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Introduction: Visual scoring of sleep electroencephalography (EEG) has long
been considered the gold standard for sleep staging. However, it has several
drawbacks, including high cost, time-intensiveness, vulnerability to human
variability, discomfort to patients, lack of visualization to validate the hypnogram,
and no acknowledgment of di�erences between delta and slow oscillation deep
sleep. This report highlights a spectral scoring approach that addresses all these
shortcomings of visual scoring. Past algorithms have used spectral information
to help classify traditional visual stages. The current method used the clearly
visible spectral patterns to develop new spectral stages, which are similar to
but not the same as visual stages. Importantly, spectral scoring delivers both a
hypnogram and a whole-night spectrogram, which can be visually inspected to
ensure accurate scoring.

Methods: This study compared traditional visual scoring of 32-channel
polysomnography with forehead-only spectral scoring from an EEG patch worn
concurrently. The PSG was visually scored by trained technicians and the
forehead patchwas scored spectrally. Because non-rapid eyemovement (NREM)
stage divisions in spectral scoring are not based on visual NREM stages, the
agreements are not expected to be as high as other automated sleep scoring
algorithms. Rather, they are a guide to understanding spectral stages as they
relate to the more widely understood visual stages and to emphasize reasons
for the di�erences.

Results: The results showed that visual REM was highly recognized as spectral
REM (89%). Visual wake was only scored as spectral Wake 47% of the time, partly
because of excessive visual scoring of wake during Light and REM sleep. The
majority of spectral Light (predominance of spindle power) was scored as N2
(74%), while less N2 was scored as Light (65%), mostly because of incorrect visual
staging of Lo Deep sleep due to high-pass filtering. N3 was scored as both Hi
Deep (13 Hz power, 42%) and Lo Deep (0–1 Hz power, 39%), constituting a total
of 81% of N3.

Discussion: The results show that spectral scoring better identifies clinically
relevant physiology at a substantially lower cost and in a more reproducible
fashion than visual scoring, supporting further work exploring its use in clinical
and research settings.
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with the most consistent agreement with spectral REM, but it

also showed very little deviation across subjects within any of

the spectral stages. Spectral Light was also consistently scored as

visual N2 with little deviation across subjects. The most deviation

occurred in visual N1, which has no direct correlate in spectral

scoring. Spectral Hi Deep had several outliers in which Hi Deep

was scored during visual wake. This can happen when a subject

is awake for a long time either before sleep onset or at the end

of the night. During these times subjects may express high delta

power (that would normally be Hi Deep) along with high gamma

power (indicating Wake) that is sometimes scored as Hi Deep. Hi

Deep also had high variance for visual N3 scoring which is probably

due to the inherent difference in scoring rules between N3/N2 and

Hi Deep/Light such that Hi Deep might be scored as N2 more

frequently in some subjects if delta power is particularly low.

3.3 Stage duration ranges

Figure 5 shows the average time spent in each stage for both

spectral and visual scoring. The spectral scoring technique scored

an average of 30min more REM than visual scoring. Visual scoring

scored about 20minmore wake than spectral scoring. Light and N2

were the most commonly scored stages, with an average of 3.0 h in

spectral scoring and 3.4 in visual scoring, respectively. Combined

Hi and Lo Deep sleep produced an average of 2.6 h per night, which

is far greater than the average 1.6 h of N3 from visual scoring. This

owes to the fact that visual scorers sometimes scored N2 for both

Hi (17%) and Lo (37%) Deep sleep.

4 Discussion

This report is the first to directly compare spectral scoring

from a forehead patch device with visual scoring from full PSG

recorded simultaneously. The results demonstrate that spectral

scoring aligns with high agreement for REM (89%), with only 4%

of spectral REM scored visually as wake. This finding suggests

that spectral scoring rarely mistakes REM for wake, which is a

common error for many sleep scoring algorithms (Cellini et al.,

2015). N3 is mostly (81%) described spectrally as either Hi or

Lo Deep sleep, as expected, though Light claimed some of these

epochs when delta activity was lower power than spindle activity.

Spectral Light was scored as N2 74% of the time, meaning that

Light is highly similar to the N2 state. These findings underscore

the similarities and intuitive associations of spectral and visual

scoring. These and the more nuanced findings below now allow for

a movement away from visual scoring and toward spectral scoring

whenever possible.

N2 was scored as Light only 65% of the time, meaning N2

epochs include other spectral scores besides Light (whereas Light

FIGURE 8

Example sleep report showing a subject whose patch spectral REM sleep was sometimes scored as N2 by visual cap scoring (between vertical dashed
purple lines). Spectral REM stages are also often longer than the corresponding visual REM stage. Cap visual scoring frequently assigns N2 instead of
REM at the transitions to and from REM.
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was mostly scored as N2). Oddly, the most common confusion for

N2 was Lo Deep, which is likely due to the high-pass filter above

0.5Hz applied prior to visual scoring. This filter may attenuate

much of the activity under 1Hz which contains the large amplitude

slow oscillations that constitute Lo Deep sleep. If delta activity

were not simultaneously elevated during a Lo Deep epoch, then

a visual scorer might not detect slow waves at all and therefore

score N2. An example of this phenomenon is shown in Figure 6

which shows strong slow oscillation activity around 4 h on both

patch channel FP1-AFz (F/G) and cap channel Fz before 0.5Hz

high-pass (D/E) that was ultimately scored as visual N2. This figure

also shows the raw EEG data from the cap at Fz (A) after the

hardware high-pass filter of 0.016Hz (blue traces) and after the

additional 0.5Hz filter used for scoring (red traces). In this panel

it is clear how much amplitude is lost with the addition of the

0.5Hz filter. The zoomed in panel (B) shows in detail how slow

oscillations can be abolished after 0.5Hz high-pass filtering, leading

the visual scorer to assign N2 if delta power is not also strong

during that epoch. For a more comprehensive idea of the power

differences in the slow wav e sleep range, sleep reports from all

subjects with spectrograms from CGX channel FP1-AFz and cap

channel F3 are included in the Supplementary material. Another

possible reason for the discrepancy may be that slow oscillations

are essentially K-complexes (Amzica and Steriade, 1997) which,

in the absence of clear delta waves, woul d be indicators of N2

(Silber et al., 2007). Thus, the combination of high-pass filtering,

and minimal delta power could make remaining slow oscillations

and ongoing spindle activity appear to the visual scorer as N2-

related activity.

4.1 Visual wake scored as light

Visual wake was scored as spectral Light about 13% of the

time, which may be due to visual scoring rules requiring clear sleep

spindles lasting at least 0.5 seconds to be scored as N2 (Silber et al.,

2007). Alternatively, subjects with a low and/or wide sleep spindle

frequency range may appear to have activity in the alpha range

which would signal wake or N1. An example of a subject with

frequent interruptions of N2 into wake or N1 is shown in Figure 7.

These excursions into wake/N1 were not detected by spectral

scoring and there is little evidence in the spectrogram or dominant

frequency display to justifymore than a couplemomentary arousals

at most.

4.2 Spectral REM scored as N2

Spectral REM was scored as visual N2 about 12% of the time,

which was one reason for the lower correspondence in REM in

this spectral to visual direction. These confusions usually occurred

near the boundaries of REM periods, meaning that the spectral

FIGURE 9

Example sleep report showing frequent visual cap-scored wake epochs while spectral patch scoring was more consistently REM or Light.
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FIGURE 10

Example spectrograms from 16 scalp electrode locations across the scalp from a single subject showing the substantial similarities in the overall
structure of the spectrograms.

method scored REM slightly earlier and often extended longer

than visually scored REM. Brief excursions to N2 from REM also

occurred during the middle of visual REM periods. Figure 8 shows

an example subject with many instances of N2 during REM periods

that were mostly scored spectrally as continuous REM. The first

REM cycle around 1.5 h might have excessive excursions into N2

because of a dip in the REM beta frequency into the spindle range,

which might have looked like N2 to the visual scorer. Though

when observing the spindle power band throughout the night, it is

clear that this REM beta activity did not enter the actual spindle

range for this subject. The REM period after 6 h also contained

many N2 epochs that spectral scoring found to be continuous REM

sleep, presumably because of the clear absence of spindles in the

spectrogram. During this period, the dominant frequency panel

(bottom panel, blue dots) demonstrates that low beta power was

not disrupted except a brief excursion into spindle power that the

spectral algorithm also scored as Light.

4.3 Visual and spectral wake confusions

Wake scoring agreement in either direction was fairly low,

but visual wake scored as spectral Wake was especially low

at only 47%. The main confusions were for REM (18%)

and Light (13%). This phenomenon may be due to frequent

jumps from visual REM or N2 to wake that were scored

more continuously as REM or Light by the spectral scoring

algorithm (Figure 9). Due to visual scoring rules, it is sometimes

necessary to score individual epochs within a larger REM or

N2 stage as wake if there is evidence of posterior alpha.

In contrast, the spectral HMM algorithm tends to favor

continuity because of the probabilistic nature of the HMM

function. In the example shown in Figure 9, frequent jumps to

wake do not seem justified given the relatively low amplitude

gamma activity in the spectrogram during these jumps to

visual wake.
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4.4 Spectral scoring as an alternative to
visual scoring

This report is by no means the first automated sleep scoring

algorithm, nor the first to use spectral information for scoring

purposes (Koley and Dey, 2012). It also does not show the

highest overall accuracy, as previous reports have shown 84%

(Zhao et al., 2022) and 89% (Ghimatgar et al., 2019) overall

accuracy across all sleep stages. However, there are several

reasons that spectral scoring may be superior to these prior

algorithms. First, they were designed to mimic visual scoring,

which as this report has highlighted may itself be flawed, not to

mention inconsistent. They were not letting the data tell them

what features appear in consistent patterns across the night, but

how they can manipulate the data to give the answer that a

human would. In contrast, spectral scoring is simply translating

the visible patterns that appear after frequency transformation

into endogenous stages of sleep. Second, the published methods

are extremely complicated and have no visual outputs to let

the clinician know how each stage was derived. On the other

hand, spectral scoring outputs a spectrogram that shows the

clinician the EEG patterns from which the hypnogram was

derived so that they may quickly verify the accuracy of the

hypnogram. Finally, spectral scoring differentiates between the

delta and slow oscillation frequency ranges which may lead to

important discoveries and novel diagnoses such as the finding

that patients with PTSD were lacking Lo Deep sleep (Onton

et al., 2018). This phenomenon is unlikely to be exclusive to

this population as Lo Deep quantity was not found to correlate

with symptoms of PTSD. Thus, sleep medicine may be able to

advance by incorporating Hi and Lo Deep sleep into diagnoses and

treatment outcomes.

Even though spectral stages are easy to interpret and clearly

defined, this report provides detailed comparisons between spectral

and visual scoring for sleep clinicians or researchers to translate

their prior knowledge of visual scoring to spectral scoring

interpretation. A move to exclusive spectral scoring may occur

slowly over time, but in the short term there are many applications

that can easily use spectral scoring immediately. For example,

spectral scoring could be used to compare sleep quality from before

to after a treatment since spectral scoring would be compared to

itself and the translation from visual scoring is less critical. In this

case, spectral scoring from a single forehead channel would allow

for collection of several nights from each treatment phase while

still being able to score the data with less time and expense. In any

research or clinical situation, the ability to collect several nights

from each subject would greatly enhance our understanding of

sleep. Up to now, the cost-prohibitive and uncomfortable nature

of full PSG analysis has prevented analysis of naturalistic sleep

within subject over more than two nights. Sleep clinics could

also benefit from this technique by providing more information

to the clinician at intake that could steer optimal treatment,

and post-treatment follow-up could provide objective evidence of

treatment efficacy.

While any EEG device collecting from the forehead would

suffice for spectral scoring, the CGX patch device used in this

study is uniquely designed to adhere directly to the forehead

without the need for a strap. This is a notable advancement

because headbands, even when worn relatively loosely, are a slight

distraction to normal sleep. On the other hand, the CGX patch

device has a slim casing in the middle of the forehead and flexible

side flaps that do not give the feeling of sagging, nor does it cause

obstruction to side sleeping. It also contains three leads within

the device that allow for three derivations. Importantly, it is still

possible to detect high amplitude slow oscillations because of the

central and lateral placements of electrodes. And the central to

lateral derivations allow for investigation of lateralized activity that

may be of clinical importance. The CGX patch appears to be the

most powerful and comfortable option for low-profile sleep EEG

collection to date.

While visual scoring and full PSG will still retain its place in

sleep labs when full-head and auxiliary measures are necessary

to diagnose patients with complicated sleep disorders, spectral

scoring is a powerful tool that could revolutionize sleep research

and medicine.

5 Limitations

This analysis is limited in that the patch and cap EEG

recordings were not exactly synchronized, but rather aligned to the

nearest minute or so. Therefore, it is to be expected that the 30

sec epochs used for sleep scoring and confusion matrices may not

be referring to the exact same moments in time. This may create

artificial divergences between visual and spectral scoring during

sleep transitions or during particularly chaotic periods. However,

due to the relatively continuous nature of sleep stages, we believe

that the comparisons made in this report are substantially correct.

One limitation of the spectral scoring method is that it only

scores one channel at a time and therefore does not incorporate

data from the whole head as visual scoring does. However, spectral

scoring can be applied to all channels from a full cap separately

and compared as spectrograms and hypnograms to build a whole-

head picture. This approach may uncover interesting aspects of the

sleeping brain that have not yet been appreciated without a visual

representation (Figure 10).

Spectral scoring does not use the alpha band to detect Wake,

which is particularly useful in visual scoring where posterior

electrodes are present. The reason for not using alpha in spectral

scoring is that in frontal electrodes, for which the algorithm

was optimized, alpha is not always detectable during Wake while

gamma is prominent all over the scalp during Wake. If a posterior

channel were used for spectral scoring, it is conceivable to use the

presence of alpha as a defining feature of Wake EEG in addition

to gamma.
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