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Abstract 

 
Over the course of a typical night, sleep is comprised of multiple different stages that involve 

changes in brainwave patterns. Intracranial EEG (iEEG) is an invasive brain recording technique 

used in hospital settings in epileptic patients to determine the focus of their seizure activity. The 

intracranial data recorded allows one to directly observe the neural activity of deep brain structures 

such as the hippocampus and to detect single unit activity and local field potentials, thus providing 

a level of physiological detail normally available only in animal studies. In this thesis we employ 

intracranial data to advance our understanding of sleep neural dynamics in humans, and to this end 

its focus is in two areas : (1) developing a way of sleep scoring iEEG data and (2) investigating 

the neural dynamics of a particular waveform found during sleep, the sleep spindle, and its role in 

memory consolidation. 

Typically, iEEG recordings do not include electrooculogram or electromyogram recordings, which 

are normally needed for sleep scoring—especially for scoring rapid-eye movement (REM) sleep. 

We identified differences in alpha power between wake and REM sleep to develop a 

methodological way to reliably differentiate between wake and REM sleep states. 

We also wanted to investigate the neural dynamics involved with a particular brainwave seen 

during sleep, the sleep spindle, which is thought to be important for sleep-mediated memory 

consolidation. Historically, sleep spindles were thought to occur synchronously across the cortex, 

but recent findings using iEEG have identified that sleep spindles can also be local. We utilized 

intracranial EEG to confirm previous findings that iEEG can identify local sleep spindles. In 

addition to identifying local sleep spindles, we aimed to investigate the potential role that sleep 

spindles have on learning and memory using standard targeted memory reactivation paradigms for 
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both procedural and declarative memories. We found that local sleep spindles occurred 

at a specific time following auditory stimulation for both procedural and declarative 

memories. 

This work has opened up the use of iEEG recordings to investigations of REM sleep 

dynamics and laid the groundwork for examining the role of local sleep spindles in 

memory consolidation. 
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General Audience Abstract 

 
During a night of sleep, our brain goes through different stages that exhibit changes in brainwave patterns. 

Intracranial EEG (iEEG) is an invasive brain recording technique used in hospital settings in epileptic 

patients to determine the focus of their seizure activity; this particular brain recording technique allows 

one to observe the brain activity of deep brain structures. By using iEEG data, we aimed to (1) develop a 

way of sleep scoring iEEG data and (2) investigate the neural dynamics of a particular waveform found 

during sleep, the sleep spindle, and its role in memory consolidation. 

 
 

Electrooculograms (EOG) are used to record the electrical activity of eye movements, and 

electromyograms (EMG) are used to measure muscle activity. Both of these recording techniques, in 

addition to EEG, are needed for sleep scoring, especially rapid eye movement (REM) sleep. However, 

typical iEEG recordings do not have EOGs and EMGs applied to the patient. Using iEEG data, we were 

able to identify differences in a specific brainwave, the alpha rhythm, between wakeful brain activity and 

REM sleep brain activity. Furthermore, we were able to use this difference to reliably score REM sleep in 

iEEG data without the need for EOGs and EMGs. 

 
 

We also wanted to investigate the brainwave changes in a particular waveform, the sleep spindle, that has 

been thought to be important for sleep-mediated memory consolidation. Previous research using typical 

EEG recordings showed that sleep spindles occur synchronously across the cortex, but recent findings 

using iEEG have identified that sleep spindles can also occur asynchronously across the cortex. We 

replicated previous research showing that these local sleep spindles are identifiable using iEEG 

recordings. In addition to identifying local sleep spindles, we investigated the potential role that sleep 

spindles have on learning and memory. To do so, we used standard targeted memory reactivation 

paradigms for two types of memory: declarative and procedural memory. We found that local sleep 

spindles occurred at a specific time following auditory stimulation for both procedural and declarative 



Employing Intracranial EEG Data to Decipher Sleep Neural Dynamics 
Andrew Kvavilashvili 

memories. 
 
 

This work has opened up the use of iEEG recordings to investigations of REM sleep dynamics and laid 

the groundwork for examining the role of local sleep spindles in memory consolidation.
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Chapter 1: Introduction 
Sleep is a complex phenomenon that, in one form or another, is a natural part of every living 

creature’s life.1,2 The very first investigations into what could possibly be happening inside our 

heads while we sleep was done in the 1930s during the first electroencephalographic (EEG) sleep 

study3-5. This was the first study to demonstrate and characterize the different stages of non-rapid 

eye movement (NREM) sleep, one of the two types of sleep. The other type of sleep, rapid eye 

movement (REM) sleep, was not identified until roughly 20 years later.3-6 

Despite its prevalence in everyday life, the functional role and purpose of sleep remains quite 

contentious in the realm of sleep science. Many decades of sleep research have sprouted numerous 

theories as to why we sleep including, but not limited to theories of energy conservation, theories 

on sleep being a restorative period for the body, and sleep playing a major role in the consolidation 

of memories.3 Though these theories all have some scientific evidence to support their claims, 

extant literature shows a wide breadth of evidence that sleep promotes the consolidation of 

memories, and that a lack of sleep is a hindrance to the consolidation of memories.1,2,7-12 While we 

now know that sleep plays a vital role in the consolidation of our memories, the underlying 

mechanisms involved in this process remain enigmatic. However, there is a lot of evidence to 

suggest that the unique brainwave patterns that occur during certain stages of sleep are vital for 

the consolidation of memories.2,7,13,14 

The Different Stages of Sleep 

 
Non-rapid eye movement sleep is subdivided into three stages: N1, N2, and N3 while REM sleep 

makes up the fourth stage; each stage is characterized by distinct patterns of brain activity.3 First, 

wakeful brain activity needs to be identified in order to differentiate the brain states between 

wakefulness and sleep. Wakeful brain activity is characterized by anteriorly distributed beta 
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rhythms and posteriorly distributed alpha rhythms; these alpha waves can only be observed during 

relaxed wakefulness while the eyes are closed.3,20 Additionally, wakeful activity includes eye 

movements and eye blinks. The brain activity in N1 sleep typically shows an absence of the 

previously mentioned beta and alpha rhythms and, instead, globally distributed low-amplitude 

theta rhythms (4-7Hz) while eye movements slow to a “rolling” activity.3,20 Stage N2 sleep is 

primarily characterized by K-complexes, a distinct waveform that begins with a negative 

deflection in activity that is immediately followed by a positive deflection, and sleep spindles, a 

waveform that lasts around 0.5 – 2 seconds with a frequency of around 11 – 16Hz.3,5,18,19,20-23 

Moving on to N3, we see brain activity drastically change to waveforms of high amplitude and a 

low frequency of around 0.5 – 2 Hz. Due to the slow nature of these brain waves in N3, it is aptly 

referred to as slow wave sleep (SWS). It is important to note that sleep spindles can be observed 

throughout SWS.3,20 Last but not least, REM sleep is characterized by conjugate, irregular eye 

movements with brain activity that almost mimics wakeful activity. What differentiates REM sleep 

from wakefulness is a reduction in muscle tone.3,20 Because of these factors, EMG and EOG, in 

conjunction with EEG recordings, are a necessity for proper scoring of REM sleep. While these 

four stages happen throughout a period of sleep, these changes in brain activity are thought to play 

a role in the consolidation of memories.11,12-14,17,22 

Though standard EEG is the primary way to record the brain activity of sleep in individuals, 

intracranial EEG (iEEG), data exists in a plethora of hospital settings.15,16 With the utilization of 

iEEG recordings, which are electrodes invasively implanted directly into the brain as opposed to 

the surface of the scalp as a way for pharmacologically-resistant epilepsy patients to receive 

treatment, we can gain further insight into the neural dynamics of sleep not available through 

standard EEG recording. For example, iEEG recordings are able to provide direct recordings from 
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deep brain structures like the hippocampus, a brain structure most notable for its role in memory.16 

Additionally, iEEG allows for the observation of brain wave patterns such as local spindles and 

local slow waves, which are not picked up by typical scalp EEG.19 These unique advantages of 

iEEG make it useful for examining sleep dynamics, and by taking advantage of iEEG data, the 

goal of this thesis is twofold: 

1. To develop a methodological way of sleep scoring REM sleep data from iEEG recordings. 
 

Currently, there exists a plethora of iEEG data recordings that are publicly available for 

research purposes, but without the inclusion of EOG and EMG electrodes, these data sets 

cannot be investigated for REM sleep research. By developing a way to sleep score iEEG 

data without the use of EMG or EOG electrodes, we will be able to make data from REM 

sleep more available for analysis purposes. 

2. To investigate the neural dynamics of local versus global spindles during sleep. Research 

on sleep spindles have shown that sleep spindles play a role in memory consolidation. 

However, the role between local spindles and global spindles is still not well known. Local 

spindles can only be identified by using iEEG recordings and, currently, the functional 

significance of local spindles remains unanswered. To further our understanding of the 

significance of local spindles, and their relationship with global spindles, we will 

investigate sleep spindle dynamics and their effects on memory consolidation. 
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Chapter 2: Frontal-Temporal Alpha Dynamics and REM Identification in 
Intracranial EEG Data 
Abstract 

 
A large number of human intracranial EEG (iEEG) recordings, including during sleep, have been 

collected for clinical purposes in institutions all over the world, but the vast majority of these are 

unaccompanied by EOG and EMG recordings. In order to make full use of these extremely 

valuable data sets, an accurate method of classifying sleep from iEEG recordings alone is 

required; standard, broadly accepted methods of fully scoring sleep require the use of EMG and 

EOG recordings. Existing methods of sleep scoring using only iEEG recordings accurately 

classify all stages of sleep with the exception that wake (W) and rapid-eye movement (REM) 

sleep are not well distinguished; note that iEEG is rarely recorded occipitally. 

 
Data were collected from nine patients (6 females and 3 males) between the ages of 19 and 55 

years (mean 33.11 ± 13.99 (SD) years) undergoing invasive monitoring using intracranial depth 

electrodes for intractable epilepsy. Data (including EOG and EMG recordings) were scored for 

sleep by experienced sleep scorers and then analyzed for differences in average alpha power 

using multitaper spectral analysis. For the purpose of sleep scoring without EMG or EOG 

recordings, K-means clustering was modified for use with multivariate, multitaper spectral 

statistics. 

 
Average alpha rhythm power from temporal and frontal areas in intracranial EEG recordings was 

shown to be greater during awake periods than during REM sleep. Among the eight subjects 

exhibiting normal sleep architecture, the introduced multitaper K-means sleep-scoring algorithm 

identified a mean duration of REM sleep equal to 36 ± 6 minutes and identified 60 and 62.5 

minutes of REM sleep in the two best performing subjects. 
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Our novel statistical methodology is sufficient to reliably distinguish useful durations of REM 

sleep from Wake periods in recorded intracranial alpha activity in a population of nine subjects. 
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Introduction 
Alpha (8-12 Hz) oscillations occur during eyes-closed wakefulness in humans but dissipate once 

the subject falls asleep.43-46 This pattern of alpha activity is often used for the purpose of sleep 

scoring EEG data47,48, and especially to distinguish awake periods from periods of rapid eye 

movement (REM) sleep, since the neural activity exhibited in EEG recordings during Wake and 

REM periods are otherwise similar.2,49-52 

The alpha oscillations described above, as detected using standard EEG, are most prominent over 

the occipital cortex. However, intracranial patients rarely have electrodes in the occipital regions; 

instead, intracranial electrodes are commonly located in the temporal and frontal regions of the 

brain. 

 
In our present work, we investigate whether alpha power dynamics in iEEG recordings differ 

across states of arousal in non-occipital areas of the brain. We then explore whether our findings 

can be used to distinguish Wake and REM states when relying on iEEG data only. Traditional 

sleep scoring mechanisms rely on the use of facial electrodes to track eye movements 

(electrooculography, or EOG) and muscle tone (electromyography, or EMG) to assign a sleep 

stage to a given epoch of EEG data. EOG and EMG electrodes are especially useful for 

distinguishing REM sleep from the awake state; there are published methods for determining 

NREM sleep periods using intracranial data alone, for example by tracking power in frequencies, 

such as the delta band (1-4 Hz), that characterize NREM sleep53. There are many intracranial EEG 

recordings during sleep available throughout the world but without corresponding EOG and EMG 

data. Thus, our motivation in this second step is to render these datasets useful by determining a 

method for correctly identifying periods of REM sleep based upon alpha dynamics alone. Note 

that for this purpose, we need not achieve an exhaustive identification of all REM sleep periods; 
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the ability to reliably identify even a subset opens up this invaluable data to the scientific 

community for the investigation of neural dynamics during REM sleep. 

 
Materials and Methods 

 

Data Collection 
 

Data were collected from nine patients (6 females and 3 males) between the age of 19 and 55 years 

(mean 33.11 ± 13.99 (SD) years) undergoing invasive monitoring using intracranial depth 

electrodes for intractable epilepsy (see Table 1). Patients signed the informed consent approved by 

the Institutional Review Board (IRB) at Carilion Roanoke Memorial Hospital prior to participating 

in the study. Two to sixteen Ad-Tech depth electrodes, each with 6 to 14 macro contacts, were 

implanted in each subject. Note that the macro contacts are the recording points along the shaft of 

each electrode and are regularly spaced. Therefore, some macro contacts are located closer to the 

surface of the brain. The placement of electrodes was determined strictly by clinical criteria 

without considering research needs (See Table 2). 

 
Electrophysiological readings from the Ad-Tech electrodes were received by a 256-channel 

ATLAS digital acquisition system from Neuralynx (Bozeman, MT), which was connected to a PC 

running Pegasus Acquisition Software from Neuralynx. The input signals were sampled at 2000 

Hz. For each subject, recording started between 8 PM and midnight, depending on an estimated 

bedtime. EEG data from the raw Neuralynx files were converted to EDF files in blocks of 4-hour 

periods. For each subject, between 6 to 12 hours of sleep/wake data were recorded and considered 

for analysis. 
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Electrode Localization 
 

The locations of depth electrode contacts were determined using Freesurfer36,37 and IELU38 

software in two steps: reconstruction and coregistration. First, a preoperative high-resolution 

magnetic resonance imaging (MRI) scan was used to generate a 3D rendering of the subject’s brain 

using FreeSurfer; this rendering was placed in a 3D coordinate system (RAS). During the 

reconstruction process, FreeSurfer also automatically generates subcortical and cortical 

parcellations with anatomical labels using the Desikan-Killiany Atlas39. Second, the postoperative 

CT scan was coregistered with the 3D rendering using the IELU pipeline, thus providing a RAS 

coordinate for each electrode contact. Using the FreeSurfer-generated parcellations and the RAS 

coordinates, we determined the anatomical location of each electrode contact with the help of a 

MATLAB script40. A quality check on localization accuracy was performed via visual inspection. 

Sleep Staging 
 

For manual sleep scoring, EEG signals from a centrally located subdermal strip and from 

intracranial electrodes (iEEG), electromyography (EMG), and electrooculography (EOG) were 

used to score sleep independently by two experienced sleep scorers using criteria specified by the 

American Association of Sleep Medicine for sleep.47 All these data streams (iEEG, EMG, EOG) 

were simultaneously recorded using the ATLAS system and therefore synchronized. Periods 

identified as REM sleep were further verified by two additional sleep scorers. We note that of the 

subjects we examined, only subject 7 displayed unusual electrophysiological characteristics. 

Though epochs for subject 7 labeled as NREM or REM had many features of these respective 

sleep stages, all sleep stages displayed activity unusual for their respective stages as well. For 

instance, during REM epochs, there was often an intrusion of high voltage, low frequency activity 

(not slow enough to be N3) appearing on a subset of the channels, which was not typical for any 
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other subjects, and these intrusions occurred during periods of low EMG tone and conjugate eye 

movements. We marked an epoch as the beginning of a REM period only if we observed low 

amplitude mixed frequency activity with rapid eye movements and low chin EMG tone. However, 

in subject 7, some channels exhibited atypical, intermittent activity, while others exhibited typical 

REM activity. We included this subject for completeness and for illustrative purposes. 

 
Data Analysis 

 
For each subject, we identified at least one seizure-free night of sleep where the subject entered 

both NREM and REM sleep. As mentioned previously, most intracranial EEG subjects are 

implanted with frontal and temporal electrodes. We restricted our analysis to depth electrodes in 

these regions and to contacts near the neocortical surface, which are more likely to be seizure-free. 

These restrictions allow for our methods to be easily transferred to data sets collected at other 

centers and could allow for generalization to electrocorticography (ECoG), which records activity 

at the surface level of the brain. Note that contacts residing in or near the cortical regions are most 

likely to exhibit the neural signatures and power variations observed in standard EEG recordings 

for sleep studies. 

 
Electrode and Contact Montage 

 
From each depth electrode set, one or two outermost channels residing in the brain were initially 

chosen and checked against the exclusion criteria. Electrode contacts that were identified to be in 

the epileptic focus or identified as displaying interictal activity by the epileptologists were 

excluded from all analyses. In this fashion, a montage was created of temporal and frontal electrode 

contacts residing in, or closest to, the cortical gray matter regions (see Tables 2 and 3 showing the 

information for each subject). Note that each of the electrodes listed in Table 2 had 6 to 10 contacts 

along its shaft, and therefore some contacts were closer to the surface and some deeper in the brain. 
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Table 3 lists the number of contacts (all close to the surface of the brain) that were actually used 

for analysis in each of the brain regions. All the analyses presented here were performed using a 

unipolar montage with the reference being a subdermal electrode placed toward the front of the 

head (approximately at the location of Fz). 

 
Data Preprocessing 

 
First, EEG data from the selected unipolar montage of channels were filtered to remove 60 Hz and 

harmonic frequencies (zero-phase FIR notch filter) to suppress the noise introduced due to power 

line interference. Next, data was separated into non-overlapping 30-second sections, 

corresponding to the scored sleep stages. 

 
Multitaper Alpha Rhythm Calculations 

 
From each 30-second data section, 5 segments, each of 6 seconds duration, were further separated 

and their sample averages removed across-time. Each of these 6-second duration segments were 

then multiplied by the 22 lowest-order discrete-prolate spheroidal sequences. The resulting 110 

tapered data sequences were then each discrete-time Fourier transformed and evaluated at 10 Hz. 

This process yielded 110 values characterizing the alpha rhythm for each of the iEEG channels for 

each sleep stage. For theoretical reasons, these 110 complex-valued quantities are known as 

multitaper eigencoefficients.59 The number of tapers and segment duration were chosen to 

minimize spectral leakage and to characterize the frequency interval (8-12 Hz). Because the 

dimension of a process is approximately 2NW60, and there are 2NW−2 asymptotically independent 

multitaper eigencoefficients, in this work, the multitaper eigencoefficients evaluated at 10 Hz are 

used to characterize the interval 8 Hz to 12 Hz.43 This property is related to the special nature of 

the discrete prolate spheroidal data taper.61 The multitaper method of spectral analysis is a popular 

method of assessing rhythms in neural data.62,63 
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Multitaper Alpha Power Estimates 
 

For each sleep stage, alpha power was estimated by computing the sample average of the square 

magnitudes of the multitaper eigencoefficients (110 per 30-second episode per electrodecontact). 

 
Per-Subject Alpha Power Comparison: Wake vs REM 

 
For each subject, alpha power was compared between the Wake (W) and REM (R) sleep stages 

using two hypothesis tests. 

 
1. A two-sample, one-sided (W > R), unpaired t-test was performed assuming unequal 

variances for the multitaper alpha power estimates associated with W and R epochs; an unpaired 

t-test was used as there is no natural pairing for Wake and REM episodes. To account for multiple 

comparisons, p-values were Bonferroni corrected. 

 
2. A semi-parametric test was performed as follows. 1000 sets of surrogate data were created. 

 
Each two-group data set consisted of equal numbers of Wake (W) and REM (R) power values, 

populated by drawing with replacement from all the alpha power estimates computed for the 

subject (i.e., from the pool of estimates computed for both the R and W sleep stages). The specific 

group size was equal to the minimum of the number of actual Wake and REM sleep stages. For 

each surrogate data set (consisting of W and R alpha power estimates), the ratio of W to R group 

sample averages was computed. The null hypothesis is that the corresponding variable is equal to 

one (i.e., there is no difference in alpha power). This procedure yields 1000 ratios, which are 

compared against the actual ratio computed using the R and W epochs identified in the data. The 

p-value for this semiparametric test is equal to the fraction of surrogate groupings that yield an 

alpha power ratio statistic greater than the actual ratio computed using the actual R and W epochs 

identified in the data. This is a one-sided test for increased alpha power during Wake relative to 
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alpha power during REM. This test was repeated twenty times to account for the sub-selection of 

the Wake alpha power statistics, since for all but one of the subjects, the number of Wake sleep 

stages was substantially larger than the number of REM sleep stages. 

 
Sleep Scoring Without EMG & Without EOG: Label Assignment 

 
To assign REM and Wake labels without using the EMG or EOG recordings, the 30-second 

episodes, as characterized by the multitaper eigencoefficients, were clustered using a modified K- 

means clustering algorithm. The technical details of this modification are presented in the 

Appendix: Multitaper K-Means Clustering. The number of clusters used was selected as the 

number of clusters, among clusterings of size 1 through 14, that minimized an approximation of 

the Akaike Information Criterion (AIC). This approximation is discussed in Appendix: Multitaper 

K-Means Clustering. To assign the REM label to an epoch, the cluster tending to exhibit the lowest 

alpha power was identified. Specifically, for each electrode contact, clusters were ranked 

according to alpha power. A rank of one indicated that the average alpha power of the sleep epochs 

belonging to that cluster was at a minimum (over all cluster alpha powers), for that electrode 

contact. For each cluster, the median of these rankings was computed across electrode contacts. 

The epochs belonging to the cluster with the lowest median ranking (referred to as the REM cluster 

for the remainder of this paper) were assigned the REM sleep stage label. 

 
Sleep Scoring Without EMG & Without EOG: Step-by-Step Procedure 

 
The following procedure was used to distinguish between REM and Wake episodes: 1) iEEG data 

was recorded. 2) The data was sectioned into 30-second stages. 3) NREM stages were removed 

using published methods that rely on spectral features of NREM sleep such as delta power.53 4) 

Each of the remaining stages was subdivided into 5 sections, each 6 seconds in duration. For each 

6-second section, 2NW-2 eigencoefficients were computed (i.e., 22) via the discrete-time Fourier 
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transform of the tapered 6-second duration using the corresponding discrete prolate spheroidal 

sequence. 5) For each 30-second sleep stage, the Ncontacts x 5 x 22 eigencoefficients were combined 

into one feature vector characterizing the 30-second episode. Here Ncontacts is the total number of 

electrode contacts used for a given subject. 6) All the feature vectors, one for each 30-second 

episode, were clustered using the modified K-means clustering procedure introduced in this work 

(see Appendix: Multitaper K-Means Clustering). 7) The minimum alpha-power cluster was 

identified using the procedure specified in Section labeled Sleep Scoring Without EMG & Without 

EOG: Label Assignment. 8) All sleep stages with feature vectors assigned to the minimum alpha- 

power cluster were assigned the REM sleep stage label. 

 
Sleep Scoring Without EMG & Without EOG: Assessment of Label Confidence 

 
We investigated a few different measures of REM label accuracy and cluster fidelity. The alpha 

power difference between the rank 2 and rank 1 clusters was calculated for each electrode contact, 

and the minimum alpha power differences (over all electrode contacts) was identified (see Table 

4, fourth row). Sample size was low; however, the minimum alpha power difference correlated 

with REM label accuracy among the two worst-performing subjects (n = 2). REM label accuracy 

was computed as the fraction of REM-labeled sleep stages that were correctly labeled (Table 4, 

second row). Note that this statistic does not reflect the number of actual REM sleep stages that 

were not labeled by our scoring procedure. To assess the completeness of our REM versus Wake 

sleep scoring method, the fraction of all REM episodes that were correctly labeled as REM by our 

procedure was reported (Table 4, third row). 
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Results 
 

REM vs. AWAKE Alpha Power 
 

Across all channels, alpha power was observed to drop during periods that were marked as REM 

by our scoring experts versus periods marked as Wake. The spectrogram in Figure 1 illustrates the 

drop in power in the alpha band (8-12 Hz) during REM, as seen in Subject 6. Specifically, alpha 

power was lower during REM epochs than during W epochs; this pattern was observed in 

individual channels as well as in the average alpha trace. Figure 2 illustrates the change in alpha 

power over the course of the night in conjunction with a hypnogram; note the greater alpha power 

during awake periods than during REM sleep. This observation was examined statistically in the 

next step, using 2 different approaches: a t-test and a semiparametric test (see Methods). Figure 3 

illustrates the distribution of W and REM epochs across the subjects. Typically, the number of 

Wake stages is greater than the number of REM stages. Because patients are continuously 

monitored in the hospital, there is no “lights out” and the time the patient goes to sleep varies. As 

a result, we have a fair number of recordings from W prior to sleep. In addition, patients awake 

during the night due to a doctor or nurse visiting the patient’s room; an increase in wake time in 

intracranial subjects has been observed in multiple intracranial sleep studies.64-67 Two-sample, one- 

sided (W > R), unpaired t-tests showed that there was significantly greater alpha power during W 

than during REM in all subjects except subject 7 (see Figure 4). Bonferroni-corrected p-values for 

all subjects except subject 7 were less than or equal to 3x10-9. These t-test results were consistent 

with results from the semi-parametric test for greater alpha power during Wake than during REM: 

all the semi-parametric test p-values were equal to zero, except for the p-value associated with 

subject 7. For subject 7, the hypothesis test p-value was equal to one; as mentioned in the Sleep 

Staging section of the Methods, subject 7 exhibited sleep abnormalities. 
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We repeated this analysis for all the common brain rhythms (i.e., delta, theta, beta, and gamma), 

and found that only alpha activity was significantly greater in Wake than in REM for all subjects 

exhibiting normal sleep (i.e., all except subject 7). Note that alpha activity was sufficient for our 

purposes—we sought only to find a quantity that would allow us to identify REM episodes, and 

therefore it was not necessary to consider the dynamics of other rhythms. 

 
Identifying REM Episodes Using iEEG Alpha Power 

 
We first wanted to get a sense of how well we could distinguish REM from W using an alpha 

power threshold. To do this, we calculated the empirical probability density functions of the alpha 

power for both REM and Wake epochs. The empirical probability density functions for REM and 

Wake epochs for subject 3 are shown in Figure 5A. As can be seen, there was significant overlap 

between the probability density functions—indicating it would be difficult to identify REM 

episodes based only on an alpha power threshold (see below for comparison of threshold method 

to our proposed method). 

 
To achieve our desired goal of identifying REM epochs solely using iEEG data, we turned to a 

modified K-means method as described in the Methods (in particular, the sections Sleep Scoring 

Without EMG & Without EOG: Label Assignment and Sleep Scoring Without EMG & Without 

EOG: Step-by-Step Procedure) and in the Appendix: Multitaper K-Means Clustering. Instead of 

determining the sleep stage based on a threshold of average alpha power across electrodes, the 

clustering method uses the pattern of alpha activity exhibited by all electrode contacts to 

distinguish between clusters of stereotypical activity. It makes use of the alpha power on each 

electrode as well as the average timing relationship (over 30-second intervals) for alpha activity 

between the electrodes. Additionally, the clustering allows for the separation of difficult-to- 

distinguish stages into their own cluster, which can facilitate identifying reliable REM sleep stages. 



16 

 

 

As can be seen in Table 4, REM episodes were reliably classified by our method. By estimating 

the REM and Wake average alpha-power empirical probability densities using the human-labeled 

stages, we could assess the expected performance of a binary hypothesis test based upon average 

alpha power. Using the clustering procedure, we achieved high accuracy (Table 4, row 2) even for 

subjects with relatively high overlap in their average alpha power REM and Wake empirical 

probability densities. 

 
As an example, in Figure 5A, the REM and Wake empirical probability density functions (PDFs) 

for subject 3 exhibited substantial overlap. As a consequence, any choice for an alpha-power binary 

hypothesis test threshold yielded poor results for this subject. To directly compare a binary 

hypothesis test based upon average alpha power with the proposed multitaper K-means clustering 

procedure, we specifed the average alpha-power threshold such that both the binary hypothesis 

test and the proposed procedure, correctly identified the same number of REM episodes.1 For 

Subject 3, the proposed method made no errors while labeling 60.4% of all REM episodes (size is 

equal to zero). In Figure 5A, the corresponding alpha-power threshold required for the alpha-power 

test to label 60.4% of REM episodes is specified by the black vertical line. Using this threshold to 

classify episodes as REM, the number of Wake episodes specified as REM was equal to 7 (i.e., 7 

Wake episodes exhibited average alpha power less than the threshold). The size of this alpha power 

test is 0.19 (i.e., there were 7 Type I errors out of a total of 36 tests). The proposed clustering- 

based classifier (see Sections in Methods labeled Sleep Scoring Without EMG & Without EOG: 

Label Assignment and Sleep Scoring Without EMG & Without EOG: Step-by-Step Procedure, 

and Appendix: Multitaper K-Means Clustering) did not specify any Wake episodes as REM for 

subject 3 (see Table 4, row 2). This comparison was performed for all subjects, with the proposed 
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method performing just as well or better than out- the alpha-power test in 6 of 8 subjects (excluding 
 

subject 7) and only slightly worse for the other two subjects (see Figure 5B). 
 

As noted in the methods, the minimum alpha power difference between electrodes in rank 1 and 

rank 2 clusters was correlated with REM label accuracy in the two worst-performing subjects (n = 

2); see the fourth row in Table 4. Excluding these two subjects raises our accuracy to 86% or better. 

Therefore, this metric may prove to be of use in assessing confidence in the epochs labeled as 

REM. 

 
Using our method, we identified about an hour’s worth of REM sleep in two of our subjects, and 

on average 36 ± 6 minutes of REM sleep; see first row in Table 4. In subjects without the necessary 

facial electrodes, these valuable REM data would not otherwise be available to researchers. 

 
Discussion 

 
To the best of our knowledge, this is the first study to show that alpha power, as recorded in iEEG 

data, is significantly greater on average during awake conditions than during REM sleep in 

temporal and frontal brain regions. Leveraging this observation, we also introduced a method that 

identifies REM epochs in data sets that otherwise would not be able to be reliably scored for REM 

sleep, thus making these data available to the sleep and neuroscience communities for analysis and 

exploration of REM neural dynamics. 

 
Alpha Power Differences 

 
Of the eight subjects exhibiting healthy sleep architecture, all exhibited elevated intracranial EEG 

alpha rhythm power during awake periods as compared with REM sleep (see Figure 4); as 

mentioned before, subject 7 displayed many unusual electrophysiological features during REM 

and NREM sleep stages. This result generalizes findings in surface EEG recordings 27,28 to the 
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intracranial EEG setting. We note that there were hints of this difference in other intracranial 

studies 29,30, but none directly examined the difference in alpha power between REM and awake 

conditions. This work adds to our small but growing understanding of oscillatory activity during 

REM sleep gained using human intracranial data 23,24,31–35. These efforts are of importance as the 

details of the neural dynamics that occur during REM sleep remain much less well understood than 

those of NREM sleep 7,26,33,36–47; progress here may be critical to gaining insight into how REM 

sleep serves its putative functions. More broadly, our findings add to the body of work showing 

that alpha activity is an important component of neural dynamics across multiple brain regions 48– 

50 and across cognitive 51–56 and arousal states57 rather than just being associated with the visual 

domain when eyes are closed 58. As mentioned, none of the other well-known brain rhythms 

displayed a difference in power between REM sleep and awake periods in subjects with normal 

sleep. We note that regardless of the dynamics of other power bands across states of arousal, the 

alpha rhythm dynamics are sufficient for our purposes. 

 
Method of Identifying REM Episodes 

 
We implemented a method for REM sleep scoring that does not employ EOG and EMG recordings 

to separate REM from Wake sleep stages, and that identifies REM sleep stages with accuracies 

greater than or equal to 73% (when analysis was restricted to the eight subjects exhibiting normal 

sleep architecture; see Table 4, row 2). Accuracies were greater than 86% when removing subjects 

on the grounds of a low minimum difference in alpha power (Table 4, row 4) between the closest 

competing cluster and the “REM” cluster (two subjects removed, seven remained). Note that this 

latter statistic also rejected subject 7 (the subject exhibiting abnormal sleep architecture) from the 

analysis. The relationship between alpha power difference in the competing clusters and the 

fraction of correctly identified REM episodes suggests that this fraction could be a means of 
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determining confidence level in the accuracy of identification of REM epochs. Subject 7 not only 

illustrates that the alpha power differences between REM sleep and awake conditions may be 

altered in individuals, but also gives us confidence that our clustering method is indeed leveraging 

this difference in a reasonable way. It is important to note that agreement among human sleep 

scorers has been estimated to be as low as eighty-two percent 59, an accuracy that is exceeded by 

the proposed method for seven of the eight subjects exhibiting normal sleep architecture. 

 
The REM labels produced by the proposed clustering method are reliable; however, they are not 

exhaustive. That is, REM episodes can also be found in other clusters. For the subjects with normal 

sleep, i.e., all subjects except subject 7, our method selected on average 59% of all the manually 

sleep-scored REM episodes; our method picked out approximately 77%, 42%, 60%, 40%, 88%, 

78%, 79%, and 67% of the sleep-scored REM episodes for subjects 1, 2, 3, 4, 5, 6, 8, and 9, 

respectively (see Table 4, row 3). For these subjects, our REM labeling accounted for 47.5, 26.0, 

14.5, 22.5, 31.5, 62.5, 25.0, and 59.5 minutes of REM sleep, respectively. This method paves the 

way to reliably identifying REM periods from large existing intracranial data sets that lack EOG 

and EMG data, facilitating the use of otherwise unavailable sleep data. 

 
Nonstandard Binary Hypothesis Test 

 

Our procedure for identifying REM episodes is a non-standard binary hypothesis test. We labelled 

an episode REM, or we did not assign a label at all, and then we assessed our procedure based 

upon what fraction of the identified REM episodes were actually Wake episodes. This was 

consistent with our overarching goal of making REM periods accessible to researchers for analysis. 

The probability of Type I and Type II errors for our procedure are more fully discussed in 

Appendix: Classical Type I & Type II Testing Errors. 
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Conclusion 
 

We examined intracranial data from frontal and temporal regions (which tend to be monitored in 

epileptic patients) to determine if there were differences in oscillatory power that might distinguish 

REM from awake periods. Indeed, we found that on average, alpha power is greater during awake 

periods than during REM sleep in these regions. We leveraged our findings regarding alpha power, 

using a novel clustering method, to reliably identify periods of REM sleep in human intracranial 

recordings without the use of EOG or EMG data. This work opens up a large number of intracranial 

data sets to investigations on REM sleep. 
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Appendix: Multitaper K-MeansClustering 
 

The standard K-means clustering algorithm is adjusted in the following way. First, it is adjusted to 

include the Mahalanobis distance, such as in Cerioli (2005) and Martino et al. (2019).101,102 

Second, this distance is replaced with the full circularly-symmetric multivariate normal probability 

density function appropriate for a random vector with realizations in ℂn, where 𝑛 is the number of 

electrode contacts. Here, circular symmetry means that both the real part and the imaginary part 

are identically distributed. They are further assumed to be mean-zero and to possess the same 

covariance matrix, 𝑅; this latter matrix is proportional to the cross-spectral matrix, which is 

Hermitian and has the electrode alpha power along its diagonal2. Here, ℂ is the set of complex- 

valued numbers, each element of which possesses both a real number component and an imaginary 

number component. 

 
The steps in the modified K-means algorithm are as follows: 

 

1. Specify the number of clusters. 
 

2. The initial observation labels are randomly guessed (as recommended in Faber (1994)103), 

and the cluster-specific covariance matrix, 𝑅, is estimated for each cluster. 

3. Given the new specification of the cluster parameters, the 30-second episodes (i.e. 

observations) are re-clustered by assigning them the label of the cluster-specific probability 

density function with the largest probability density. 

4. The cluster-specific covariance matrices, R, are re-computed. 
 
 
 
 
 

2 This model is consistent with a weak-sense stationary process model of the iEEG recordings. As a consequence, a 
statistically equivalent procedure could be developed based upon the electrode-contact cross-spectral densities. The 
approach taken here is chosen out of convenience, and allows incorporating alpha-activity cross-electrode 
dependence (i.e. cross-electrode alpha activity timing) within the K-means clustering procedure. 
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5. Steps 3 & 4 are repeated until an iteration occurs without a resulting change in observation 

label. Once this occurs, subsequent iterations result in no change and the algorithm has 

converged. 

 
Note that this iterative procedure is a variation on standard K-means clustering and is similar to 

the K-means clustering algorithms discussed in Cerioli (2005), Martino et al., (2019), and Faber 

(1994).101-103 For our data, by iteration 25, no changes to the stage labels occur between one 

iteration and the next. Upon convergence, the Akaike information criterion (AIC) for this 

clustering is approximated by 𝐴˜𝐼𝐶, which is equal to3 

𝐴˜𝐼𝐶 = −2ℓ(Θ̌) + 2 𝑥 (𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑃𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠) 

 
Here, Θ̌ is our estimate of the set-valued parameter containing the covariance R for each cluster as 

well as the sleep stage labels. The quantity ℓ( Θ̌ ) is the natural logarithm of the joint probability 

density function evaluated at Θ̌ . Smaller values of AIC imply a lower Kullback-Liebler divergence 

between the unknown data generating probability density function, and the modeled generating 

probability density function.104,105 Minimizing 𝐴˜𝐼𝐶 promotes quality of fit, and penalizes model 

complexity (that is, clusterings comprising larger numbers of clusters are penalized). Regarding 

the approximate AIC it is important to note that for K-means clustering the AIC does not apply, 

since it is accurate only asymptotically, that is, as the number of observations grows large with 

 
 

 
3 The approximate AIC, 𝐴 𝐼̃𝐶, is equal to the AIC in the situation where there are no missing observations (i.e. 
supervised learning or regression, as opposed to unsupervised learning, or clustering), the iEEG time-series are 
weak-sense stationary, mean-zero, and 30 seconds of recording is a sufficient duration such that the multitaper 
statistics are realizations of a circularly-symmetric normal distribution. An extension of AIC exists for missing 
observations106 in the situation where the expectation-maximization algorithm107 is used. K-means clustering uses a 
modified expectation-maximization algorithm. 
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respect to the number of unknowns. In the standard clustering setup (i.e. no repeated measures), 

each observation is assigned a cluster label; thus, the number of unknowns, just from cluster 

labeling, is equal to the number of observations. In this context, asymptotic results are not reliable. 

Let 𝑁e equal the number of electrodes. In the current time-series context, the number of 

observations per electrode contact per label is 110, and the number of parameters is equal to 

(𝑁2 + 𝑁 )/2. In this setting, application of asymptotically valid statistics is standard practice. 
e e 

 
 

Lastly, the procedure consisting of steps 1 through to 5 above produces a single clustering. In the 

full procedure, thirteen clusterings are computed, each one associated with a different a priori 

specified number of clusters. The final, selected clustering is the one that minimizes 𝐴˜𝐼𝐶 specified in 

Eqn. (1).106 

 
Appendix: Classical Type I & Type II Testing Errors 

 

Consider the binary classification of Wake and REM stages as a statistical binary hypothesis test. 

Associate REM with the null hypothesis Ho and Wake with the alternate hypothesis Ha. Let the 

observedfeaturevectorbeequalto v andthe region of feature space associated with the REMcluster 

be C. The Type II Error, 𝑃(𝑆𝑒𝑙𝑒𝑐𝑡 𝐻o | 𝐻a ), is equal to, 

𝑃(𝑆𝑒𝑙𝑒𝑐𝑡 𝐻o | 𝐻a) = 𝑃(𝑆𝑒𝑙𝑒𝑐𝑡 𝐻o | 𝑣 ∈ 𝐶, 𝐻a)𝑃(𝑣 ∈ 𝐶 | 𝐻a) 

 
+ 𝑃(𝑆𝑒𝑙𝑒𝑐𝑡 𝐻o | 𝑣 ∉ 𝐶, 𝐻a)𝑃(𝑣 ∉ 𝐶 | 𝐻a) 

 
(1) 

 
 

Here 𝑃(𝑣 ∈ 𝐶 | 𝐻a) is equal to the fraction of Wake episodes with feature vectors belonging to the REM- 
 

identified cluster. Similarly, 𝑃(𝑣 ∉ 𝐶 |𝐻a)is equal to the fraction of Wake episodes assigned to the 
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non-REM specific clusters. Continuing, 
 
 
 

𝑃(𝑆𝑒𝑙𝑒𝑐𝑡𝐻o|𝐻a) = 𝑃(𝑆𝑒𝑙𝑒𝑐𝑡𝐻o|𝑣 ∈ 𝐶, 𝐻a)𝑃(𝑣 ∈ 𝐶|𝐻a) + 
 

𝑃(𝑆𝑒𝑙𝑒𝑐𝑡 𝐻o | 𝑣 ∉ 𝐶, 𝐻a)𝑃(𝑣 ∉ 𝐶 | 𝐻a) 
 
 

= 1 𝑥 𝑃(𝑣 ∈ 𝐶|𝐻a) + 0 𝑥 𝑃(𝑣 ∉ 𝐶|𝐻a) 
 
 
 

= 𝑃(𝑣 ∈ 𝐶 | 𝐻a) 
 

(2) 
 

That is, the probability of assigning an awake episode to REM is equal to the probability that an 

awake feature vector lies in C and is Wake. This value is equal to 1 minus the second row in 

Table 4 for each of the subjects. Now, consider the Type I error, 𝑃(𝑆𝑒𝑙𝑒𝑐𝑡 𝐻a| 𝐻o ) . Because our 

procedure does not label episodes associated with 𝑣 ∉ 𝐶 (i.e. episodes belonging to the non-REM 

cluster), the relevant figure ofmerit that is analogous to the Type Ierror, is the modified Type Ierror, 

𝑃(𝑆𝑒𝑙𝑒𝑐𝑡 𝐻a | 𝑣 ∈ 𝐶, 𝐻o ). In this sense, our procedure is a non-standard binary hypothesis test. We label 

an episode REM, or we don’t label it at all, and then we assess our procedure based upon what 

fraction of the identified REM episodes are actually Wake. The modified type I error is: 

𝑃(𝑆𝑒𝑙𝑒𝑐𝑡 𝐻a | 𝑣 ∈ 𝐶, 𝐻o) = 𝑃(𝑆𝑒𝑙𝑒𝑐𝑡 𝐻a| 𝑣 ∈ 𝐶) 
 

= 0 
 

(3) 
 

All episodes associated with feature vectors in C are assigned the REM label. We further assess 

this labeling procedure in one other way. We ask, simply, how much REM sleep do welabel as 

REM? The answer is more than enough to do REM sleep studies (see the first row of Table 4). 
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Tables 
 

 

 
Subject 

 
Gender 

 
Age 

 
Handedness 

 
Diagnosis 

 
Imaging 

1 F 24 R Focal epilepsy, left and right 

temporal lobe 

PET: Bilateral mesial temporal hypometabolism. 

MRI: Normal 

2 F 41 R Focal epilepsy, left temporal 

lobe 

PET: Borderline symmetric hypometabolism involving 

mesial temporal lobes. 

MRI: Normal 

3 F 55 R Medical refractory epilepsy 

with bilateral hippocampal foci 

PET: Minimal hypometabolism of left medial and inferior 

temporal lobe. 

MRI: Normal 

4 F 52 R Intractable epilepsy, bilateral 

hippocampal 

PET: Hypometabolism left para-hippocampal gyrus. 
 

MRI: Bilateral Hippocampal Cyst, 1-2 mm. Infarct, 

superior right cerebellum. 

5 M 29 R Epilepsy of bilateral temporal 

origin 

PET: Hypometabolism bilaterally in the medial temporal 

lobes. 

MRI: Normal 

6 M 19 L Seizures of right temporal 

origin 

PET: Hypometabolism in the right temporal lobe relative 

to left temporal lobe. 

MRI: Normal 
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7 F 20 R Refractory epilepsy, left 

frontotemporal 

PET: Small area of non-significant hypometabolism in left 

mesiotemporal region. 

MRI: Normal 

8 M 38 R Medically intractable epilepsy, 

left hemisphere 

PET: Subtle hypometabolism predominantly in right 

parietal lobe. 

MRI: Normal 

9 F 20 R Medical refractory epilepsy 

with bilateral hippocampal foci 

PET: Minimal hypometabolism of right lateral temporal 

lobe. 

MRI: Unremarkable (incidental finding of bilateral 

hippocampal cysts) 

 

Table 1: Patient Information. The row for each patient provides demographic information, 

diagnostic information about their epilepsy, and brain imaging results. 
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Subject 

Number 

Number of 

Electrodes 

Implanted 

Number of Electrodes Implanted, by Location 

Left Hemisphere Right Hemisphere 

Frontal Temporal Frontal Temporal 

1 16 4 4 4 4 

2 16 4 4 4 4 

3 16 4 4 4 4 

4 12 3 3 3 3 

5 14 3 4 3 4 

6 11 3 2 3 3 

7 2 0 2 0 0 

8 4 0 2 0 2 

9 12 3 3 3 3 

Table 2: Number and placement of implanted electrodes. Each electrode had multiple macro 

contacts, which are the actual recording surfaces located along the electrode shaft. Therefore, some 

macro contacts were located closer to the surface of the brain. Note that the macro contacts (6-10 

per electrode) were evenly spaced along the electrode shaft. 
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Subject 

Number 

No. of 
 
Electrode 

Contacts 

Used in 

Analysis 

No. of Electrode Contacts Used in Analysis, by Location 

Left Hemisphere Right Hemisphere 

 
 
Frontal 

 
 
Temporal 

 
 
Frontal 

 
 
Temporal 

1 12 3 3 3 3 

2 9 2 3 1 3 

3 10 2 2 4 2 

4 12 4 0 6 2 

5 11 4 3 2 2 

6 12 3 3 2 4 

7 2 0 2 0 0 

8 3 0 2 0 1 

9 11 3 3 2 3 

Table 3: Number and placement of electrode contacts used in analysis. All contacts used were 

near the outermost ends of their electrodes. 
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Table 4: Information related to REM vs. Wake Sleep Scoring Results. The row labels of the table 

are as follows. 

 
Minutes of REM Correctly ID’ed: The duration, in minutes, of REM episodes correctly 

identified by our procedure. Fraction of REM Labels Correct: The fraction of REM-labeled 

episodes that were in fact REM episodes. Fraction of REM Correctly ID’ed: The fraction of all 

REM episodes that were correctly labeled by our procedure. Min. Alpha Power Diff. B/W Closest 

Competing Cluster and REM Cluster: The least alpha power difference among all electrode 

contacts, where an alpha power difference is calculated for each electrode contact as the alpha 

power difference between the rank 2 and rank 1 clusters for that electrode contact. A large number 

indicates a tendency for large alpha power differences to be exhibited for all electrode contacts 

when comparing the REM cluster with the closest competing cluster. Fraction of REM Cluster 

Electrode Alpha Power Not Minimum: The fraction of electrode contacts for which the 
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corresponding rank of the REM cluster was not 1. The lower the value, the greater the number of 

electrode contacts for which the REM cluster was of rank 1. Number of Clusters: The number of 

clusters selected by the clustering procedure. This number minimizes the AIC when selecting 

among clusterings of size 1 to 14. Number of Electrode Contacts: Number of electrodecontacts 

used for identifying REM episodes for each subject. 
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FIGURES 
 
 

A. 
 

 

 
 

B. 
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Figure 1. Electrode localization and spectrogram. (a) A sagittal MRI image showing the location 

of the outermost cortical contact of a frontal electrode in the left hemisphere for subject 6; the 

contact is located in the left superior frontal gyrus. (b) Spectrogram showing the alpha activity 

pattern detected from this electrode contact during Wake and REM sleep. The black line indicates 

the beginning of the REM sleep episode. Note that not shown is a large lapse in time—the REM 

episode occurred much later in the night than the wake period. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2. Hypnogram and alpha power variation over time for subject 6. Average Hilbert power 

variation (red) in the alpha band (8-12Hz) over time, overlayed with manually scored hypnogram 

(black). Note that during each REM period, alpha power dips below the level seen in Wake. 
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Figure 3. The number of Wake and REM sleep stages for each subject. Except for subject 6, all 

subjects exhibited more Wake than REM sleep stages. The count is the number of 30-second 

epochs. 

REM 

Wake 

C
o
u
n

t 



34 

 

 

Power: REM vs. Wake 
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Figure 4. Comparison of alpha (α) power for Wake (W) and REM (R) sleep stages, for each 

subject. The black asterisk indicates that mean alpha power during Wake was significantly larger 

than that during REM. All but one subject (i.e., Subject 7) exhibit larger Wake mean alpha power 

than REM mean alpha power (significant at the 0.05 Bonferroni-corrected significance level; one- 

sided, unpaired t-test). Subject 7 exhibits abnormal sleep architecture and would be excluded from 

studies of healthy sleep. 
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B. 
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Figure 5. A. Empirical probability density functions for alpha power from REM epochs 

(blue trace) and wake epochs (red trace) in subject 3. The black vertical line indicates 

the alpha power level such that, if episodes with average alpha power below that level 

are labeled REM, the number of correctly identified REM episodes matches the number 

identified in the proposed procedure (referred to as Proposed Detector in Figure 5B). B. 

A direct comparison between the proposed procedure (labeled Proposed Detector) and 

an alpha-power test (binary hypothesis test) based on average alpha power. The two 

detectors are matched in statistical power (probability of a correct detection) in the sense 

that they both correctly label the same number of REM episodes, but they differ in the 

number of REM labels assigned to Wake episodes. The vertical axis indicates the 

fraction of all REM labels that are actually assigned to Wake episodes by the alpha- 

power test, while the horizontal axis indicates the fraction of all REM labels that are 

actually assigned to Wake episodes by the Proposed Detector. Each mark corresponds 

to one subject. A mark lying on the red line would indicate equal detector performance 

for a single subject. For the achieved statistical power, the proposed procedure is 

superior for five of eight subjects, and only slightly worse for the remaining two 

(excluding subject 7). 
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Chapter 3: The Role of Sleep Spindles During Slow-Wave Sleep in 
Memory Consolidation 
Abstract 
Sleep spindles are a distinct brainwave pattern observed during stage 2 sleep as well as slow- 

wave sleep. Historically, sleep spindles were thought to occur synchronously across the brain, in 

a global manner. In recent research, the use of intracranial EEG has given insight to the idea that 

sleep spindles may occur at specific times in specific areas in the brain, in a local manner. We 

employed two standard targeted memory reactivation paradigms to examine the role of local 

spindles in memory consolidation. 

 
Data were collected from four patients (2 females and 2 males) between the ages of 20 and 56 

years (mean 31 years) undergoing invasive monitoring using intracranial depth electrodes for 

intractable epilepsy. Data (including EOG and EMG recordings) were scored for sleep by 

experienced sleep scorers and then analyzed for changes in spindling activity following an 

auditory stimulation during sleep. 

 
Local sleep spindles were identified from our intracranial EEG recordings, confirming that local 

sleep spindles are observable through intracranial EEG. Following the presentation of an 

auditory cue during a night of sleep, local sleep spindles were elicited at a specific time. This 

particular observation was seen for both the declarative and procedural memory tasks. 

These results suggest that local sleep spindles may play a role in memory consolidation 

processes that occur during sleep. 
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Introduction 
An abundance of research on sleep spindles, particularly sleep spindles occurring during SWS, 

show that both waveforms are strongly tied to the consolidation of memories.2,7-9,13,14,25-27 Further 

research has tried to show exactly how sleep spindles promote learning and memory consolidation. 

One proposed idea is that sleep spindles are involved in the reactivation of clusters of neurons that 

were activated during learning.27 This reactivation of neuronal clusters is believed to strengthen 

hippocampal-cortical connections.27,28 In doing so, cortical neuron clusters begin to form more 

integrated memory traces of what was previously learned, thus consolidating them.25 Likewise, 

SWS is also thought to play a role in this communication between the cortex and subcortical brain 

structures like the hippocampus.29 Despite the amplitude of brain activity during SWS already 

being the highest among all other stages of sleep, it has been shown to increase when SWS occurs 

before learning a task.30-32 Interestingly, slow waves that were artificially generated during NREM 

sleep using transcranial electrical stimulation to mimic SWS has been shown to improve 

hippocampally dependent memories.33 

Another technique to try and artificially manipulate the brain wave patterns occurring during sleep 

has been developed termed targeted memory reactivation.11,12,34 What happens in these studies is 

that a participant performs a memory task while an auditory or odor cue is presented. After the 

initial memory task, the participant goes to sleep. While they sleep, the researchers replay the 

stimulus cues presented during the memory task to the sleeping participant while the participant is 

in SWS. As a result, the researchers found that memory performance on the task improved 

compared to controls who did not have a stimulus cue presented during sleep.11,12,34 What has been 

observed and reported in numerous studies is that the presentation of these cues during sleep can 

induce the replay of neuronal sequences associated with the cues and there is a direct effect on 

certain brainwave properties during sleep.35,36 Specifically, a lot of studies have shown that 
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targeted memory reactivation produces increased spindle activity and spindle density.35 Targeted 

memory reactivation’s impact on spindle properties is also believed to play a role in enhancing 

memory consolidation by biasing the replay of the learned information during sleep.37,38 

Emerging Evidence of Different Kinds of Sleep Spindles 

Past EEG research show that sleep spindles propagate throughout the brain in a synchronous and 

global manner.17,18,21-23 However, research using other methods like magnetoencephalography 

(MEG) and human intracranial recording have shown that sleep spindles may be localized in origin 

to particular areas of the brain. 18,21,22,24 Additionally, evidence for local slow waves, in addition to 

local spindles were found by Nir et al. (2011), with local slow waves being more prevalent in later 

NREM sleep of the night and local spindles being more prevalent in early NREM sleep of the 

night.18 

Even though the distinction between local and global spindles has been identified in numerous 

studies, the functional significance of local spindles remains unanswered.17 Particularly, the 

question of whether or not local spindles play a role in memory consolidation is still not well 

known. There is also a void of knowledge in how local and global spindles relate to each other. 

Do they interact with each other? Do local spindles serve a different role during sleep than global 

spindles? We aim to provide more insight into the neural dynamics involved with local and global 

sleep spindles and their potential role in sleep by using iEEG recording methods and two memory 

tasks that will test declarative and procedural memory, an object-location memory task and a 

finger-tapping memory task, respectively. To do so, we will implement two tasks that are known 

to elicit sleep mediated effects on learning through targeted memory reactivation.11,12 The 

utilization of iEEG will not only allow us to observe local spindles, but to investigate deeper brain 
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structures such as the hippocampus and amygdala that is not afforded to us by typical EEG 

recordings.17,18,22 
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Materials and Methods 
Data for both tasks mentioned previously were collected from four patients (2 females and 2 males) 

between the ages of 20 and 56 years (mean 31 years) undergoing invasive monitoring using 

intracranial depth electrodes for intractable epilepsy. Patients signed the informed consent 

approved by the Institutional Review Board (IRB) at Carilion Roanoke Memorial Hospital prior 

to participating in the study. Two to sixteen Ad-Tech depth electrodes, each with 6 to 14 macro 

contacts, were implanted in each subject. Note that the macro contacts are the recording points 

along the shaft of each electrode and are regularly spaced. Therefore, some macro contacts are 

located closer to the surface of the brain. The placement of electrodes was determined strictly by 

clinical criteria without considering research needs. Electrophysiological readings from the Ad- 

Tech electrodes were received by a 256-channel ATLAS digital acquisition system from 

Neuralynx (Bozeman, MT), which was connected to a PC running Pegasus Acquisition Software 

from Neuralynx. The input signals were sampled at 2000 Hz. For each subject, recording started 

between 8 PM and midnight, depending on an estimated bedtime. EEG data from the raw 

Neuralynx files were converted to EDF files in blocks of 4-hour periods. For each subject, between 

6 to 12 hours of sleep/wake data were recorded and considered for analysis. 

Electrode Localization 
The locations of depth electrode contacts were determined using Freesurfer37,38 and IELU software 

in two steps: reconstruction and coregistration. First, a preoperative high-resolution 7 magnetic 

resonance imaging (MRI) scan was used to generate a 3D rendering of the subject’s brain using 

FreeSurfer; this rendering was placed in a 3D coordinate system (RAS). During the reconstruction 

process, FreeSurfer also automatically generates subcortical and cortical parcellations with 

anatomical labels using the Desikan-Killiany Atlas.40 Second, the postoperative CT scan was 

coregistered with the 3D rendering using the IELU pipeline, thus providing a RAS coordinate for 
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each electrode contact. Using the FreeSurfer-generated parcellations and the RAS coordinates, we 

determined the anatomical location of each electrode contact with the help of a MATLAB script.41 

A quality check on localization accuracy was performed via visual inspection. 

Behavioral Task 
For the object-location memory task, which was used by Rudoy et al., the participant will have to 

learn the object-location pairing of 30 objects.11 To be more specific, the participant will go 

through a learning phase where the participant sits in front of a computer screen that shows a 

checkerboard. On this checkerboard, an object (e.g. an apple) will be located somewhere on the 

checkerboard. At this time, a sound that characterizes that specific object (e.g., the sound of an 

apple being eaten), will be played to the participant during this learning phase. This will happen 

for 30 objects, one after the other, that have characteristic sounds associated with each object. After 

all 30 object-location pairs are shown to the participant, they are then tasked with remembering 

where each object was on the checkerboard, and moving the object from the center of the board to 

the desired location. The participant continues the learning phase of this task until all object- 

location pairs are learned. Figure 1A shows an example image of the desired location of the apple 

image, and Figure 1B shows an image of where the apple image starts for the participant to then 

move to the desired location. During this process, once they correctly identify an object-location 

pair, it is removed from the list of 30 pairs. This is done to ensure that the information is encoded 

at some level. After the learning phase, the participant will complete the test phase of the object- 

location memory task. 

In the test phase, the checkerboard will appear on the computer screen, and the 30 object-location 

pairs will be shown to the participant, one after the other, just like in the learning phase. After all 

30 object-location pairs are shown to the participant they must then move the object from the center 

of the screen to the desired location for all 30 object-location pairs; this is done in the exact same 
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manner as the learning phase. Once all 30 objects are moved by the participant, the testing phase 

ends. There is no repetition of showing the participant the desired locations of the object-location 

pairs, unlike the learning phase. 

Object-location pairs will be considered “poorly learned” based on the center-to-center distance 

the participant placed the object in the testing phase from its exact location, the higher the center- 

to-center distance, the more poorly learned the object-location pair will be. After the testing phase, 

the participant will begin the sleeping portion of the study. During the sleeping portion of the 

study, a sequence of the sounds of the objects mentioned earlier (e.g., the sound of an apple being 

eaten) will be played to the participant while they are in SWS. The sequence of sounds that play 

is determined by the participant’s performance in the test phase, with the best performing object 

location pairs starting first, followed by every other sound in order of decreasing performance 

playing after. This will result in a total of 15 sounds from the list of the 30 object-location pairs 

being played to the participant. When these 15 sounds are all played to the participant, the same 

sounds are then replayed to the participant, but this time in a random order for roughly 20-30 

minutes of observed SWS. When the participant awakens in the morning, they redo the test phase 

one last time. 
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Figure 1A 
 
 

 

 
 

Figure 1B 
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Figure 1. Screenshots from the declarative memory task. Figure 1A shows a section of the learning 

phase where the participant sees where the image (apple) should be placed. Figure 1B shows a 

section of the learning phase where the participant must move the image (apple) from the center 

of the screen to the desired location shown in Figure 1A. 

 
 

Subjects will also perform a procedural memory task before they go to sleep. They will be retested 

after they awaken. Note the procedural memory task will be conducted on a different night then 

the declarative memory task. We will present the task on a small notebook PC that can be used in 

the hospital room. We will administer a serial reaction time task (SRTT) that is adopted from 

Cousins et al. (2014).12 Briefly, subjects will learn two different 12-item finger press sequences, 

Sequence A (1-2-1-4-2-3-4-1-3-2-4-3) and Sequence B (2-4-3-2-3-1-4-2-3-1-4-1); additionally, a 

random sequence of tones will be presented to the participant. The numbers correspond to specific 

fingers on the left hand. Subjects are presented one of four different pictures in one of four 

locations. Figure 2 shows an example of what the participant sees on the computer screen. The 

same pictures will be used for both sequences, and a given picture always occurs in the same 

location. Each picture is accompanied by a unique sound, with the sounds for one sequence 

consisting of high-pitched tones and the sounds for the other consisting of low-pitched tones. 

Subjects will be asked to press the appropriate keys, indicated by the locations of the pictures, as 

quickly as possible, while keeping their errors to a minimum. Following the task, we will record 

the subject’s sleep and either the sequence of sounds for Sequence A or the sequence of sounds 

for Sequence B during NREM sleep will be randomly chosen to play during their sleep. When the 

subjects awaken, we will retest them on the SSRT task. The parameters for sound presentation 
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during sleep and the counterbalancing and control measures adopted from Cousins et al. will be 

used (2014).12 

The participant will go to sleep in the hospital while still being recorded with iEEG, EOG, and 

EMG electrodes. When the participant falls asleep, their brain waves will be monitored by the 

researcher. By combining these three recording techniques, a trained sleep researcher can tell the 

difference between the brain wave activity of different sleep stages. For the purposes of this study, 

the brain wave activity of the participant will let the experimenter know when the participant has 

entered (SWS). When the participant enters SWS, the sound cues will be played, as described 

previously. 

Figure 2 
 
 

Figure 2. An example image of what the participant sees in the procedural memory task. In this 

example, the participant would press the left most button on the button box, corresponding to input 

1 in Sequence A. 
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Data Analysis 
Defining Local Spindles 

 
Before we can investigate the neural dynamics of local vs global spindles, we first need to define 

what exactly a local sleep spindle is. We use a definition similar to the one used by Nir et al. A 

local sleep spindle is defined as a sleep spindle that occurs in less than 50% of electrode recording 

sites at a particular time.17,18 The process of selecting contacts for detecting local and global 

spindles is described below for one subject, for illustrative purposes. In subject 4, we initially had 

127 clinically available electrodes, seven of which were not iEEG channels (EMG, EOGs, EKGs, 

etc.) and were not used for analyzing spindling activity. The remaining 120 channels were arranged 

in a bipolar montage that was then run through our channel selection process. Only electrodes 

applied to gray matter areas of the brain were selected which decreased the number of electrodes 

to 48. Next, to determine which of these channels have spindling activity over the course of the 

experiment, an automated system generated power spectrums for each electrode for every two 

seconds of data. Figure 3A and 3B show examples of power spectrums for bipolar electrodes that 

elicit spindling activity and bipolar electrodes that do not elicit spindling activity, respectively. 

These power spectrums were averaged over to form one power spectrum for each electrode which 

were then fitted to a 1/f model, as done in previous papers.17 Electrodes that had deviations from 

this 1/f model in the spindle frequency band were then chosen as electrodes with spindling activity; 

this dropped the number of electrodes from 48 to 41. 
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Figure 3A 
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Figure 3B 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 3. Averaged power spectrums of two different bipolar electrodes during a duration of N2 

sleep from iEEG recordings. Figure 3A shows the power spectrum of an electrode that elicits a 

sleep spindle throughout the section of data. Figure 3B shows the power spectrum of an electrode 

that did not elicit sleep spindle activity through the section of data (note the band occurring around 

the frequency range of sleep spindles, 11-16Hz). 

 
 
 

To identify global vs. local spindles, these 41 channels were then run through a custom algorithm 

for detecting spindles in time. This algorithm goes through each electrode in time over the course 

of the experiment and identifies if there is a sleep spindle at a specific point. For each electrode, if 

a spindle is detected at same time point, that spindle gets added to the pool of electrodes that 

detected a sleep spindle at that time. After every electrode is taken into account, the final number 
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of electrodes that elicited a spindle at that time is divided by 41, the total number of channels that 

elicit spindling activity. A global spindle is detected at a specific time point in the recording if this 

number divided by 41 is greater than or equal to 0.5 (50%). Figure 2 shows the result of this custom 

algorithm and shows an example of local and global sleep spindling. 

 

 

 
 

Figure 4. Image generated in MATLAB showing a segment of a sleep recording of global vs. local 

sleep spindles. The section outlined in the red rectangle is a section of sleep where sleep spindles 

occurred in more than 50% of iEEG channels (global spindling). The section outlined in blue 

shows a section of sleep where sleep spindles occurred in less than 50% of iEEG channels (local 
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spindling).Based on figures 3 and 4, we demonstrate that local spindles are identifiable through 

the use of iEEG recordings. 

Results 
As seen by others, we found that the majority of detections are local sleep spindles. We utilized 

the spindle detection algorithm described in the methods section for detecting spindles in specific 

channels in time during a recording. For each detected spindle, the fractional coverage is 

determined and binned into a histogram. Figure 5 shows the results of this process for one subject 

for one night of sleep. As can be seen by this figure, high spindle counts fall below 50% of 

fractional coverage (i.e., spindles detected in less than half of the 41 channels described 

previously). Also of note is that most spindle counts are rarely seen at or above 80% fractional 

coverage. 

Figure 5 
 
 

 
Figure 5. Histogram showing detected spindle counts from our custom algorithm. This histogram 

shows that most spindle counts fall below the local spindle threshold of less than 50% fractional 

coverage. Spindle detection 80% or higher fractional coverage is rarely seen. 
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Now that we have shown local spindles can be identified through iEEG recordings and that local 

spindles are more prevalent than global spindles, the next step is to see how they are affected by 

the auditory stimulations of our experiments. Figure 6A shows a spectrogram of data acquired 

before and after the presentation of an auditory stimulation (time 0) for the declarative memory 

task. This data was averaged over 53 different auditory stimulation events during a night of 

recording. From this spectrogram we can see that there is an increase in spindle power following 

the auditory stimulation (warmer colors around time 1000ms). Figure 6B shows another histogram 

of the spindles detected in figure 6A and indicates the fractional coverage of these spindles. This 

histogram shows that the distribution of sleep spindles is more local than global. Likewise, for the 

procedural memory task, we roughly see the same thing as in the declarative memory task. Figure 

7A shows a spectrogram of data acquired before and after an auditory stimulus occurred during 

sleep. The data in the spectrogram occurred only during the first tone of the 12-tone sequence (time 

0), over 12 different sequences; this data is then averaged together. We can see in this spectrogram 

as well that there is an increase in spindle power following the auditory stimulation around 

1000ms. Figure 7B shows the spindle detection distribution for the data and, again, illustrates that 

most of the spindles occurring during this time are local spindles. 
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Figure 6A 
 

 

 
Figure 6B 

 
 

 
Figure 6. Figure 6A shows the spectrogram of six seconds of data. The first second of data is before 

the presentation of an auditory stimulus (time 0). This time period of data was taken from 53 

different auditory stimulations of object-location pairs that were accurately recalled in the testing 

phase of the declarative memory task prior to going to sleep. After the presentation of the stimulus, 

warmer colors emerge in the spindle frequency band (11 – 16Hz) roughly one second after the 

presentation of the auditory stimulus. Figure 6B is a histogram that shows that the spindling 

occurring after the stimulus event is made up of local sleep spindles and not global sleep spindles. 
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Figure 7A 
 
 

 

Figure 7B 
 
 

 

Figure 7. Figure 7A shows the spectrogram of six seconds of data. The first second of data is before 

the presentation of an auditory stimulus (time 0). This time period of data was taken from the first 

tone of a 12-tone sequence, 12 times and averaged together. After the presentation of the stimulus, 

warmer colors emerge in the spindle frequency band (11 – 16Hz) roughly one second after the 

presentation of the auditory stimulus. Figure 7B is a histogram that shows that the spindling 

occurring after the stimulus event is made up of local sleep spindles and not global sleep spindles. 
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Discussion 
The purpose of this research was to investigate the neural changes involved with local versus 

global sleep spindles. We have shown that local sleep spindles are identifiable through the use of 

iEEG. We have also provided additional evidence that local sleep spindles are more dominant over 

the course of a night compared to global sleep spindles and our preliminary results show that 

auditory stimuli induces local spindles at specific times. 

Existing limitations of this research, however, include the sample size of this research being low, 

with only four patients having analysis completed on their sleep recordings. This project also does 

not go into too much depth about how local spindles are involved in memory and learning. These 

preliminary findings do show that local spindles occur following auditory stimulation in a targeted 

memory reactivation related study for both procedural and declarative memory. However, no 

conclusions can be made on the functional significance during targeted memory reactivation from 

this study, but it paves the way for future studies to investigate the effect that local spindles have 

on learning and memory. 
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Chapter 4: Conclusion 
The goal of this research project was twofold. First, we aimed to see if alpha waves observed 

through iEEG recordings are different across different states of arousal and to examine whether 

this difference in alpha power can be leveraged for sleep staging. After collecting iEEG recordings 

from epileptic patients, alpha waveforms were characterized and then used to identify episodesof 

wake as separate from episodes of REM sleep. Prior to our work, this could only be done if EOG 

and EMG electrodes were applied to the patient, but in typical iEEG recording setups, EOGs and 

EMGs are rarely utilized. 

 
On average, we found that alpha power is greater during wake periods than during REM sleep in 

specific regions. After identifying this difference in alpha power during wake versus during REM 

sleep, we used this difference to establish a novel clustering method that was able to reliably 

identify periods of REM sleep in human subjects using iEEG recordings. 

 
Through the development of this method to use the observed differences in alpha wave power 

between wake and REM sleep states as a way to distinguish between wake and REM sleep states, 

we made it possible to sleep score iEEG recordings that do not use EOG and EMG electrodes. 

This not only opens the door for future iEEG recordings to be used for sleep studies, but also 

allows a wide database of already existing iEEG recordings to be used for sleep research purposes. 

Our second goal of this research project was to use iEEG recordings as a reliable way to identify 

local vs. global sleep spindles in humans. Additionally, we wanted to glean insight into the role 

that local sleep spindles may play in learning and memory using two standard targeted memory 

reactivation tasks; one task to test declarative memory and another task to test procedural memory. 

In standard EEG recordings, local sleep spindles are not able to be identified. From our research, 

we showed that local sleep spindles are identifiable through the use of iEEG recordings. In addition 
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to local spindles being identified through iEEG, we showed that local sleep spindles actually occur 

more often than global sleep spindles. 

Preliminarily, we found that the presentation of an auditory cue during SWS, a standard method 

in targeted memory reactivation studies, has an effect on local sleep spindles. By using 

spectrogram analysis, we found higher power values of waveforms in the sleep spindle frequency 

band (11 – 16 Hz) at specific time windows after stimulation. We also found that the sleep spindles 

occurring from the auditory cue are local sleep spindles, not global. This confirms previous 

research that local sleep spindles may play a role in the neural processes of learning and memory 

that occur during sleep. 

Due to our low sample size, the investigation of the role that local sleep spindles play in learning 

and memory was limited. Future research should aim to investigate to what extent local sleep 

spindles play a part in learning and memory. In addition, future research should also investigate 

the potential interactions that local sleep spindles have with global sleep spindles. Future research 

of the lab will investigate the effects of targeted memory reactivation on hippocampal ripples, a 

distinct waveform found in sleep that is thought to play a role in learning and memory and may 

have some interaction with sleep spindles.32,62,72,76 
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