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The Onton Sleep Stager 
Developed by Julie Onton. PhD

In my early work, I analyzed high-dimensional EEG data using 
MATLAB and tools from the EEGLAB toolbox. I explored topics like 
short-term memory and emotional imagery.

Later, my research focused on the EEG characteristics of PTSD 
and mild traumatic brain injury, which led me to study sleep EEG 
using a single channel on the forehead. 

I applied the same approach to sleep as I did to wake EEG, 
examining patterns of frequency over time. This led to the 
discovery that an entire night’s sleep could be effectively visualized 
as a single spectrogram, with five frequency bands corresponding 
to the sleep stages shown in the spectrogram.

Using this method, I found that individuals with severe PTSD 
exhibited less of a unique stage of deep sleep that I named “Lo 
Deep.” This finding has inspired me to continue investigating sleep 
and the frequency components that may reveal new insights into 
sleep quality and overall health.

I developed the Onton Sleep Stager in conjunction with CGX using 
the Patch EEG device. We accumulated over 400 sleep nights 
from 100+ individuals over a 2-year period. I worked with Sara 
Mednick, PhD at UC Irvine to validate the algorithmic scoring of the 
Onton Sleep Stager against traditional sleep scoring. You can find 
that validation in the citations section of this publication.

Please feel to reach out to me if you have any questions about the 
Onton Sleep Stager.

Julie Onton, PhD 
Project Scientist, 
Institute for Neural 
Computation 
UCSD 
jonton@ucsd.edu
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Sleep Subject 1
	 Ideally, the recorded file shows 
minimal wake before sleep. Excessive 
wakefulness and significant movement 
may indicate the sleeper turned the 
device on too early, before getting into 
bed and attempting to sleep.
I recommend using the Trim Function 
to remove non-essential Wake data at 
the beginning and end of the recording 
session. By doing this, the algorithm 
can more accurately determine sleep 
stages, as it relies on the entire night 
as a baseline. Excessive ‘noise’ during 
these periods can interfere with sleep 

pattern analysis.
	 Typical sleep patterns are characterized 
by mostly deep sleep during the first half 
of the night and predominantly REM sleep 
during the second half. As a result, REM 
periods early in the night are usually short, 
lasting just a few minutes, while those 
toward the end of the night can last an 
hour or more. 
High and low stages of deep sleep 
usually occur in significant bouts of 
30 to 60 minutes or longer. Some 
individuals have shorter or longer cycle 
lengths, which are not necessarily 
pathological but instead reflect natural 

individual differences.
A concerning pattern would be 
repeated awakenings following very 
short Hi or Lo Deep sleep stages, which 
might indicate a pathological process is 
disrupting the full sleep cycle.
	 Single epochs of Wake, particularly 
during REM sleep, are not concerning 
on their own. They may simply reflect 
temporary variations in the power 
levels of brain waves (beta, gamma, 
and spindles) and do not necessarily 
indicate a disruption of the current 
sleep stage.
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Characteristics Of A Good Night Of Sleep

Significant micro-awakenings can 
be identified on a spectrogram 
by noticeable increases in power 
across most or all frequency ranges, 
particularly in the high frequencies, 
with colors closer to red than yellow 
indicating stronger signals.
If numerous micro-awakenings are 
observed in a sleep recording, it may 
indicate an issue with sleep continuity.
	 Large, rapid accelerometer spikes 
indicate quick head movements, which 
can occur when changing positions in 
bed. This recording shows most deep 
sleep occurring in the first half and 

most REM sleep in the second half. 
There are minimal awakenings, with 
clear and regular cycles alternating 
between deep sleep (or light sleep 
toward the end of the night) and REM. 
	 Sleep onset latency was acceptable 
at under 30 minutes. This duration 
might be slightly longer than usual 
if it was the individual’s first time 
wearing the Patch EEG, and there was 
some movement during this period. 
However, the amount of movement 
observed is consistent with someone 
being in bed and trying to fall asleep. 

	 High Deep sleep is noticeably 
absent in this hypnogram, but this 
can be normal because the 1-3 Hz 
frequency range often increases during 
Low Deep sleep when 0-1 Hz activity 
is dominant.
The reverse is rarely true; in other 
words, the 1-3 Hz range is almost 
never dominant while 0-1 Hz power 
is also elevated, simply because 
slow oscillations have a much higher 
magnitude relative to delta oscillations. 
When Hi Deep sleep is scored, it is 
generally when 1-3 Hz is dominant 
and 0-1 Hz is relatively absent.
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Example of normal sleep stats from healthy subjects 
Control data is from 193 nights from 72 subjects who ranged in age 
from 19 to 48 with a mean age of 29.9. There were 32 females and 40 
males. 
WASO and the sleep stages are percentage of the entire recording.
Total sleep time does not include WBSO and WASO time. 
Total Sleep percentage is calculated as (REM + Light + Hi Deep + Lo 
Deep)/(REM + Light + Hi Deep + Lo Deep+ All Wake).

Characteristics Of A Good Night Of Sleep

Hour:Minute Percent

WBSO
(Wake before sleep onset)

0:24 5.0%*

WASO  
(Wake after sleep onset)

0:21 4.3%

All Wake 0:45 9.3%

REM 2:17 28.4%

Light 2:27 30.4%

Hi Deep 1:03 13.0%

Lo Deep 1:31 18.8%

Total Sleep 7:18 90.7%

*WBSO is a percentage of the entire recording (total time 
asleep and awake)
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Characteristics Of A Bad Night Of Sleep
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Excessive Wake
	 This report shows excessive Wake 
activity that can be seen not only in the 
hypnogram, but in the high frequency 
activity in the spectrogram. 
The excessive Wake obliterated 
the cycle rhythmicity in favor of 
brief moments of sleep between 
awakenings.
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Characteristics Of A Bad Night Of Sleep
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Not Enough Lo Deep Sleep
	 This night shows very little Lo Deep 
sleep. The absence of Lo Deep sleep 
is concerning because research has 
shown that veterans with PTSD, who 
are often on multiple medications, 
exhibit a lack of Lo Deep sleep 
compared to healthy controls.1 2 
This deficiency may contribute to the 

common reports of low sleep quality 
among those with PTSD. 
	 In this sleep example, there is a 
small amount of true Lo Deep between 
hours 2 and 3. 
	 Between hours 3 and 4, what 
appears to be power below 1 Hz is 
actually REM sleep.​ 
This phenomenon may result from 

eye movements or another type 
of low-frequency activity, but it is 
different from the slow oscillations that 
characterize Low Deep sleep. While 
it is not typical, it is not uncommon in 
certain populations.
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1 Onton, J. A., Matthews, S. C., Kang, D. Y., & Coleman, T. P. (2018). In-home sleep recordings in military veterans with post traumatic stress disorder 
reveal less REM and deep sleep< 1 Hz. Frontiers in Human Neuroscience, 12, 196
2 Onton JA, Kang DY, Coleman TP. Visualization of Whole-Night Sleep EEG From 2-Channel Mobile Recording Device Reveals Distinct Deep Sleep 
Stages with Differential Electrodermal Activity. Frontiers in Human Neuroscience. 2016 Nov 29;10:605.
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Characteristics Of A Bad Night Of Sleep

Excess Movement
This subject reports having restless 
legs syndrome, which is consistent 
with above-normal movement in the 
accelerometer graph, along with 
periodic awakenings and movements 
consistent with getting out of bed. 
However, not all reports showing 
this pattern of wakefulness and 
accelerometer activity necessarily 
mean the individual has restless 
legs syndrome. It would be helpful 
to confirm with the individual what 
occurred during these times.
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Sleep Onset Insomnia
This individual suffers from insomnia, 
as indicated by an almost two-and-a-
half-hour period of wakefulness with 
medium to low accelerometer activity. 
Combined, this indicates difficulty 
falling asleep.

WAKE

REM

LIGHT

HI DEEP

LO DEEP

Hypnogram: Channel FF

Frequency Decomposition

0.2

1

3

10

30

90

Fr
eq

ue
nc

y 
(H

z)

-10

0

10

0.2

1

3

10

30

90

Fr
eq

ue
nc

y 
(H

z)

Dominant Frequency

0 1 2 3 4 5 6 7 8
Hours of Sleep

0

1

2

3

Ac
ce

le
ra

tio
n

Head Movement

CS53_Sleep_2019_08_08_Circ3

Hypnogram

Frequency Decomposition

Dominant Frequency

Head Movement

Hours Of Sleep

Characteristics Of A Bad Night Of Sleep

Sleep Subject 6



Page 9

Contact Information
Julie Onton, PhD 
Project Scientist, Institute for Neural Computation 
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jonton@ucsd.edu
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White Paper Disclaimer

Disclaimer
This white paper is provided strictly for research purposes only and is not approved ror any diagnostic or therapeutic use. 
It has not been cleared or approved by the U.S. Food and Drug Administration (FDA).
Users must exercise their own Independent judgment in using the software and are solely responsible for verifying the 
accuracy and applicability of all Information provided by the software for their research purposes.
This software is not intended to replace or act as a substitute for professional medical advice, diagnosis, or treatment. Do 
not use the intormation contained within the software for diagnosing or treating a health problem or disease, or prescribing 
any medication.


