calculated using a Linear Mixed Model (LMM). 720 

 721 

 722 

  723 
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 724 

 725 

     Early Night Late Night 

    
Delta Interictal Post-

Ictal 
ratio p Interictal Post-Ictal ratio p 

NC 

NSOZ 
Power 
μV²/Hz 

184 ± 
23 

219 ± 
28 

0.84 0.000 160 ± 20 174 ± 22 0.92 0.000 

SOZ 
346 ± 

40 
427 ± 

50 
0.81 0.000 301 ± 35 339 ± 39 0.89 0.000 

NSOZ 
Slope 
μV/sec 

272 ± 
15 

299 ± 
16 

0.91 0.000 261 ± 14 271 ± 15 0.96 0.000 

SOZ 
366 ± 

18 
412 ± 

20 
0.89 0.000 352 ± 17 374 ± 19 0.94 0.000 

mT 

SOZ 
Power 
μV²/Hz 

1461 ± 
437 

1528 ± 
458 

0.96 0.028 
1113 ± 

333 
1137 ± 340 0.98 0.161 

SOZ 
Slope 
μV/sec 

850 ± 
160 

911 ± 
171 

0.93 0.000 727 ± 137 741 ± 139 0.98 0.037 

 726 

Table 4. Changes in Delta band activity during interictal vs postictal nights. 727 

The values are Estimated Marginal Means (EMM) ± standard error for Delta power (μV²/Hz) 728 

and Delta slope (μV/s) within the Seizure Onset Zone (SOZ) and Non-Seizure Onset Zone 729 

(NSOZ) electrodes, stratified by night period (Early vs. Late). Comparisons are made 730 

between interictal nights (without any seizure the same day) and postictal nights (nights after 731 

a seizure). The 'ratio' columns represent the interictal EMM divided by the postictal EMM. P-732 

values were calculated from a General Linear Mixed Model (GLMM) using a Gamma 733 

distribution with a log-link function. In the NC cohort, this model also revealed a positive 734 

significant interaction for SOZ electrodes in postictal nights for Delta power (p<0.05) and 735 

Delta slope (p<0.01). Reported p-values reflect post-hoc pairwise comparisons between the 736 

interictal and postictal states, adjusted using the Tukey method. 737 

  738 
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 739 

 740 

 
Delta 
power 

Delta 
slope 

Sleep 
duration 

NREM duration 
REM 

duration 

Estimated 
Coefficien
t Seizure 
Length 

0.00034 0.07019 0.00125 0.00057 0.00026 

Standardize
d 

Coefficient 
(β)  [95% 

CI] 

  0.04  
[0.01-0.06] 

0.05  
[0.02-
0.08] 

- - - 

p-value <0.01 <0.001 n.s. n.s. n.s. 

Table 5. Effect of seizure length on sleep duration and slow-wave dynamics in NC 741 
cohort. Results from a Linear Mixed Model (LMM) assessing the effect of seizure length on 742 
postictal Delta power, Delta slope, and sleep stage durations. The LMM shows a minimal 743 
effect size for seizure length on electrophysiological markers (Delta power and slope) and a 744 
non-significant effect on total sleep, NREM, and REM sleep durations. 745 

 746 

 747 

 748 
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