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Abstract

The use of a fixed electroencephalogram (EEG) amplitude threshold of 75 pV for labeling slow waves is a subject of ongoing discussion
given EEG amplitude is known to vary with age and sex. This paper investigates the impact of this amplitude threshold on age- and
sex-related trends in visually annotated slow wave sleep (SWS). Automated methods for labeling SWS using data-driven thresholds
and amplitude- or frequency-based inputs are developed. Age- and sex-related trends in SWS derived from visual annotation and
automated labeling are then compared across a cohort of 2913 participants from the Sleep Heart Health Study.

In the selected cohort, males exhibit an age-related decrease in visually annotated SWS, which is preserved when using automated
labeling. In contrast, females exhibit a mild age-related increase in visually annotated and amplitude-labeled SWS, but an age-related
decrease in frequency-labeled SWS. Furthermore, using frequency-labeled SWS results in a reduction in SWS in females to a level
comparable to that of males. Overall, the consistency of age-related trends in SWS in males between visual annotation and auto-
mated labeling, as well as the lack of consistency in these trends in females, is striking. Given that the 75 pV amplitude threshold was
established using data acquired primarily from young males, these results suggest that observed sex-based differences in visually
annotated SWS may be artifactual rather than physiological, and a result of the 75 pV amplitude criterion. This sex-related disparity
highlights the need for the American Association of Sleep Medicine guidelines for scoring SWS to be reviewed and updated to provide
equivalent performance for males and females.
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Graphical Abstract
Is it time to revisit the scoring of Slow Wave (N3) Sleep?

Slow Waves are an important feature of N3 (or ‘deep’) sleep SRl

They are defined by both amplitude and frequency criteria applied to sleep EEG
These criteria were established on small groups of mostly young males in the 60s
Sleep EEG varies with age and sex — potentially leading to artefactual trends
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All labelling approaches produce similar age-related trends in males, but not in females
As scoring criteria were developed primarily on young males, they may be creating artefactual trends in females
Scoring criteria should be reviewed on a large, diverse cohort to ensure equivalent performance between sexes

Statement of Significance

Slow wave sleep (SWS) is an important sleep stage, but the labeling of slow waves using a fixed electroencephalogram (EEG) ampli-
tude threshold has long been a subject of debate as EEG amplitude is known to vary with age and sex. This study investigates the
impact of this fixed amplitude threshold on age- and sex-related trends in SWS across a large, retrospective dataset. The analysis
involves comparing trends in visually annotated slow wave sleep with trends derived using an automated method for labeling SWS
and either amplitude- or frequency-based criteria. Results suggest that observed sex-based differences in visually annotated SWS
may be artifactual rather than physiological, and a result of the amplitude threshold.

Despite there being well-established differences between male
and female physiology, these differences are not always taken
into account in biomedical research or medical diagnostic guide-
lines [1-3]. While the National Institute for Health (NIH) man-
dated in 1993 (after several “high profile male-only heart trials
undertaken in the 1970s and 1980s” [4]) that trials be conducted
such that it could be assessed whether “variables being studied...
affect women... differently than other subjects” [5], many diagnos-
tic metrics and thresholds were established well before this and
have not necessarily undergone significant subsequent revisions.
For example, the association between body mass index (BMI), a
widely used index that has remained relatively unchanged since
the 1850s, and the percentage of body fat is known to be signif-
icantly different between males and females [6]. Despite this,
identical thresholds are used for classifying males and females
as underweight, overweight, or obese. Similarly, there are well-
established differences between blood pressure in males and
females, and research has suggested that lower thresholds should
be used to diagnose hypertension in females than in males [7].
Despite this, identical thresholds are used for diagnosing hyper-
tension in both sexes.

Another area of research for which such sex differences are
relevant is sleep. There is ongoing research into the association
between sleep and health outcomes [8, 9]. Sleep can be divided

into stages defined primarily, but not exclusively, by electroen-
cephalogram (EEG) characteristics, including N1 (light), N2 (inter-
mediate), N3 (slow wave), and rapid eye movement (REM) sleep.
Sleep follows a typical topography, with periodic cycles of REM
sleep that increase in duration throughout the night, and more
N3 sleep earlier in the night [10]. A sleep stage of particular inter-
est is N3 or slow wave sleep (SWS), which is an important sleep
stage associated with memory reinforcement, immune function,
and repair of tissues [11]. Reduction in the duration of this sleep
stage has been shown to be associated both epidemiologically
with type 2 diabetes and acutely with reduced glucose toler-
ance [12, 13]. Further, recent studies have shown that reduced
SWS duration is associated with an increased risk of dementia
and that SWS duration may thus “be a modifiable dementia risk
factor” [14].

Current American Association of Sleep Medicine (AASM)
guidelines define “slow waves” in the EEG as waves with a fre-
quency of 0.5-2.0 Hz and a minimum amplitude of 75 pV, with
N3 sleep defined by the presence of at least 20% slow waves in a
30-second ‘epoch’ of sleep [15]. However, there are known
issues with the application of these guidelines. EEG amplitude
reduces with age [16-18], with the result that the 75 uV thresh-
old can cause epochs in older participants not to be “scored as
SWS but... rather assigned to stage 2 sleep—although all other



characteristics of the sleep epoch suggest the presence of SWS
(i.e. the predominance of low-frequency EEG waves but the
absence of eye movements along with reduced muscle tone)” [19].
Further, EEG amplitude and signal quality are known to vary with
hair thickness, volume, and type [20]; thus amplitude thresholds
developed on a specific ethnicity or sex may not be broadly appli-
cable to other groups. Finally, and more generally, there are suffi-
cient differences between the EEG in males and females that it is
possible to train models to determine sex from the EEG to a high
degree of accuracy [21, 22].

These differences in EEG characteristics between younger and
older males and females were investigated through a series of
data-driven experiments in a recent publication [23]. The authors
employed a training dataset and an independent test set of EEG
recordings, with slow wave density (number of slow waves per
minute of NREM sleep) as the main metric for their analyses.
They concluded that the well-known decrease in SWS with age,
widely reported in the literature [19, 24, 25], was valid, but that
sex-related differences in SWS were related to EEG amplitude,
with older males more likely to produce low-amplitude slow
waves in comparison to older females and younger adults.

The predecessor of the current AASM guidelines for sleep
annotation was a manual by Rechtschaffen and Kales (R & K)
[26], which was “essentially a formalization” [18] of the sleep
stages previously described by Dement and Klietman in [27] (a
study which, notably, consisted of 26 males and 7 females, most
of whom were between the ages of 20 and 30 years). The only
difference between current AASM guidelines for identifying slow
waves and those in the R & K manual is the change in the defini-
tion of slow wave frequency from 0.5-4.0 Hz (in R & K) to 0.5-2.0
Hz that was introduced in the 2014 AASM guidelines (v2.1) [28].
Importantly, the R & K manual states that “alternative measures
of slow wave activity might have a usefulness and empirical
significance not enjoyed by the measure chosen” and that “this
should not deter investigators from using measures of slow wave
activity other than the one suggested here.” As noted by [18], “The
guidelines of Rechtschaffen and Kales were meant as a reference
method. However, it became, unintentionally, a gold standard.
The rules have never been appropriately validated.”

In line with this, a recent publication [29] notes, “The R & K
manual and the current AASM manual do not provide an expla-
nation for the 20% of epoch rule or the 75 pV amplitude rule” The
authors further note that the absence of an empirical rationale
for these thresholds makes providing justification for any par-
ticular alternative threshold challenging, and acknowledge that
there is value in maintaining continuity with the thousands of
existing sleep-related publications that employ these thresholds.
Regardless [29], stresses that “measures of sleep continuity and
depth that are reliable and clinically relevant should be a focus
of clinical research.”

Fundamentally, the R & K thresholds were “designed for
paper recordings including specifications for filters, gains, paper
speed, pen deflection, number of channels..” [18]., in which con-
text the 75 pV threshold makes sense as a surrogate for low-
frequency wave power that can be easily and rapidly visually
applied. However, with the move to digitized EEG, it is possible
to directly compute wave power in any given frequency band
using frequency-based methods. Using these frequency-based
methods, a continuous association has been shown between
sleep depth (as measured by audio volume required to trigger
arousal) and absolute delta power (0.5-4.0 Hz), with no notable
step change in sleep depth when wave amplitude exceeds a 75
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pV threshold [30]. Indeed, it was noted as far back as the 1970s
that “if future standards for measurement of slow wave activ-
ity were based upon spectral intensity criteria rather than the
present visual criteria, perhaps a more reliable and sensitive
indicator of changes in SWS with age, drugs or illness might be
possible” [31].

This paper investigates the impact of the 75 pV amplitude
threshold on age- and sex-related trends in visually anno-
tated SWS (i.e. N3 sleep) by comparing these trends with those
derived using both amplitude- and frequency-based methods for
automated labeling of SWS. The automated labeling approach
employed in this paper allows for continuous, second-by-second
labeling of SWS using data-driven thresholds and EEG envelope
amplitude, slow wave power (SWP), or percentage slow wave
power (%SWP) as input. By comparing age- and sex-related trends
in SWS derived using visual annotation with those derived using
automated labeling, insight can be provided into the influence of
current AASM thresholds on the age- and sex-related trends in
SWS reported in the literature.

Methods

Dataset: the Sleep Heart Health Study

The Sleep Heart Health Study (SHHS) was designed to investigate
the association between sleep-disordered breathing and cardio-
vascular health [32]. This multi-center study in the United States
recruited 6441 participants from existing cardiovascular disease
studies to its first phase (SHHS1) between November 1995 and
January 1998. Cardiovascular outcomes, including coronary heart
disease, stroke, all-cause mortality, and hypertension, were mon-
itored until 2011. Inclusion criteria for participants were being at
least 40 years of age, having no history of sleep apnea treatment,
not having undergone a tracheotomy, and not currently receiv-
ing home oxygen therapy. Given the interest in sleep-disordered
breathing, snorers were oversampled during recruitment.

The SHHS database contains 2-channel EEG (C3/A2 and C4/A1),
sampled at 125 Hz. Hardware filtering consisted of a high-pass fil-
ter with a cut-off at 0.15 Hz and no low-pass filter. Documentation
for the study [32] notes that the C4/A1 channel “visually appeared
tobe a “cleaner’ signal (less high frequency within the waveforms)
than C3/A2” Furthermore, while AASM guidelines state that ide-
ally frontal electrodes (F4/A1 or F3/A2) should be used to assess
slow waves, the guidelines note that “when using the acceptable
EEG derivations... EEG amplitude to determine slow wave activ-
ity should be measured using the C4-M1 (i.e. C4/A1) derivation”
[15]. For these reasons, the C4/A1 EEG channel was selected for
the analysis conducted in this paper, all of which were performed
using MATLAB R2023b.

EEG records in the SHHS1 database were excluded from anal-
ysis if:

1. The participant met the AASM threshold for moder-
ate obstructive sleep apnea (i.e. apnea-hypopnea index
(AHI) > 15 [33]). This criterion was applied to mitigate
the potential effects of the over-representation of sleep-
disordered breathing (due to oversampling of snorers
during recruitment) in the database. Note that short-
and mid-term follow-up questionnaires (Supplementary
Appendix B) found low rates of other diagnosed sleep disor-
ders (e.g. insomnia, restless leg syndrome, and narcolepsy)
in the selected cohort, and exclusions were therefore not
made based on these conditions.


http://academic.oup.com/sleep/article-lookup/doi/10.1093/sleep/zsaf063#supplementary-data
http://academic.oup.com/sleep/article-lookup/doi/10.1093/sleep/zsaf063#supplementary-data
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Figure 1. Example EEG and corresponding envelope function for a segment of visually annotated N3 sleep: (A) EEG with corresponding upper and

lower envelope; (B) Amplitude of the corresponding envelope function.

2. The participant was greater than 80 years of age, due to the
small number of participants over 80 in the database.

3. Greater than 2% of NREM EEG epochs were classified as
outliers using log-transformed standard deviation, as
implemented as a signal quality metric in [34]. This crite-
rion was applied to exclude participants with a noisy NREM
C4/A1 EEG signal.

4. The C4/A1 EEG was otherwise difficult to visually annotate,
resulting in the C3/A2 EEG being used for manual sleep
annotation (Supplementary Appendix A).

Automated labeling of SWS

AASM guidelines define slow waves as having a frequency of
0.5-2.0 Hz and a minimum amplitude of 75 pV. During visual
annotation, a 30-second “epoch” of sleep is labeled as N3 sleep
if it contains at least 20% (6 seconds) of these slow waves [15].
As such, the AASM guidelines include frequency (0.5-2.0 Hz),
amplitude (75 pV), and temporal (6 seconds of slow waves in a
30-second epoch) criteria. During visual annotation, these cri-
teria interact to produce the sex- and age-related trends in N3
sleep reported in the literature. To investigate the influence of
each criterion on these trends, automated labeling methods
that emphasized or de-emphasized the influence of these crite-
ria were developed. These methods were then applied and any
differences in the resulting age- and sex-related trends in SWS
observed.

AASM sleep staging involves first identifying slow waves in a
continuous fashion using amplitude (75 uV) and frequency (0.5
2.0 Hz) criteria. To emulate this approach, while separating ampli-
tude and frequency criteria, two automated, continuous methods
for labeling slow waves were developed. The first of these methods
is a time-domain method that relies upon an amplitude criterion,

and the second is a frequency-domain method that relies upon a
power or percentage power criterion.

Amplitude-based approach.

Amplitude-based labeling of SWS was performed using an enve-
lope method as follows:

1. Bandpass filter the C4/A1 EEG within the broad range
of physiologically relevant frequencies (0.5 Hz-35.0 Hz,
encompassing the delta to gamma bands, as in [34]).

2. Perform half-wave rectification on the EEG signal and an
inverted copy of the EEG signal.

3. Low-pass filter the (non-inverted) rectified EEG signal using
an eighth-order Butterworth filter with a cutoff frequency
of 2.0 Hz to create the upper envelope (which follows the
peaks of the EEG signal).

4. Low-pass filters the inverted, rectified EEG signal using an
eighth-order Butterworth filter with a cutoff frequency of
2.0 Hz. Invert the resulting signal to create the lower enve-
lope (which follows the troughs of the EEG signal).

5. Compute the peak-to-trough envelope amplitude by tak-
ing the difference between the upper and lower envelope
signals.

An example of the envelope signal produced using this approach
on a segment of visually annotated N3 sleep EEG is shown in
Figure 1. The 2.0 Hz low-pass filter corresponds to the maximum
frequency of a slow wave according to AASM criteria and thus
smooths the resulting envelope such that slow waves (for which
peaks and associated troughs are separated by at least 0.5 sec-
onds) produce a sustained period of high envelope amplitude.
However, the low-pass filter also significantly reduces the signal
amplitude relative to the underlying EEG, hence the AASM 75 nv


http://academic.oup.com/sleep/article-lookup/doi/10.1093/sleep/zsaf063#supplementary-data

criterion is no longer applicable for labeling SWS using this enve-
lope signal.

Frequency-based approach.

Frequency decomposition of the EEG was performed using
Welch’s method, the “gold standard” method for this task [12, 34].
Welch’s method was developed to reduce noise in periodograms
of non-stationary signals by averaging multiple periodograms
generated over short segments of overlapping Hamming-
windowed data. A modified Welch'’s method approach using roll-
ing overlapping windows was developed to provide a continuous,
second-by-second assessment of EEG spectral power. This
approach was implemented as follows:

1. Bandpass filter the C4/A1 EEG within the broad range of
physiologically relevant frequencies (0.5 Hz-35.0 Hz) [12].

2. Compute periodograms for 4-second Hamming-windowed
segments of EEG, sliding by 1 second (i.e. with a 75% over-
lap between windows). While it is more typical to employ
a 50% overlap between windows, a 75% overlap produces a
new periodogram for every 1 second of signal (as opposed
to every 2 seconds with a 50% overlap). This is beneficial
when averaging periodograms over short signal segments
as it means that a given signal segment produces a greater
number of periodograms to be averaged, hence reducing
noise in the output periodogram.

3. Implement Welch's method by calculating a rolling
S-window average of the periodograms, giving a second-
by-second output periodogram which, at a given point in
time, is dependent on the neighboring 4 seconds of EEG on
each side of that point (primarily the neighboring second
on either side, as shown in Figure 2).

4. Use either:

e  Slow Wave Power (SWP) Method: Calculate the band
power in the slow wave (0.5-2.0 Hz) band.

e Percentage Slow Wave Power (%SWP) Method:
Calculate relative band power in the slow wave

25
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(0.5-2.0 Hz) band by computing the ratio of SWP to
the total power observed in the 0.5-35 Hz frequency
range.

Establishing thresholds for labeling SWS.

The amplitude-based, SWP frequency-based, and %SWP
frequency-based methods developed thus far each provide a
continuous index associated with SWS, but for each method,
an appropriate threshold must be selected for labeling SWS.
Using AASM guidelines, after slow waves are identified (using
frequency and amplitude criteria), a 30-second epoch of sleep
is visually annotated as N3 sleep if it contains at least 6 sec-
onds of slow waves, and these visual annotations of N3 sleep
are available in the SHHS1 database. As such, initial thresholds
for the automated labeling of SWS were determined by assess-
ing the duration of amplitude- or frequency-labeled SWS pres-
ent in visually annotated epochs in the SHHS database across
a range of different thresholds.

For this exercise, visually annotated N2 and N3 epochs from
the selected SHHS cohort were employed. Note that visual anno-
tation in the SHHS database was performed according to R & K
guidelines, including a distinct N4 sleep stage. For the purpose of
the analyses in this paper, N4 sleep was merged with N3 sleep in
accordance with AASM guidelines. For a given amplitude, SWP,
or %SWP threshold, each N2 or N3 epoch was then considered
as having been identified “correctly” (i.e., corresponding to AASM
guidelines) if:

e A (visually annotated) N2 sleep epoch contained less than
20% (6 seconds) of amplitude- or frequency-labeled SWS.
Note that while the definition of N2 sleep also refers to
other sleep features (K-complexes and spindles), these fea-
tures are used to identify N2 sleep “in the absence of crite-
ria for N3 (sleep),” with it being noted that “sleep spindles
may persist in stage N3 sleep” [15].

e A (visually annotated) N3 sleep epoch contained greater
than 20% (6 seconds) of amplitude- or frequency-labeled
SWS.

Individual Window
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Figure 2. Summed Hamming window values for 4-second overlapping windows sliding by 1 second.
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For each amplitude, SWP, or %SWP threshold, the overall
percentage of epochs identified correctly was then calculated,
and the threshold corresponding to the greatest percentage of
correctly-identified N2 and N3 epochs was selected for auto-
mated labeling of SWS.

While such an approach does mean that the thresholds
selected for frequency-based labeling of SWS are dependent on
existing visual annotation criteria, which include an amplitude
criterion, this approach was selected for the simple reason that
the only reference labels available in the SHHS dataset are visual
annotations. To characterize the dependence of resulting trends
in SWS on the choice of threshold used for automated labeling, a
sensitivity analysis was conducted. This analysis involved repeat-
ing the automated labeling process using reduced (90% of opti-
mal) and increased (110% of optimal) thresholds for labeling.

Assessing age- and sex-related trends

Having established thresholds for the continuous, automated
amplitude- and frequency-based labeling of SWS, the following
population trends were evaluated, with participants grouped by
sex and stratified by age in 5-year bins:

e Demographics and visual annotation.

1. Number of participants.
2. Total sleep time, as determined by visual annotation.
3. % overnight duration of (visually annotated) N3 sleep.

e Amplitude-based labeling.

1. Envelope amplitude during (visually annotated) NREM
sleep.

2. % overnight duration of continuous, amplitude-labeled
SWS.

e SWP frequency-based labeling.

1. SWP during (visually annotated) NREM sleep.
2. % overnight duration of continuous, SWP frequency-
labeled SWS.

*  %SWP frequency-based labeling.

1. %SWP during (visually annotated) NREM sleep.
2. % overnight duration of continuous, %SWP frequency-
labeled SWS.

Linear trend coefficients, R? values, and F-test statistics were
computed for age-related trends in the population means of each
metric, with p <.05 used as the threshold for establishing a sig-
nificant linear trend. Whether there were significant differences
between linear trends in males and females for a given metric
was assessed as in [35], using a two-tailed Student’s T-test and a
threshold for significance of p < .05.

Comparing visual, frequency-based, and
amplitude-based annotation of NREM epochs

According to AASM guidelines, a 30-second “epoch” of sleep is
annotated as N3 sleep if it contains at least 6 seconds of slow
waves. Using this criterion to re-annotate N2 and N3 epochs
using continuous amplitude- or frequency-labeled SWS allows

for a more direct comparison to be made between visual annota-
tion and amplitude- and frequency-based annotation, as visual
annotation in SHHS1 exists only at the epoch level. Re-annotation
of (visually annotated) N2 and N3 epochs was performed as
follows:

e Amplitude-based: A given epoch was annotated as N3 if
it contained at least 6 seconds of amplitude-labeled SWS
(i.e. 6 seconds of envelope amplitude above the threshold
established for labeling SWS), and N2 otherwise.

e Frequency-based: A given epoch was annotated as N3 if it
contained at least 6 seconds of frequency-labeled SWS (i.e.
6 seconds of SWP or %SWP above the threshold established
for labeling SWS), and N2 otherwise.

Once again, population trends were evaluated, with partici-
pants grouped by sex and stratified by age in 5-year bins. As pre-
viously, linear trend coefficients, R? values, and F-test statistics
were computed for age-related trends in the population means of
each metric, and linear trends between males and females were
compared [35].

Spectral analyses

As an extension of the frequency-based analysis, and to pro-
vide insight into age- and sex-related trends in other EEG spec-
tral bands, averaged periodograms for males and females in the
youngest (40-50) and oldest (70-80) decile in the selected SHHS
cohort were compared. Periodograms were computed both for
raw power and percentage power in the following bands (similar
to [12]):

e Slow: 0.5-2.0 Hz.

e Delta (excluding Slow): 2.0-4.0 Hz.
e Theta: 4.0-8.0 Hz.

e Alpha: 8.0-12.0 Hz.

e Sigma: 12.0-16.0 Hz.

e Beta: 16.0-30.0 Hz.

e Gamma: 30.0-35.0 Hz.

Periodograms were computed both for the entire night’s (vis-
ually annotated) NREM sleep and for (visually annotated) N3
sleep. Differences in band power between deciles were assessed
using a two-tailed t-test, with a threshold for significance of
p <.05.

Results

Demographics and visually annotated metrics

Of the 6441 participants in the SHHS1 dataset, 3127 did not
meet the criteria for moderate obstructive sleep apnea. Of
these 3127, 95 were excluded due to poor EEG signal quality
and 119 due to being over the age of 80, leaving 2913 records
for analysis. Table 1 provides a summary of demographics,
including co-morbidities and use of medication, for this cohort.
Participants are generally older and slightly overweight, with
29.9% of the cohort having hypertension and 33.5% taking
anti-hypertensive medication. Females are overrepresented,
due to a greater prevalence of obstructive sleep apnea in
males within the SHHS1 dataset, as in the general population
[36]. Further demographic information, including age-related
trends in AHI and arousal index (Al), as well as information on



Table 1. Overview of Cohort Demographics, Co-morbidities, and
Common Medication

Demographics Male Female Overall
Participants, # (%) 1031 (35.4) 1882 (64.6) 2913 (100)
Age (years), mean (SD) 60.2 (10.6) 60.2 (10.4) 60.2 (10.5)
BMI, mean (SD) 271(3.7) 271(51) 27.1(4.56)
AHI, mean (SD) 86(3.8) 7.0(39)  7.5(3.9)
Al mean (SD) 15.5(6.9) 14.5(6.5) 14.8 (6.6)
Hypertension, # (%) 316 (30.6) 556 (29.5) 872(29.9)
Cardiovascular Disease+, # (%) 114 (11.1) 111(5.9) 225(7.7)
Diabetes, # (%) 68 (6.6) 69 (3.7) 137 (4.7)
Anti-hypertensive, # (%) 340 (33.0) 637 (33.8) 977 (33.5)
ACE Inhibitors, # (%) 152 (14.7) 179 (9.5) 331 (11.4)
Anti-depressants, # (%) 44 (4.3)  185(9.8)  229(7.9)
Benzodiazepines, # (%) 46 (4.5 130(6.9) 176 (6.0)

+Defined as prior history of stroke, myocardial infarction, congestive heart
failure, or angina.

the prevalence of other sleep disorders in the selected SHHS1
cohort, is provided in Supplementary Appendix B.

Figure 3 shows the number of participants, visually annotated
total sleep time, and % overnight duration of visually annotated
N3 sleep for each sex and age group in the selected cohort of
SHHS1 participants. Table 2 provides accompanying linear trend
statistics. In Figure 3, there are more females than males in each
age group due to the exclusion of participants with moderate
sleep apnea (as in Table 1), and the most populated age band for
both sexes is the 55-60 band. Total sleep time (panels ¢ and d)
is greater in females than in males, on average, and decreases
with age for both sexes. % visually annotated N3 sleep (panels
e and f) shows a significant decrease with age in males, which
is well documented in the literature [25, 37, 38], but an increase
with age in females, for whom less consistent age-related trends
in % visually annotated N3 sleep are reported in the literature.
It is worth noting here that the age range of participants in the
SHHS database (40-80) does not include the “young” 20-30-year-
old demographic employed in some studies [25] and that either
no change or an increase with age in % visually annotated N3
sleep in females has been reported in prior publications using
the same [37] and other [38] datasets across a similar age range.
Finally, it is worth recalling that the trends in Figure 3 are derived
from the gold-standard visual annotation of PSG in the sleep lab,
as opposed to any novel approach.

Continuous amplitude-based labeling

The optimal threshold for continuous, amplitude-based labeling
of SWS was found to be 18 pV, at which threshold there is an 87.0%
agreement between visual and amplitude-based annotation of N2
and N3 epochs (see figure C1 in Supplementary Appendix C and
sensitivity analysis in Supplementary Appendix D). Figure 4 shows
age- and sex-related trends in mean NREM envelope amplitude
and % overnight duration of SWS labeled using the 18 pV thresh-
old, with Table 3 providing associated linear trend statistics. In
line with visually annotated % N3 sleep in Figure 3, both mean
NREM envelope amplitude (panels a and b) and % amplitude-
labeled SWS (panels c and d) decrease significantly with age in
males but increase with age in females (with the increase in %
amplitude-labeled SWS in females being statistically significant).
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Continuous frequency-based labeling

The optimal threshold for continuous, SWP frequency-based
labeling of SWS was found to be 285 uV?, at which threshold
there is an 84.8% agreement between visual and frequency-
based annotation of N2 and N3 epochs (see figure C2 in
Supplementary Appendix C and sensitivity analysis in
Supplementary Appendix D). Figure 5 shows age- and sex-
related trends in mean NREM SWP and % overnight duration
of SWS labeled using the 285 pV? threshold. Table 3 provides
accompanying linear trend statistics. In contrast to visually
annotated % N3 sleep in Figure 3 and amplitude annotated
SWS in Figure 4, both mean NREM SWP (panels a and b) and
%SWS as labeled using SWP (panels c and d) show significant
decreases with age in both males and females. However, in line
with Figures 3 and 4, the % overnight SWS is notably greater in
females than in males.

The optimal threshold for continuous, %SWP frequency-based
labeling of SWS was found to be 70%, at which threshold there
is an 81.4% agreement between visual and frequency-based
annotation of N2 and N3 epochs (see figure C3 in Supplementary
Appendix C, and sensitivity analysis in Supplementary Appendix
D). Figure 6 shows age and sex-related trends in mean NREM
%SWP and %SWS as labeled using the 70% SWP threshold. Table 3
provides accompanying linear trend statistics. Mean NREM %SWP
(panels a and b) does not vary significantly with age in males or
females, while %SWS as labeled using %SWP (panels c and d)
decreases significantly with age in both males and females. Mean
NREM %SWP and %SWS as labeled using %SWP do not exhibit a
significant difference between males and females, in contrast to
%SWS as labeled using envelope amplitude in Figure 4 or SWP in
Figure 5.

Epoch-by-epoch labeling of N3 sleep

Figure 7 provides a comparison between visual, amplitude-based,
SWP frequency-based, and %SWP frequency-based annota-
tion of N2 and N3 epochs, and Table 4 provides accompany-
ing linear trend statistics. Of note is the similarity between the
age-related trends in %N3 sleep for males using all four meth-
ods, all of which show a significant decrease. This contrasts with
trends observed in females, where frequency-based annotation
shows a significant decrease in %N3 sleep with age, as in males,
while amplitude-based and visual annotation show significant
increases. Visual, amplitude and SWP frequency-based anno-
tation approaches show greater %N3 sleep in females than in
males, while %SWP frequency-based annotation does not exhibit
a significant difference in the amount of N3 sleep between males
and females.

Spectral analyses

To provide insight into age- and sex-related changes in EEG spec-
tral behavior across the full range of the EEG spectrum (0.5 Hz to
35 Hz), periodograms of absolute power for the youngest (40-50)
and oldest (70-80) deciles of participants, grouped by sex, were
computed, as shown in Figure 8. Inspection of the absolute power
periodograms for visually annotated NREM sleep (panels a and b)
in the SWP range (0.5 Hz-2.0 Hz) show that females exhibit greater
SWP than males and that there is no significant decrease in SWP
between the ages of 40 and 80 in females, while there is in males.
Further, males show a general decrease in power across most fre-
quency bands between the ages of 40 and 80, while older females
show a significant increase in some higher frequency bands (e.g.


http://academic.oup.com/sleep/article-lookup/doi/10.1093/sleep/zsaf063#supplementary-data
http://academic.oup.com/sleep/article-lookup/doi/10.1093/sleep/zsaf063#supplementary-data
http://academic.oup.com/sleep/article-lookup/doi/10.1093/sleep/zsaf063#supplementary-data
http://academic.oup.com/sleep/article-lookup/doi/10.1093/sleep/zsaf063#supplementary-data
http://academic.oup.com/sleep/article-lookup/doi/10.1093/sleep/zsaf063#supplementary-data
http://academic.oup.com/sleep/article-lookup/doi/10.1093/sleep/zsaf063#supplementary-data
http://academic.oup.com/sleep/article-lookup/doi/10.1093/sleep/zsaf063#supplementary-data
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Figure 9 shows periodograms for the same sex and age groups
as in Figure 8 but computed using percentage (instead of abso-
lute) power. In contrast to the broad decrease in power with age

Table 2. Linear Trend Statistics for Visually Annotated Sleep
Metrics in Figure 3

Metric R? P Constant  Gradient

- - observed in males but not females in Figure 8 (using absolute
Total sleep time, males 073 01 378.48 —3.84 SWP), the overnight NREM periodograms (panels a and b) show
Total sleep time, females  0.91  2.06E-4  399.55' -4.76 no significant change in %SWP with age for either sex, and identi-
%N3 sleep, males 0.68 .01 16.93 -0.55" cal changes for both sexes in higher frequency bands (a decrease
%N3 sleep, fernales 085  120E-3 18.10 091" in % delta power, an increase in % theta power, and a decrease in

% sigma power). Interestingly, panels ¢ and d show a significant
decrease (p <.05, 2-tailed t-test) in %SWP during visually anno-
tated N3 sleep in females but not in males.

‘Denotes a significant difference (p < .05, 2-tailed t-test) in linear trend
parameters between males and females.

theta and alpha). Panels c and d show a similar decrease in power

across most bands with age during visually annotated N3 sleep Discussion

in males. Females, interestingly, show a significant decrease in
SWP with age during visually annotated N3 sleep, despite such a
decrease not being present during overall NREM sleep.

There are two established differences in age-related trends in vis-
ually annotated N3 sleep between males and females. The first
of these is that the overnight percentage of visually annotated
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Table 3. Linear Trend Statistics for Amplitude- and Frequency-Based Sleep Metrics in Figures 4-6

Metric R? P Constant Gradient
Envelope amplitude (pV), males 0.90 3.60E-4 11.47° -0.17°
Envelope amplitude (uV), females 0.46 .06 12.23° 0.08
%Envelope amplitude > 18 pV, males 0.89 4.73E-4 9.46 -0.36'
%Envelope amplitude > 18 pV, females 0.57 .03 11.05 0.21
SWP (pV?), males 0.90 3.30E-4 132.59 -5.22°
SWP (uV?), fernales 0.55 04 167.05' —2.43'
%SWP > 285 uV?, males 0.92 1.42E-4 9.97 -0.69
%SWP > 285 nVv?, females 0.66 .01 13.74 -0.26"
%SWP, males 0.00 .94 42.91 -0.01
%SWP, females 0.26 .20 43.52 0.09
%SWP > 70%, males 0.65 .02 8.79 -0.29
%SWP > 70%, females 0.61 .02 9.62 -0.23

‘Denotes a significant difference (p < .05, 2-tailed t-test) in linear trend parameters between males and females.

N3 sleep decreases significantly with age in males but either
increases (as in Figure 3 and [37]) or does not change (as in [39])
with age in females. However, using absolute SWP for frequency-
based labeling of SWS (Figure 5) results instead in a significant
decrease in the overnight percentage of SWS with age in females,
as with males. This behavior may be a result of an SWP thresh-
old consistently isolating power in the slow wave (0.5-2.0 Hz)
band when labeling SWS, in contrast to an amplitude threshold
which may be met by varying combinations of slow and higher
frequency waves. The periodograms in Figure 8 show that older
females have increased NREM theta and alpha power compared

to younger females (a trend not present in males), and this
increase in higher frequency EEG content may result in less con-
sistent labeling of SWS using an amplitude threshold in these
older females.

This possibility is reinforced by the fact that the periodograms
in Figure 9 show no decrease in mean %SWP during NREM sleep
with age in males or females, but show a significant decrease
in mean %SWP during visually annotated N3 sleep with age in
females that is not present in males. This result suggests that
visual annotation of N3 sleep in older females is less consist-
ent than in younger females, and includes epochs with reduced
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SWP, a trend that is not present in males. Further reinforcement frequency guidelines are incorporated here by applying a low-
is provided by the strong agreement between trends in visually pass filter when generating the envelope) in females in Figures
annotated and amplitude-annotated N3 sleep (AASM slow wave 4 and 7. This agreement suggests that the amplitude criterion is
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Table 4. Linear Trend Statistics for N3 Sleep Metrics in Figure 7

Metric RZ p Constant Gradient
%N3 sleep (visual), males 0.68 .01 16.93 -0.55
%N3 sleep (visual), females 0.85 1.20E-3 18.10 0.91
%N3 sleep (amplitude), males 0.89 4.36E-4 16.93 -0.96'
%N3 sleep (amplitude), females 0.60 .02 20.40° 0.54'
%N3 sleep (freq-SWP), males 0.93 9.92E-5 20.54 -1.39
%N3 sleep (freq-SWP), females  0.61 .02 26.67 -0.58
%N3 sleep (freq-%SWP), males  0.76 4.96E-3 18.07 -0.60
%N3 sleep (freq-%SWP), females 0.66 .01 19.59 -.49

‘Denotes a significant difference (p < .05, 2-tailed t-test) in linear trend
parameters between males and females.

being correctly and consistently applied by visual annotators, but
that it fails to consistently isolate power in the slow wave band.
Overall, these results provide a rationale for the contrast between
the increase in visually annotated N3 sleep and the decrease in
frequency-annotated SWS (using SWP) in females.

However, using a frequency-based approach and SWP for labe-
ling SWS still results in males exhibiting less SWS than females
(the second of the aforementioned established differences in
age-related trends in visually annotated N3 sleep between males
and females [37, 38]), and in males exhibiting a steeper decrease
in SWS with age than females, as shown in Figure 5. Both of these
effects can be explained using the periodograms in Figure 8. With
regards to males exhibiting less SWS than females, EEG band
power (and, by association, EEG amplitude) is significantly greater
in females than in males, meaning females are more likely to meet
an absolute SWP (or EEG amplitude) threshold than males. With
regards to males exhibiting a steeper decrease in SWS with age
than females, males exhibit a broad decrease in EEG band power
(and, by association, amplitude) between the ages of 40 and 80
which is not present in females, making males increasingly less
likely to meet an absolute SWP (or EEG amplitude) threshold as
they age. While an age-related decrease in EEG amplitude is par-
tially reflective of a reduction in synchronous neuronal firing (a

key component of slow waves), such a reduction would primarily
impact spectral power in the slow wave band, rather than the
entire spectrum. A significant contribution to the broad-spectrum
reduction in power observed in men between the ages of 40 and
80 is more likely to be from confounding factors such as “differ-
ences in homeostatic sleep pressure, brain integrity, and skull
thickness” which can reduce the general amplitude of EEG meas-
ured at the scalp with age [19, 40].

It is important to recall here that the R & K guidelines were
established primarily on young males, meaning sex- and age-
related trends in EEG amplitude are unlikely to have been
considered when establishing scoring criteria. Indeed, it is well
established that a decrease in EEG amplitude with age can lead
to N3 epochs being incorrectly scored as N2 epochs [19]. Similarly,
that females have a greater EEG amplitude than males has been
previously documented [41], with it being “concluded that sex dif-
ferences in EEG power spectra are not likely to be caused by sex
differences in sleep regulatory mechanisms but may, for instance,
be caused by sex differences in skull characteristics” [42]. All of
these results reinforce that observed sex-based differences in vis-
ually annotated N3 sleep may be artifactual rather than physio-
logical, and a result of the 75 pV amplitude criterion.

Compared to the absolute periodograms in Figure 8, the %SWP
periodograms in Figure 9 appear to be less affected by sex-based
differences in baseline EEG amplitude and how this amplitude
evolves with age. In Figure 9, NREM %SWP is comparable between
males and females (though slightly greater in females than in
males), and age-related changes in the periodograms are con-
sistent between sexes. Indeed, using %SWP for frequency-based
annotation of SWS results in a consistent, mild decrease in SWS
with age for both sexes and similar amounts of SWS for both
males and females (Figures 6 and 7).

Whether these trends (a consistent, mild decrease in SWS with
age for both sexes and similar amounts of SWS for both males
and females) are correct cannot be directly verified in this study.
However, this discussion has reinforced the view that existing
sex-based differences in age-related trends in visually annotated
N3 sleep are, at least in part, artifacts of the 75 pV criterion.
Further, in another study critiquing the amplitude threshold it
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was noted that “Irrespective of the applied detection (amplitude)
threshold..., in the older adults in our data, the number, density...,
amplitude, and frequency of slow oscillations were all reduced”
[19], implying that an age-related decrease in SWS is expected.
Additional evidence exists in animal studies. While most of these
studies investigate only male rats [43], looked at age- and sex-
related trends in sleep patterns in male and female Fisher-344
rats and concluded that “the effects of aging were comparable in
both sexes.” While there are obvious differences between rodent
and human sleep patterns and sleep annotation, it is worth not-
ing that rodent sleep annotation employs frequency, rather than
amplitude, based criteria.

Limitations

It should be noted that this analysis is conducted on a single
database drawn from a single country and that the age range of
the cohort in this database (40-80 years) excludes the “young”
20-30-year-old demographic that is frequently employed in sleep
studies [23, 27]. However, the SHHS database is an extremely large
and well-established sleep research database, and its size allows
for greater granularity in demographic subgroups than might
otherwise be possible.

Another limitation of this study is that the SHHS database
contains EEG data from only the central C4/A1 and C3/A2 leads
(i.e. the ‘acceptable’ AASM EEG derivation for measuring slow
waves [15]) as opposed to the ideal frontal F4/Al or F3/A2 leads.
While slow waves are likely to exhibit greater amplitude in the
frontal than central leads due to their association with the fron-
tal regions of the brain [44], it has been observed that the “age-
related decline in spectral EEG power and amplitude is especially
pronounced over frontal areas” [19]. Itis therefore likely that simi-
lar trends would be observed using frontal (as opposed to central)

leads, a premise which is supported both by the AASM accept-
ance of using the C4/A1 and C3/A2 leads to measure slow waves,
and by the results in this manuscript being consistent with those
previously reported in similar studies on smaller cohorts in the
literature [23, 41, 42].

A further limitation of this work is that the thresholds used
for frequency-based labeling of SWS are calibrated using visually
annotated N2 and N3 epochs, meaning that these thresholds are
dependent on existing visual annotation criteria (which include
an amplitude criterion). As mentioned previously, this approach
was selected as the only reference labels available in the SHHS
dataset are visual annotations. To characterize the sensitiv-
ity of age- and sex-related trends in frequency-labeled SWS to
the selected thresholds, a sensitivity analysis (Appendix D) was
conducted. This analysis showed that the majority of observed
age- and sex-related trends remained consistent when the SWS
labeling threshold was reduced (to 90% of optimal) or increased
(to 110% of optimal). Furthermore, it is important to emphasize
that these frequency-based labeling methods were developed to
highlight how different elements of the AASM guidelines for labe-
ling slow waves affect age- and sex-related trends in SWS, and
to suggest future avenues for reviewing these guidelines, but not
necessarily to serve as a future method for labeling slow waves.
It is worth noting here that methods do exist in the literature
for the automated labeling of slow waves from EEG ( [23, 34],).
These methods typically detect a variety of fiducial points from
the EEG, using the AASM (along with supplemental) thresholds
to label slow waves, and often facilitate and indeed recommend
that amplitude thresholds be reduced for older participants.
However, none of these methods have yet seen widespread adop-
tion or facilitated a review of the AASM guidelines for labeling
slow waves.


http://academic.oup.com/sleep/article-lookup/doi/10.1093/sleep/zsaf063#supplementary-data
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females.

Conclusion

The results in this manuscript highlight that the amplitude
threshold in current AASM rules for labeling N3 sleep may pro-
duce artifactual age-related trends in females as compared to
males (as primarily data from males were used to establish the
scoring criteria).The scoring guidelines for N3 sleep should be
revisited, and their efficacy and appropriateness evaluated over
a large, diverse cohort. While it is important to acknowledge the
existing use of these sleep scoring guidelines and to maintain
comparability with prior work, these advantages do not outweigh
the disadvantages of the current guidelines, which potentially
introduce biased results in female subjects, and possibly elderly
patients. New guidelines, ideally incorporating frequency-based
information, should be derived to ensure equal sleep staging per-
formance regardless of sex or age.

Supplementary material

Supplementary material is available at SLEEP online.

Disclosure Statement

This research was supported by the National Institute for Health
and Care Research (NIHR) Oxford Biomedical Research Centre
(BRC). The views expressed are those of the authors and not nec-
essarily those of the NHS, NIHR, or the Department of Health. SD
is supported by the NIHR Oxford BRC (BZR05002). RS and SDK
are supported by the NIHR Oxford Health Biomedical Research
Centre (NIHR203316). SDK is supported by the Wellcome Trust
(226784/2/22/Z).

Data Availability Statement

The data underlying this article are available in the National
Sleep Research Resource (NSRR), at https://dx.doi.org/10.1093/
jamia/ocy064. The datasets were derived from sources in the pub-
lic domain: https://sleepdata.org/.

References

1. Tarnopolsky MA, Saris WH. Evaluation of gender differences in
physiology: an introduction. Curr Opin Clin Nutr Metabolic Care.
2001;4(6):489-492. doi:10.1097/00075197-200111000-00004
Heiat A, Gross CP, Krumholz HM. Representation of the elderly,
women, and minorities in heart failure clinical trials. Arch Intern
Med. 2002;162(15):1682-1688. doi:10.1001/archinte.162.15.1682
Colvonen PJ, DeYoung PN, Bosompra N-OA, Owens RL. Limiting
Racial Disparities and Bias for Wearable Devices in Health Science
Research. US: Oxford University Press; 2020. p. zsaa159.

Meinert CL, Gilpin AK. Estimation of gender bias in clinical tri-
als. Stat Med. 2001;20(8):1153-1164. doi:10.1002/sim.813

5. Gore SM. Inclusion of women and minorities in clin-
ical  trials.  Control  Clin  Trials.  1995;16(5):290-292.
doi:10.1016/0197-2456(95)00126-3

Goacher PJ, Lambert R, Moffatt PG. Can weight-related health
risk be more accurately assessed by BMI, or by gender spe-
cific calculations of Percentage Body Fatness? Med Hypotheses.
2012;79(5):656-662. doi:10.1016/j.mehy.2012.08.003

Hermida RC, Ayala DE, Mojon A, Fontao MJ, Chayan L, Fernandez
JR. Differences between men and women in ambulatory blood
pressure thresholds for diagnosis of hypertension based on car-
diovascular outcomes. Chronobiol Int. 2013;30(1-2):221-232. doi:1
0.3109/07420528.2012.701487


https://doi.org/10.1093/jamia/ocy064
https://doi.org/10.1093/jamia/ocy064
https://sleepdata.org/
https://doi.org/10.1097/00075197-200111000-00004
https://doi.org/10.1001/archinte.162.15.1682
https://doi.org/10.1002/sim.813
https://doi.org/10.1016/0197-2456(95)00126-3
https://doi.org/10.1016/j.mehy.2012.08.003
https://doi.org/10.3109/07420528.2012.701487
https://doi.org/10.3109/07420528.2012.701487

14

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

| SLEEPJ, 2025, Vol. 48, No. 10

Hermida RC, Ayala DE, Portaluppi F. Circadian variation of
blood pressure: the basis for the chronotherapy of hyperten-
sion. Adv Drug Deliv Rev. 2007;59(9-10):904-922. doi:10.1016/j.
addr.2006.08.003

Baschieri F, Cortelli P. Circadian rhythms of cardiovascular
autonomic function: physiology and clinical implications in
neurodegenerative diseases. Auton Neurosci. 2019;217:91-101.
doi:10.1016/j.autneu.2019.01.009

Steiger A, Pawlowski M. Depression and sleep. Int ] Mol Sci .
2019;20(3):607. doi:10.3390/1jms20030607

Léger D, Debellemaniere E, Rabat A, Bayon V, Benchenane K,
Chennaoui M. Slow-wave sleep: from the cell to the clinic. Sleep
Med Rev. 2018;41:113-132. d0i:10.1016/j.sm1v.2018.01.008
Zavecz Z, Shah VD, Murillo OG, et al. NREM sleep as a novel
protective cognitive reserve factor in the face of Alzheimer’s
disease pathology. BMC Med. 2023;21(1):156. doi:10.1186/
§12916-023-02811-z

Tasali E, Leproult R, Ehrmann DA, Van Cauter E. Slow-wave
sleep and the risk of type 2 diabetes in humans. Proc Natl Acad
Sci USA. 2008;105(3):1044-1049. d0i:10.1073/pnas.0706446105
Himali JJ, Baril A-A, Cavuoto MG, et al. Association between
slow-wave sleep loss and incident dementia. JAMA Neurol.
2023;80(12):1326-1333. doi:10.1001/jamaneurol.2023.3889
Troester MM, SF Q. Berry RB, for the American Academy of Sleep
Medicine. The AASM manual for the scoring of sleep and asso-
ciated events: rules, terminology and technical specifications,
version 3. American Academy of Sleep Medicine, Darien, Illinois.
2023.

Feinberg I, March J, Floyd T, Fein G, Aminoff M. Log amplitude is
a linear function of log frequency in NREM sleep EEG of young
and elderly normal subjects. Electroencephalogr Clin Neurophysiol.
1984;58(2):158-160. d0i:10.1016/0013-4694(84)90029-4

Webb WB, Dreblow LM. A modified method for scoring slow wave
sleep of older subjects. Sleep. 1982;5(2):195-199. d0i:10.1093/
sleep/5.2.195

Himanen S-L, Hasan J. Limitations of rechtschaffen and kales.
Sleep Med Rev. 2000;4(2):149-167. doi:10.1053/smrv.1999.0086
Muehlroth BE, Werkle-Bergner M. Understanding the interplay
of sleep and aging: methodological challenges. Psychophysiology.
2020;57(3):e13523.

Etienne A, Laroia T, Weigle H, et al. Novel electrodes for reliable
EEG recordings on coarse and curly hair. [EEE. 2020;2020:6151—
6154. doi:10.1109/EMBC44109.2020.9176067

Wang P, Hu J. A hybrid model for EEG-based gender rec-
ognition. Cogn Neurodyn. 2019;13(6):541-554. doi:10.1007/
§11571-019-09543-y

Issa H, Issa S, Shah WA. A novel method for gender and age
detection based on EEG brain signals. Int Arab J Inf Technol.
2021;18(5):704-710.

Rosinvil T, Bouvier ], DubéJ, et al. Are age and sex effects on sleep
slow waves only a matter of electroencephalogram amplitude?
Sleep. 2021;44(3). doi:10.1093/sleep/zsaa186

Mander BA, Winer JR, Walker MP. Sleep and human aging.
Neuron. 2017;94(1):19-36. doi:10.1016/j.neuron.2017.02.004
Carrier J, Land S, Buysse DJ, Kupfer DJ, Monk TH. The effects
of age and gender on sleep EEG power spectral density in the
middle years of life (ages 20-60 years old). Psychophysiology.
2001;38(2):232-242.

Rechtschaffen A, Kales A. A manual of standardized terminol-
ogy, techniques and scoring system for sleep stages of human
subjects. Brain Information Service, Los Angeles. 1968:1-55.
Dement W, Kleitman N. Cyclic variations in EEG during sleep
and their relation to eye movements, body motility, and

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

dreaming. Electroencephalogr Clin Neurophysiol. 1957;9(4):673-690.
doi:10.1016/0013-4694(57)90088-3

Berry RB, Brooks R, Gamaldo CE, Harding SM, Lloyd RM,
Marcus CL, Vaughn BV, for the American Academy of Sleep
Medicine. The AASM manual for the scoring of sleep and asso-
ciated events: rules, terminology and technical specifications,
version 2.1. American Academy of Sleep Medicine, Darien, Illinois.
2014.

Pressman MR. Disorders of Arousal and timing of the first period
of slow wave sleep: clinical and forensic implications. Sleep Med
X.2022;4:100057. doi:10.1016/j.sleepx.2022.100057

Berry RB, Asyali MA, McNellis MI, Khoo MC. Within-night varia-
tion in respiratory effort preceding apnea termination and EEG
delta power in sleep apnea.J Appl Physiol. 1998;85(4):1434-1441.
doi:10.1152/jappl.1998.85.4.1434

Martin W, Johnson L, Viglione S, Naitoh P, Joseph R, Moses
J. Pattern recognition of EEG-EOG as a technique for all-
night sleep stage scoring. Electroencephalogr Clin Neurophysiol.
1972;32(4):417-427. doi:10.1016/0013-4694(72)90009-0

Newman AB, Nieto FJ, Guidry U, et al.; Sleep Heart Health Study
Research Group. Relation of sleep-disordered breathing to car-
diovascular disease risk factors: the Sleep Heart Health Study.
Am ] Epidemiol. 2001;154(1):50-59. doi:10.1093/aje/154.1.50
Hirotsu C, Haba-Rubio ], Andries D, et al. Effect of three hypopnea
scoring criteria on OSA prevalence and associated comorbidi-
ties in the general population. J Clin Sleep Med. 2019;15(2):183-
194. doi:10.5664/jcsm.7612

Vallat R, Walker MP. An open-source, high-performance tool
for automated sleep staging. Elife. 2021;10:€70092. doi:10.7554/
eLife.70092

Andrade J, Estévez-Pérez M. Statistical comparison of the slopes
of two regression lines: a tutorial. Anal Chim Acta. 2014;838:1-
12.doi:10.1016/j.aca.2014.04.057

Kapur VK, Auckley DH, Chowdhuri S, et al. Clinical practice
guideline for diagnostic testing for adult obstructive sleep
apnea: an American Academy of Sleep Medicine clinical prac-
tice guideline. J Clin Sleep Med. 2017;13(3):479-504. d0i:10.5664/
jcsm.6506

Unruh ML, Redline S, An MW, et al. Subjective and objective sleep
quality and aging in the sleep heart health study. ] Am Geriatr
Soc. 2008;56(7):1218-1227. doi:10.1111/j.1532-5415.2008.01755.x
Fukuda N, Honma H, Kohsaka M, et al. Gender differ-
ence of slow wave sleep in middle aged and elderly
subjects.  Psychiatry ~ Clin  Neurosci.  1999;53(2):151-153.
doi:10.1046/j.1440-1819.1999.00508.x

Li]J, Vitiello MV, Gooneratne NS. Sleep in normal aging. Sleep Med
Clin. 2022;17(2):161-171. d0i:10.1016/j.jsmc.2022.02.007

Dubé J, Lafortune M, Bedetti C, et al. Cortical thinning explains
changes in sleep slow waves during adulthood. J Neurosci.
2015;35(20):7795-7807. doi:10.1523/INEUROSCI.3956-14.2015
Latta F, Leproult R, Tasali E, Hofmann E, Van Cauter E. Sex differ-
ences in delta and alpha EEG activities in healthy older adults.
Sleep. 2005;28(12):1525-1534. doi:10.1093/sleep/28.12.1525

Dijk DJ, Beersma DG, Bloem GM. Sex differences in the sleep
EEG of young adults: visual scoring and spectral analysis. Sleep.
1989;12(6):500-507. doi:10.1093/sleep/12.6.500

Kostin A, Alam MA, Siegel JM, McGinty D, Alam MN. Sex-and
age-dependent differences in sleep-wake characteristics of
Fisher-344 Rats. Neuroscience. 2020;427:29-42. doi:10.1016/j.
neuroscience.2019.11.046

Carrier J, Viens I, Poirier G, et al. Sleep slow wave changes during
the middle years of life. Eur J Neurosci. 2011;33(4):758-766.
doi:10.1111/j.1460-9568.2010.07543.x


https://doi.org/10.1016/j.addr.2006.08.003
https://doi.org/10.1016/j.addr.2006.08.003
https://doi.org/10.1016/j.autneu.2019.01.009
https://doi.org/10.3390/ijms20030607
https://doi.org/10.1016/j.smrv.2018.01.008
https://doi.org/10.1186/s12916-023-02811-z
https://doi.org/10.1186/s12916-023-02811-z
https://doi.org/10.1073/pnas.0706446105
https://doi.org/10.1001/jamaneurol.2023.3889
https://doi.org/10.1016/0013-4694(84)90029-4
https://doi.org/10.1093/sleep/5.2.195
https://doi.org/10.1093/sleep/5.2.195
https://doi.org/10.1053/smrv.1999.0086
https://doi.org/10.1109/EMBC44109.2020.9176067
https://doi.org/10.1007/s11571-019-09543-y
https://doi.org/10.1007/s11571-019-09543-y
https://doi.org/10.1093/sleep/zsaa186
https://doi.org/10.1016/j.neuron.2017.02.004
https://doi.org/10.1016/0013-4694(57)90088-3
https://doi.org/10.1016/j.sleepx.2022.100057
https://doi.org/10.1152/jappl.1998.85.4.1434
https://doi.org/10.1016/0013-4694(72)90009-0
https://doi.org/10.1093/aje/154.1.50
https://doi.org/10.5664/jcsm.7612
https://doi.org/10.7554/eLife.70092
https://doi.org/10.7554/eLife.70092
https://doi.org/10.1016/j.aca.2014.04.057
https://doi.org/10.5664/jcsm.6506
https://doi.org/10.5664/jcsm.6506
https://doi.org/10.1111/j.1532-5415.2008.01755.x
https://doi.org/10.1046/j.1440-1819.1999.00508.x
https://doi.org/10.1016/j.jsmc.2022.02.007
https://doi.org/10.1523/JNEUROSCI.3956-14.2015
https://doi.org/10.1093/sleep/28.12.1525
https://doi.org/10.1093/sleep/12.6.500
https://doi.org/10.1016/j.neuroscience.2019.11.046
https://doi.org/10.1016/j.neuroscience.2019.11.046
https://doi.org/10.1111/j.1460-9568.2010.07543.x

	Is it time to revisit the scoring of slow wave (N3) sleep?
	Methods
	Dataset: the Sleep Heart Health Study
	Automated labeling of SWS
	Amplitude-based approach.
	Frequency-based approach.
	Establishing thresholds for labeling SWS.

	Assessing age- and sex-related trends
	Comparing visual, frequency-based, and amplitude-based annotation of NREM epochs
	Spectral analyses

	Results
	Demographics and visually annotated metrics
	Continuous amplitude-based labeling
	Continuous frequency-based labeling
	Epoch-by-epoch labeling of N3 sleep
	Spectral analyses

	Discussion
	Limitations

	Conclusion
	Supplementary material
	References


