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ABSTRACT
Conventional sleep staging categorises sleep into discrete stages, which may not capture the continuous nature of sleep depth. We 
aimed to develop a data-driven continuous measure of sleep depth—ordinal sleep depth (OSD)—using a deep learning frame-
work, and to evaluate its correlation with arousal probability and its association with age, sex, sleep-disordered breathing (SDB) 
and cognitive impairment. We used 21,787 polysomnography recordings from 18,116 unique patients. A convolutional neural 
network was trained on 3-s EEG segments to estimate sleep depth continuously, incorporating ordinal regression for the or-
dered nature of non-REM stages. OSD was compared with the odds ratio product (ORP). Correlations with sleep stages, Arousal 
Index and clinical variables were assessed. OSD showed a strong linear correlation with arousal probability (Pearson's r = 0.994), 
slightly outperforming ORP (r = 0.923). Both OSD and ORP reflected expected decreases in sleep depth with advancing age and 
demonstrated that females have significantly deeper sleep than males across several stages. OSD more accurately captured sleep 
depth reductions associated with SDB and increasing levels of cognitive impairment, showing significant reductions across all 
non-REM stages in patients with an increased level of cognitive impairment. OSD as a data-driven measure of sleep depth cor-
relates strongly with arousal probability and effectively captures variations associated with age, sex, SDB and cognitive impair-
ment. The results validate depth as an important dimension of sleep. OSD and ORP provide a nuanced understanding of sleep 
architecture with physiological and pathological implications.

1   |   Introduction

In clinical practice, a fundamental step in analysing sleep electro-
encephalography (EEG) is to divide the recording into a series of 
nonoverlapping 30-s epochs and categorise the pattern of brain ac-
tivity in each epoch into one of the five discrete ‘stages’, defined 

by the American Academy of Sleep Medicine (AASM) (Iber 
et al. 2007); wakefulness (W), non-rapid eye movement (NREM) 
stages N1, N2, N3 and rapid eye movement stage (REM). While 
this scheme facilitates manual scoring, it provides only a coarse 
characterisation of what, physiologically, is a continuous process 
(Picchioni et al. 2011). Estimates of regional and global sleep can in 
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fact be recognised to sub-second time resolutions (Andrillon and 
Oudiette  2023). A continuous approach to state characterisation 
with a finer resolution could more accurately quantify sleep depth 
and quality. For example, it is known that the arousal threshold 
increases gradually as sleep depth increases (Younes et al. 2015), 
which reinforces the notion that sleep depth lies along a continuum.

Machine learning approaches have been used to analyse large-
scale sleep data sets; however, most have focused on getting com-
puters to learn conventional AASM scoring (Sun et al. 2017; Biswal 
et  al.  2018; Stephansen et  al.  2018; Patanaik et  al.  2018). Some 
sleep depth algorithms have been proposed based on features of 
the EEG, such as recurrence quantification analysis (Carrubba 
et  al.  2012) and various forms of EEG spectral power analysis. 
(Younes et al. 2015; Asyali et al. 2007; Saastamoinen et al. 2006) 
Younes et al. (Hannun et al. 2019) developed a method to mea-
sure sleep depth based on consecutive 3-s EEG segments, called 
the odds ratio product (ORP). ORP shows reasonable correlation 
with conventional sleep stages, while all stages show widely vary-
ing sleep depth, demonstrating a limitation of the conventional 
characterisation. ORP demonstrates a better correlation with the 
Arousal Index (ArI), the probability of wakefulness or arousal 
within 30 s at a given state, than conventional sleep staging and 
thus is attractive as a continuous measure of sleep depth. ORP, 
though automated, is based on hand-engineered features and 
domain knowledge, which might not fully capture the complex 
nature of sleep. A data-driven approach could potentially offer a 
more nuanced, continuous measure of sleep depth.

This study aimed to develop a continuous measure of sleep depth 
directly from existing AASM-scored EEG signals in a data-
driven way, without relying on human-designed features. To do 
so, we designed a convolutional neural network (CNN), which 
for every consecutive 3-s segment of EEG data produces a mea-
sure of how similar brain activity within the current segment is 
to brain activity in the awake state. We evaluated the correlation 
of OSD with conventional sleep stages, ArI and its association 
with age, sex, sleep-disordered breathing (SDB) and cognitive 
impairment, while additionally comparing OSD with ORP.

2   |   Materials and Methods

2.1   |   Data set

Retrospective analysis of the polysomnography (PSG) data was 
approved by the MGB (protocol # 2013P001024) and BIDMC 
Institutional Review Boards (# 2016P000058) without requiring 
additional consent for its use in this study. Data were recorded 
as part of routine clinical care in the Massachusetts General 
Hospital (MGH) Sleep Laboratory from 2009 to 2020. All PSGs 
used in the present analysis were recorded using equipment 
from Natus Neuro, CA, USA. EEG electrodes were placed in six 
locations according to the international 10–20 system, with each 
channel referenced to the contralateral mastoid: F3-M2, F4-M1, 
C3-M2, C4-M1, O1-M2 and O2-M1. Each PSG was annotated 
by one sleep technician. In total, annotations came from seven 
sleep technicians.

A total of 21,787 PSG recordings (18,116 unique patients) were 
used for this study. Before creating the development–validation 

split, we split the data in two categorised groups, ‘No known cog-
nitive decline’ (19,302 recordings, 16,139 patients) and ‘Known 
cognitive decline’ (2485 recordings, 1977 patients) without pa-
tient overlap. Recordings from the ‘No known cognitive decline’ 
were split into 85% development and 15% validation, using a 
patient-wise split, while data from the ‘Known cognitive decline’ 
group were added to the validation set. Among the ‘Known cog-
nitive decline’ group, 1914 recordings from 1479 patients involve 
self-reported memory issues without an mild cognitive impair-
ment (MCI) or dementia diagnosis, 573 recordings from 459 pa-
tients are associated with a MCI diagnosis and 397 recordings 
from 316 patients indicate a diagnosis of dementia.

Ultimately, this led to the use of 15,940 records from 13,004 pa-
tients for development and 5847 records from 5112 unique pa-
tients for model validation. A representation of the split is shown 
in Figure 1. All reported results are generated from the records 
in the validation set. No patient overlap between the develop-
ment and validation patients was present. The patient demo-
graphics are shown in Table 1.

2.2   |   Pre-Processing

The EEG signals were sampled at 200 Hz, after which a notch 
filter at 60 Hz and a bandpass filter between 0.3 and 35 Hz were 
applied, following AASM guidelines. No further pre-processing 
was applied.

FIGURE 1    |    Patient split: this figure visualises the decision flow 
used in the creation of the development and validation split. Patients are 
automatically assigned to the validation set if one or more recordings 
include cognitive decline. All other patients are split using an 85% devel-
opment and 15% validation split.
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2.3   |   Deep Learning Network Architecture

We adapted a deep neural network architecture proposed 
by Hannun et  al. for classifying ECG signals (Hannun 
et al. 2019). Our model consists of five convolutional blocks, 

each with a one-dimensional convolutional layer followed 
by batch normalisation, rectified linear unit activation, max 
pooling and a 10% dropout layer. For convolutional layers, the 
number of filters increases by 32 for each consecutive block, 
starting at 64. The convolutional kernel size of 17 is consis-
tent across all blocks. For the batch normalisation layer, the 
momentum parameter was set to 0.99. The max pooling layer 
down-samples the signal by a factor of 2. After the five con-
volution blocks, the data are flattened, and two branches are 
created. Each branch takes the flattened layer as input and 
has 1 dense layer with 512 nodes followed by a dense layer of 5 
nodes and a classification layer. The first branch has a categor-
ical sleep staging objective; the second branch has an ordinal 
regression objective. A schematic representation of the model 
architecture is given in Figure 2.

We trained the model using two complementary objectives: (1) 
main task: an ordinal regression objective, which encourages 
the model to learn that sleep stages are ordered, that is, NREM 

TABLE 1    |    Patient demographics.

Development Validation

Demographic characteristics

Age in years 
(mean ± SD)

50.9 ± 16.6 59.1 ± 15.0

Gender, % man 57.4 57.2

BMI (mean ± SD) 31.7 ± 7.9 31.6 ± 7.4

Clinical characteristics

PSG used (unique 
patients)

15,940 (13,004) 5847 (5112)

Unknown cognitive 
condition PSGs 
(unique patients)

9391 (7949) 1681 (1635)

No cognitive 
impairment PSGs 
(unique patients)

6549 (5320) 1282 (1235)

Symptomatic PSGs 
(unique patients)

0 (0) 1914 (1479)

MCI PSGs (unique 
patients)

0 (0) 573 (459)

Dementia PSGs 
(unique patients)

0 (0) 397 (316)

AHI (mean ± SD) 12.2 ± 14.5 13.8 ± 14.9

Arousal Index 
(mean ± SD)

9.1 ± 14.4 10.4 ± 15.0

Leg Movement Index 
(mean ± SD)

24.9 ± 38.5 32.2 ± 51.3

Periodic Leg 
Movement Index
(mean ± SD)

15.8 ± 32.8 22.3 ± 45.8

PSG characteristics

Recording time, hours 
(mean ± SD)

7.3 ± 1.0 7.3 ± 0.9

Sleep efficiency, % 
(mean ± SD)

82.2 ± 14.2 81.2 ± 14.7

WASO, minutes 
(mean ± SD)

65.5 ± 55.4 71.1 ± 57.7

Abbreviations: AASM, Academy of Sleep Medicine; AHI, Apnea–Hypopnea 
Index; ArI, Arousal Index; BIDMC, Beth Israel Deaconess Medical Center; 
BM, Benjamini–Hochberg; CNN, convolutional neural network; EEG, 
electroencephalography; MBG, Mass General Brigham; MGH, Massachusetts 
General Hospital; N1, non-rapid eye movement Stage 1; N2, non-rapid eye 
movement Stage 2; N3, non-rapid eye movement Stage 3; NREM, non-rapid eye 
movement stages; OLS, ordinal least squares; ORL, ordinal regression layer; 
ORP, odds ratio product; OSD, ordinal sleep depth; PSG, polysomnography; 
REM, rapid eye movement stage; SDB, sleep-disordered breathing; W, 
wakefulness.

FIGURE 2    |    Architecture of the deep learning model: The model 
processes a 3-s input EEG signal through five convolutional blocks, 
each with a one-dimensional convolutional layer (kernel size 17), batch 
normalisation, rectified linear unit activation, max pooling (down-
sampling by 2) and a dropout layer (10%). As the signal passes through 
the blocks, it is progressively reduced to a set of features, which are flat-
tened and reduced to 500 nodes. This multi-task network then splits 
into two branches: one for categorical sleep staging with a Softmax lay-
er, and the other for ordinal regression, capturing the ordered nature of 
NREM sleep stages.
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sleep stages increase in depth: W < N1 < N2 < N3 (i.e., NREM 
sleep stages are ordinal variables) and (2) auxiliary task: a clas-
sification objective, which encourages the model to estimate the 
likelihood that a sleep expert would classify the 30-s epoch in 
which the current 3-s EEG segment is embedded as N1, N2, N3, 
R or W, treating these as categorical variables. To train the cat-
egorical sleep staging branch, a Softmax layer with categorical 
cross-entropy loss is used, while a separate loss function is ap-
plied for ordinal sleep staging. Unlike categorical cross-entropy, 
the ordinal loss accounts for the ranked order of sleep stages. 
REM is excluded from the ordinal loss calculation by setting the 
class weights of REM samples to zero, as REM and NREM sleep 
are regulated by distinct physiological systems (Nielsen 2000). 
Although the final model can be evaluated on REM epochs, they 
do not influence parameter tuning for the ordinal loss function.

For the ordinal sleep staging branch, an ordinal regression layer 
(ORL) was created. The ORL has a trainable weight matrix W , 
bias b and set of thresholds μ (between 0 and 1) that discretize a 
continuous value into stages.

The ORL can be mathematically described using the equation: 
(Rennie and Srebro 2005)

where �( ⋅ ) is the softmax function, d( ⋅ ) is a distance measure, 
W ∈ ℝ

l is the learnable weight matrix, b ∈ ℝ is the learnable 
bias, x ∈ ℝ

l is the data from the previous layer and � ∈ ℝ
4 is the 

vector of learnable thresholds. For interpretability we introduce 
the variable z which denotes Wx + b. The similarity measure we 
used is

We fixed �1 to 0 and �4 to 1 and allowed �2 and �3 to vary while 
being monotonic (�1 < �2 < �3 < �4). The fixation of �1 and �4 
is necessary to ensure one unique optimal solution to the maxi-
mum likelihood estimation of Equation (1), because d in invari-
ant to adding a constant shift to �. Each � is connected to an 
AASM NREM sleep stage with �1 for N3 and �4 for wakefulness.

The OSD initially uses 3-s epochs. As a post-processing step, 
OSD is smoothened by a moving average filter of 30 s, using a 
3-s step size.

2.4   |   Acquiring ORP

We ran ORP on the validation data using the Cerebra MY ORP 
API (Younes 2024). Available ORP reports were downloaded, and 
ORP and ORP30 were extracted using code provided by Cerebra. 
To align with Cerebra's reports, we used ORP30, the average of 
30 s of ORP calculated using non-overlapping 30 s windows.

2.5   |   Statistical Analysis

To validate the sleep depth measures obtained from the OSD 
and ORP algorithms and to investigate their associations with 

clinical variables such as age, sex, Apnea–Hypopnea Index 
(AHI) and cognitive impairment, we conducted several statis-
tical analyses. Our aim was to assess the performance of these 
algorithms in reflecting sleep depth and to determine their 
sensitivity to known physiological and pathological factors af-
fecting sleep. Shown p-values are corrected for multiple compar-
isons using the Benjamini–Hochberg (BH) method.

2.6   |   Evaluation of Algorithm Performance

We evaluated the performance of the OSD and ORP algorithms 
by examining their correlations with the conventional sleep 
staging (hypnogram) and the ArI. To estimate the variability 
and confidence intervals of the correlation coefficients, we em-
ployed a bootstrapping procedure. Specifically, we performed 
1000 rounds of bootstrapping, where in each round, we ran-
domly sampled subjects with replacement from the validation 
data set to create a bootstrap sample. This method provides ro-
bust non-parametric estimates of the correlations and their con-
fidence intervals.

For each bootstrap sample, we calculated Spearman's rank cor-
relation coefficient (Spearman's rho) between the sleep depth 
measures (OSD and ORP) and the hypnogram stages. This 
analysis was conducted at both 3- and 30-s resolutions to align 
with the native timeframes of both the algorithms and the hyp-
nogram. Spearman's rho is a non-parametric measure that as-
sesses the strength and direction of the monotonic association 
between two ranked variables, allowing us to evaluate how 
well the sleep depth measures reflect the conventional sleep 
stages.

Additionally, we calculated Pearson's correlation coefficient 
(Pearson's r) between the average sleep depth measures and 
the ArI across subjects in each bootstrap sample. Pearson's r as-
sesses the linear relationship between two continuous variables, 
providing insight into how well the sleep depth measures pre-
dict the frequency of arousals. The relationship between sleep 
depth and the ArI was additionally assessed using a quadratic 
curve-linear correlation.

2.7   |   Association With Age, Sex and AHI

To investigate associations between sleep depth measures and 
age, sex and AHI while controlling for potential confounders, 
we performed partial correlation analyses. Additionally, the 
shown p-values are adjusted for multiple comparisons using the 
BH method.

2.7.1   |   Age and Sex

We analysed subjects with AHI less than 5 (indicating no signif-
icant SDB) and no known cognitive impairment or symptoms. 
This stratification minimised confounding effects from SDB 
and cognitive impairment. When assessing the effect of age on 
sleep depth, we controlled for sex; conversely, when assessing 
the effect of sex, we controlled for age. Age was treated as a con-
tinuous variable and sex as a categorical variable.

(1)P(y| z) = �(−d(z,�)) = �(−d(Wx + b,�))

(2)d(z,�)=
[
||�1−z|| ⋯

||�4−z||
]T
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2.7.2   |   Sleep-Disordered Breathing

To assess the influence of SDB on sleep depth, we included sub-
jects without cognitive impairment or symptoms and performed 
partial correlation analyses between AHI and sleep depth mea-
sures, controlling for age and gender. This approach allowed us 
to isolate the effect of SDB severity on sleep depth. Furthermore, 
we categorised SDB into REM-dominant SDB, NREM-dominant 
SDB and non-dominant SDB. With a study being classified as 
dominant, the ratio ‘AHI in NREM’ to ‘AHI in REM’ should be 
bigger than 2 for a study to be classified as NREM-dominant or 
smaller than 0.5 for REM-Dominant SDB. Non-dominant SDB 
is defined as the case not satisfying either REM dominant or 
NREM dominant.

2.7.3   |   Association With Cognitive Impairment

We explored how sleep depth measures vary with different lev-
els of cognitive impairment. For this analysis, we selected a sub-
set of the validation data set consisting of studies with AHI less 
than five and known cognitive status to ensure that SDB did not 
confound the analysis of cognitive impairment.

Due to the ordinal nature of cognitive impairment levels, we 
used ordinal least squares (OLS) regression to model the as-
sociation between sleep depth measures and cognitive status. 
We assigned numerical labels to cognitive status categories: 

No Cognitive Impairment = 0, Symptomatic = 1, MCI = 2 and 
Dementia = 3. Age and gender were included as covariates in 
the regression model to adjust for their potential effects on 
sleep depth. By regressing the sleep depth measures on the 
cognitive status labels, while controlling for age and gender, 
we assessed whether there was a significant association be-
tween increasing levels of cognitive impairment and changes 
in sleep depth.

3   |   Results

3.1   |   Sleep Depth in Each Sleep Stage

Both OSD and ORP show an increasing sleep depth along with 
N1, N2 and N3. Figure  3 visualises OSD and ORP values per 
AASM sleep stage. ORP has a larger spread in N3, N2, REM and 
NREM sleep. OSD showed wider ranges in N1 and Wakefulness. 
The missing whiskers are due to the unevenly distributed values, 
making parts of the boxplot extremely compressed, seemingly 
making them nonexistent during visualisation. The distribu-
tion per AASM sleep stages in ORP and OSD was tested using 
a linear mixed effects model, and a post hoc Tukey honest sig-
nificant difference test was applied. This showed that all stages 
within the sleep depth algorithms are significantly different from 
each other, as well as that ORP and OSD are statistically different 
from each other in all stages with p < 0.001 while adjusting for 
multiple comparisons. ORP was re-scaled to a range of 0–1 for 

FIGURE 3    |    Comparison of OSD and ORP values across AASM sleep stages: this figure shows the distributions of OSD and ORP values for each 
AASM-defined sleep stage (wake, N1, N2, N3 and REM) as boxplots. Both OSD and ORP demonstrate an increase in sleep depth across NREM stages 
(N1, N2, N3). ORP exhibits a larger spread in stages N3, N2, REM and NREM, while OSD shows wider ranges in N1 and Wakefulness. A two-sample 
t-test (with ORP values scaled from 0 to 1 to match OSD's scale) confirmed that OSD and ORP distributions are statistically different within each 
sleep stage (p < 0.01).
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this comparison. All OSD results on the Development set are pre-
sented in Appendix.

3.2   |   Sleep Depth and the Arousal Index

Both algorithms showing strong linear and curve-linear cor-
relation with the ArI. Pearson's correlation (median [95% CI]) of 
OSD and ORP, with ArI is 0.994 [0.992, 0.995] and 0.923 [0.918, 
0.928], respectively. The quadratic curve-linear fit yields an r2 
of 0.987 [0.985, 0.989] for OSD and 0.950 [0.945, 0.954] for ORP. 
ArIs with confidences intervals are shown in Figure 4.

3.3   |   Influence of Age and Gender on Sleep Depth

Both OSD and ORP indices showed significant associations 
with age across most sleep stages. The age distribution, grouped 
in 10-year bins, per sleep stage for both OSD and ORP is shown 
in Figure 5. For OSD, age was positively correlated with sleep 
depth reductions across all stages, indicating shallower sleep 
with advancing age: N3, N2, N1, REM and NREM. ORP dis-
played a similar trend, with age associated with significantly 
lighter sleep in N1, REM and NREM. Age was correlated with 
deeper sleep in N3. The statistical findings of age, gender, AHI 
and cognitive impairment are summarised in Figure 6.

Gender also significantly impacted sleep depth when adjusted 
for age. OSD showed that female subjects had deeper sleep in 
N3, N2, REM and NREM. In ORP, females displayed deeper 
sleep across all stages: N3, N2, N1, REM and NREM.

3.4   |   Influence of AHI on Sleep Depth

The influence of SDB was analysed by categorising SDB into 
NREM-dominant, REM-dominant and non-dominant SDB pat-
terns. For non-dominant SDB, OSD showed to have a significant 
influence on sleep depth in N2 and NREM stages, with lighter 
sleep associated with increased SDB. Similarly, ORP showed sig-
nificant associations in N2 and NREM.

NREM-dominant SDB was significantly positively associated 
with OSD sleep depth in N2 and in total NREM. ORP showed 
significant positive associations in N2 and total NREM. REM-
dominant SDB was associated with decreased sleep depth in 
N2 and REM for OSD. N3, N2 and NREM were associated with 
lighter sleep with increasing SDB severity for ORP.

3.5   |   Sleep Depth and Cognitive Impairment

Cognitive impairment was associated with lighter sleep across 
multiple stages. OSD showed reductions in sleep depth in N3, 
N2, N1 and NREM with increasing cognitive impairment. ORP 
reflected a significant reduction in sleep depth in N1 for individ-
uals with cognitive impairment.

3.6   |   Sleep Depth Correlates With the Hypnogram

For OSD, the correlation (median [95% CI]) with the hypno-
gram was 0.678 [0.673, 0.682] and 0.755 [0.750, 0.759] for the 3 
and 30 s windows, respectively, in comparison to 0.596 [0.591, 

FIGURE 4    |    The Arousal Index: both OSD (upper panel) and ORP (lower panel) demonstrate a strong linear correlation with the Arousal Index, 
indicating that higher values of these algorithms correspond to lighter sleep and an increased likelihood of arousal. The grey dotted line represents a 
perfect linear correlation. The Pearson's correlation coefficients and the curve-linear r2 (median [95% CI]) between each algorithm and the Arousal 
Index are 0.994 [0.992, 0.995] and 0.987 [0.985, 0.989] for OSD and 0.923 [0.918, 0.928] and 0.950 [0.945, 0.954] for ORP. Both underscoring the ro-
bustness of these associations.
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0.600] and 0.715 [0.710, 0.720] for ORP. The distribution among 
patients can be seen in the boxplots shown in Figure 7. A full 
night of OSD and ORP together with the hypnogram is shown in 
Figure 8. Additionally, the average spectrogram using the mean 
of the frontal, central and occipital electrodes is visualised. For 
OSD and ORP, the hypnogram is shown in black, where REM is 
annotated in red. The light blue prediction is the non-averaged 
prediction, and the darker blue is the final prediction. It can be 
seen that OSD and ORP show high correlation to the hypno-
gram, OSD and ORP displaying a gradual change at sleep stage 
transition. It is seen that ORP shows relatively lighter sleep in 
REM compared to OSD. Additionally, the light grey-blue predic-
tions of ORP, which visualise the non-averaged 3-s bins, show 
a higher variance than the unaveraged OSD values, indicating 
a lower coherence between the current and neighbouring seg-
ments in ORP compared to OSD.

4   |   Discussion

In this study, we developed a novel, data-driven continuous 
measure of sleep depth called OSD by training a deep neural 
network on a large clinical data set of sleep EEG recordings. Our 
findings demonstrate that, similar to ORP, OSD has a strong lin-
ear relationship with the probability of arousal and effectively 
captures variations in sleep depth associated with age, gender, 
SDB and cognitive impairment. Notably, OSD showed lighter 

sleep in patients with dementia, who exhibit increased delta and 
theta activity, aligning with existing literature on neurodegener-
ative diseases (Neto et al. 2015; Kavcic et al. 2016). Our results 
independently validate the basic idea of sleep depth.

Our approach differs from prior methods such as the ORP 
(Younes et al. 2015), which relies on hand-engineered features 
based on EEG spectral power. While both OSD and ORP aim to 
quantify sleep depth continuously, OSD is entirely data-driven 
and leverages deep learning to capture fine-grained and mor-
phological EEG features. This results in notable differences be-
tween the two measures. OSD values have less overlap between 
the AASM sleep stages and exhibit smoother transitions in sleep 
depth, indicating greater temporal stability (Figure  3). These 
characteristics suggest that OSD may be more sensitive to subtle 
changes in sleep architecture. However, the AASM stages have 
substantial arbitrariness, and variances between OSD and ORP 
may not be clinically meaningful or point to important biologi-
cal features that are hidden by current standard approaches.

Age-related changes in sleep are well documented, with older 
adults experiencing less deep sleep and increased fragmentation 
(Li et al. 2018; Ohayon 2011; Lichstein 2004; Tang et al. 2017; 
Vysata et al. 2012). OSD reflected this phenomenon by showing 
significant decreasing sleep depth trends in N3, N2, N1, REM 
and overall NREM sleep with advancing age. However, ORP 
showed an unexpected increase in sleep depth in N3 with age 

FIGURE 5    |    Sleep distribution per AASM stage for age per algorithm: The rows are showing OSD and ORP, respectively. Both algorithms are 
showing a strong overall trend of lighter sleep with increasing age, with OSD showing fluctuations in N3, N1 and Wake, while having strong cor-
relations in N2, REM and NREM. ORP shows fewer fluctuations yet an increase in sleep depth from age 50 going upwards in N3, N2, N1 and REM.
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and an increased sleep depth with increasing age in N1, REM 
and NREM. Age-related behaviour of ORP, at this level of granu-
larity, is not yet described in the literature. Younes et al. (Younes 
et al. 2021) showed a significant increase in sleep depth for ORP 
in NREM and REM using 15-year bins, which aligns with our 
findings. The increase in sleep depth in N3 may be due to ORP's 
reliance on EEG spectral power. ORP captures the EEG spec-
trum in four bins: 0.3–2.3, 2.7–6.3, 7.3–14.0 and 14.3–35.0 Hz 
(Younes et  al.  2015). The delta range is captured in two bins, 
with one of them also capturing theta activity. This might be a 
design choice that is not be able to fully capture age-related EEG 
changes. In contrast, OSD's deep learning framework allows it 
to account for a broader range of EEG characteristics, providing 
a sleep depth measure consistent with known age-related alter-
ations in sleep.

Sex differences in sleep patterns have been reported, with fe-
males generally experiencing deeper sleep characterised by 
higher sleep efficiency, less wakefulness after sleep onset, 
less N1 sleep and more N3 sleep (Carrier et  al.  2017; van den 
Berg et  al.  2009; Roehrs et  al.  2006; Goel et  al.  2005; Bixler 
et al. 2009). Both OSD and ORP demonstrated that females have 
significantly deeper sleep in N3, N2, REM and overall NREM 
sleep compared to males. However, ORP also indicated deeper 
sleep in N1 for females, a finding not observed in OSD.

SDB is known to disrupt sleep architecture and reduce sleep 
depth. Both OSD and ORP showed significant reductions in 
sleep depth in N2 and NREM sleep during general and NREM-
dominant SDB. Interestingly, ORP indicated an increase in sleep 
depth in REM during NREM-dominant SDB, which may seem 
counterintuitive since REM sleep is not typically deeper to com-
pensate for lighter NREM sleep (Patel et  al.  2024; Bonsignore 
et al. 2024). Although EEG slowing in REM is reported in un-
treated OSA patients compared to their controls. (Morisson 
et al. 2001, 1998) OSD might decrease (increased sleep depth) 
based on the REM slowing. Whether slowed REM sleep in OSA 
patients resembles deeper REM sleep is yet to be determined. 
OSD, however, showed consistent reductions in sleep depth 
across N2, REM and NREM during REM-dominant SDB, align-
ing with the understanding that SDB affects multiple sleep 
stages. This suggests that OSD may more accurately reflect the 
impact of SDB on sleep depth across different stages.

Cognitive impairment and neurodegenerative diseases like 
dementia are associated with altered sleep patterns, including 
reductions in deep sleep (Neto et  al.  2015; Kavcic et  al.  2016; 
Kim  2024; Song et  al.  2015). OSD demonstrated significant 
reductions in sleep depth across N3, REM *and NREM stages. 
Additionally, it showed sleep depth increase in N1 with increas-
ing levels of cognitive impairment, whereas ORP only showed 

FIGURE 6    |    Sleep influencing factor on OSD and ORP: The P-values per test are summarised in this table. The rows represent the sleep stage 
(dependent variable) per algorithm whereas the columns indicate the independent variable. The p-values for Age, Sex and AHI, R-AHI, NR-AHI are 
acquired by partial correlation, whereas the p-values for cognitive impairment are acquired by ordinal least square regression. Cog. Imp = different 
levels of cognitive impairment; NR-SDB = NREM-dominant SDB; R-SDB = REM-dominant SDB; With SDB = non-dominant SDB.
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FIGURE 7    |    Spearman correlation: The patient-wise Spearman correlation distribution with the hypnogram for both OSD and ORP. In the 3-s 
calculation windows, native to OSD and ORP, correlations of 0.678 and 0.596 are shown for OSD and ORP, respectively. Using 30 s windows, native 
to the hypnogram, correlations of 0.755 and 0.715 are found for OSD and ORP, respectively.

FIGURE 8    |    The sleep depth algorithms in relation to the hypnogram: a representation of the OSD and ORP with their hypnograms. The first 
three panels are showing the power spectral density for the frontal, central and occipital electrodes, respectively. Whereas the lower fourth panel 
shows the OSD without smoothing in light blue and the smoothed/final OSD in dark blue. The hypnogram is shown in black where REM sleep is 
annotated in red. The fifth panel is similar to the fourth except now the ORP is shown.
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significant increase in N1. The reduction in N3, REM and NREM 
and increased sleep depth in N1 does show overall lighter sleep, 
which suggests that less time is spent in the deeper stages. The 
reduction of time spent in N3, N2 and the increase in N1 time 
aligns with prior literature. (Neto et al. 2015; Kavcic et al. 2016; 
Kim 2024; Song et al.  2015) This underscores OSD's potential 
advantages in capturing the complex interplay between sleep 
depth and cognitive decline. By incorporating fine-grained EEG 
features beyond spectral power, OSD may provide new insights 
into how neurodegenerative processes affect sleep architecture.

The assessment of sleep depth requires some important additional 
considerations. The AASM arousal requires 3 s of EEG accelera-
tion but both shorter and longer transients are important. Arousals 
are modified by drugs, time of night, stage and stage of sleep and 
have numerous concomitant networked transients in motor, auto-
nomic and respiratory domains. It may be insightful and import-
ant to see how OSD/ORP functions when autonomic transients 
are the primary arousal equivalents (heart rate acceleration, blood 
pressure surges, photoplethysmographic pulse wake amplitude re-
ductions). The AASM 30-s epoch was born out of pragmatism for 
manual scoring. Current approaches to automated scoring remain 
constrained by this ‘rule’. There are advantages to variation of this 
standard. For example, Cyclic Alternating Pattern is best viewed 
at higher compressions, 60–90 s. Differentiation of phasic and 
tonic REM sleep can be easier at longer than 30 s time scales. The 
OSD used a 3-s epoch in part as ORP uses that duration, allowing 
direct comparisons with an established measure of continuous 
sleep depth. The dynamics of spindles, < 1 Hz slow-oscillations 
and other graphoelements of sleep all have their own optimal 
analysis windows. Sleep-compatible electrical brain activity can 
be identified at very fine sub-second resolutions, is dynamic and 
likely encodes depth information—areas that are worth research 
exploration. Sleep depth research is likely to be relevant to a wide 
range of neurological (e.g., neurodegeneration, epilepsy) and sleep 
disorders (e.g., insomnia, narcolepsy, parasomnia).

Our study has limitations that warrant consideration. During 
the training of OSD, REM sleep was not directly used to guide 
the ordinal regression objective because REM is regulated by 
different physiological mechanisms compared to NREM sleep 
and does not fit naturally along a continuum of sleep depth 
(Nielsen  2000). Technically, we addressed this by setting the 
class weight for REM to zero in the ordinal loss function, al-
lowing the model to learn REM sleep patterns passively while 
focusing on NREM stages for sleep depth estimation. Although 
OSD provides sleep depth estimates during REM epochs, users 
should interpret these values cautiously. Additionally, OSD is 
currently constrained by conventional sleep staging as defined 
by the AASM. Future research could explore more independent 
approaches that move beyond traditional staging to develop 
novel sleep measures closely related to health outcomes. It is 
possible that the optimal sleep epoch length is something not 
yet considered and can be estimated by data driven approaches. 
Additionally, we did not examine night-to-night variability. 
Given that sleep depth can fluctuate across nights due to various 
intrinsic and extrinsic factors, future research should explore 
the consistency of these measures over multiple nights.

In conclusion, OSD is a data-driven measure of sleep depth 
that correlates strongly with arousal probability and effectively 

captures variations associated with age, sex, SDB and cognitive 
impairment. By leveraging deep learning to analyse EEG data 
without reliance on hand-engineered features, OSD offers a nu-
anced understanding of sleep architecture. Despite the reported 
differences between OSD and ORP, these results also validate 
the general approach of ORP, as most of the differences are not 
likely clinically meaningful at the individual subject level. Both 
algorithms have the potential to show individual differences in 
sleep vulnerability to disruptors such as sleep disruptive breath-
ing. These capabilities to reflect subtle EEG characteristics may 
enhance physiological studies of sleep disorders, contribute to 
defining sleep quality and improve our understanding of sleep's 
role in neurological diseases. Future work will investigate OSD's 
potential applications in conditions such as insomnia and its 
value in clinical assessments of sleep health.
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Appendix 

OSD Results on the Development Data

Sleep Depth in Each Sleep Stage

Both OSD shows an increasing sleep depth along with N1, N2 and N3. 
Figure A1 visualises OSD values per AASM sleep stage. The distribution 
per AASM sleep stages in OSD was tested using a mixed linear model, 
and a post hoc Tukey honest significant difference test was applied. 
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This showed that all stages within the OSD are significantly different 
from each other, p < 0.001 while adjusting for multiple comparisons.

Sleep Depth is Correlated With Arousal Index

OSD shows strong linear and curve-linear correlation with the Arousal 
Index (ArI). Pearson's correlation (median [95% CI]) of OSD with ArI 
is 0.994 [0.994, 0.995]. The quadratic curve-linear holds an r2 of 0.996 
[0.996, 0.997] for OSD. The ArI with confidences intervals is shown in 
Figure A2.

Influence of Age and Gender on Sleep Depth

OSD indices showed significant associations with age across most sleep 
stages. The age distribution, grouped in 10-year bins, per sleep stage 
for both OSD and ORP are shown in Figure A3. For OSD, age was pos-
itively correlated with sleep depth reductions across all stages, indicat-
ing shallower sleep with advancing age: N3, N2, N1, REM and NREM. 
Gender also significantly impacted sleep depth when adjusted for age. 

OSD showed that female subjects had deeper sleep in N3, N2, REM and 
NREM.

Influence of AHI on Sleep Depth

The influence of sleep-disordered breathing (SDB) was analysed by 
categorising SDB into NREM-dominant, REM-dominant and non-
dominant SDB patterns. For non-dominant SDB, OSD showed to have 
a significant influence on sleep depth in N2 and NREM stages, with 
lighter sleep associated with increased SDB. Similarly, ORP showed sig-
nificant associations in N2 and NREM.

NREM-dominant SDB was significantly positively associated with OSD 
sleep depth in N2 and in total NREM. ORP showed significant positive 
associations in N2 and total NREM. REM-dominant SDB was associ-
ated with decreased sleep depth in N2 and REM for OSD. N3, N2 and 
NREM were associated with lighter sleep with increasing SDB severity 
for ORP. The statistical results for age, gender and SDB are summarised 
in Figure A4.

FIGURE A1    |    OSD values across AASM sleep stages: this figure shows the distributions of OSD values for each AASM-defined sleep stage (Wake, 
N1, N2, N3 and REM) as boxplots. OSD demonstrates an increase in sleep depth across NREM stages (N1, N2, N3).
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FIGURE A2    |    The Arousal Index: OSD demonstrates a strong linear correlation with the Arousal Index, indicating that higher values of these 
algorithms correspond to lighter sleep and an increased likelihood of arousal. The grey dotted line represents a perfect linear correlation. Pearson's 
correlation coefficients (median [95% CI]) between each algorithm and the Arousal Index are 0.994 [0.994, 0.995]. The quadratic curve-linear holds 
an r2 of 0.996 [0.996, 0.997].

FIGURE A3    |    Sleep distribution per AASM stage for age per algorithm: OSD shows a strong overall trend of lighter sleep with increasing age.
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FIGURE A4    |    Sleep influencing factor on OSD and ORP: the p-values per test are summarised in this table. The rows represent the sleep stage 
(dependent variable) per algorithm, whereas the columns indicate the independent variable. The p-values are acquired by partial correlation. R-
SDB = REM-dominant SDB; NR-SDB = NREM-dominant SDB; With SDB = non-dominant SDB.

FIGURE A5    |    Spearman correlation: The patient-wise Spearman 
correlation distribution with the hypnogram for OSD. The Spearman 
correlation (median [95% CI]) is 0.696 [0.694, 0.699] and 0.768 [0.766, 
0.771] for the 3- and 30-s windows, respectively.
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Sleep Depth Correlates With the Hypnogram

For OSD, the correlation (median [95% CI]) with the hypnogram was 
0.696 [0.694, 0.699] and 0.768 [0.766, 0.771] for the 3 and 30 s windows, 
respectively. The distribution among patients can be seen in the box-
plots shown in Figure A5. A full night of OSD with the hypnogram is 
shown in Figure A6. Additionally, the average spectrogram using the 
mean of the frontal, central and occipital electrodes is visualised. The 
hypnogram is shown in black, where REM is annotated in red. The light 
blue prediction is the non-averaged prediction, and the darker blue is 
the final prediction. OSD shows a high correlation with the hypnogram 
as well as a gradual change at sleep stage transition.

FIGURE A6    |    The sleep depth algorithms in relation to the hypnogram: The first three panels are showing the power spectral density for the fron-
tal, central and occipital electrodes, respectively. Whereas the lower fourth panel shows the OSD without smoothing in light blue and the smoothed/
final OSD in dark blue. The hypnogram is shown in black where REM sleep is annotated in red.
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