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Summary

Sleep is vital for health. It has regenerative and protective functions. Its disruption

reduces the quality of life and increases susceptibility to disease. During sleep, there

is a cyclicity of distinct phases that are studied for clinical purposes using polysomno-

graphy (PSG), a costly and technically demanding method that compromises the qual-

ity of natural sleep. The search for simpler devices for recording biological signals at

home addresses some of these issues. We have reworked a single-channel in-ear

electroencephalography (EEG) sensor grounded to a commercially available memory

foam earplug with conductive tape. A total of 14 healthy volunteers underwent a full

night of simultaneous PSG, in-ear EEG and actigraphy recordings. We analysed the

performance of the methods in terms of sleep metrics and staging. In another group

of 14 patients evaluated for sleep-related pathologies, PSG and in-ear EEG were

recorded simultaneously, the latter in two different configurations (with and without

a contralateral reference on the scalp). In both groups, the in-ear EEG sensor showed

a strong correlation, agreement and reliability with the ‘gold standard’ of PSG and

thus supported accurate sleep classification, which is not feasible with actigraphy.

Single-channel in-ear EEG offers compelling prospects for simplifying sleep parame-

terisation in both healthy individuals and clinical patients and paves the way for reli-

able assessments in a broader range of clinical situations, namely by integrating Level

3 polysomnography devices. In addition, addressing the recognised overestimation of

the apnea-hypopnea index, due to the lack of an EEG signal, and the sparse informa-

tion on sleep metrics could prove fundamental for optimised clinical decision making.

K E YWORD S

in-ear electroencephalography, home recording, polysomnography, sleep staging, wearable
devices

1 | INTRODUCTION

Sleep is a complex and essential process for health and quality of life,

and the importance of its stability has recently been addressed and

emphasised (Sletten et al., 2023). Sleep is critical for optimal brain

development (Frank, 2011), cognitive function (Chee & Chuah, 2008;

Killgore, 2010; Lim & Dinges, 2010; Maggio et al., 2013; Mishra

et al., 2020; Wild et al., 2018) and the clearance of neurotoxic waste
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products in the brain that accumulate during wakefulness (Xie

et al., 2013). People who obtain sufficient high-quality sleep at proper

times were found to have better general health (Jean-Louis et al., 2000)

and overall quality of life (Groeger et al., 2004). Sleep deprivation has

detrimental consequences for several human systems (Abbott

et al., 2020; Thompson et al., 2022), including a significantly higher risk

of cardiovascular disease and overall cardiometabolic health (Chan

et al., 2022; Chellappa et al., 2019; Kerkhofs & Boudjeltia, 2012;

Kohansieh & Makaryus, 2015; Pan et al., 2023; St-Onge et al., 2016),

impaired mental health (Murray et al., 2017; Song et al., 2015; Uccella

et al., 2023) and also cancer (Lingas, 2023). In view of the increasing

importance of sleep for human health and the consequences of sleep

deprivation and susceptibility to disease, various sensor modalities for

recognising and classifying sleep have been researched that go beyond

the ‘gold standard’ of polysomnography (PSG) and which we will dis-

cuss in more detail below. The developments consisted mainly in wear-

able and sensing technology devices (Imtiaz, 2021) to automatic sleep

stage classification (Kwon et al., 2022; Olesen et al., 2021; You

et al., 2022) and the use of artificial intelligence (Bandyopadhyay &

Goldstein, 2023; Goldstein et al., 2020; Verma et al., 2023). To date,

electroencephalography (EEG) is by far the most popular pick, as it

largely complies with international standards and recent advances in

wearable technology and offline post-processing methods. In general,

EEG-based systems have the highest accuracy and kappa values, while

others based on accelerometers and non-contact sensors have the low-

est values for all sleep stages and also for wakefulness (Danzig

et al., 2020; Rapoport, 2019), which underpins our study design and

chosen methodology. PSG is based on various biological signals such as

brain electrical activity (EEG), eye movements (electro-oculography

[EOG]), electrical muscle activity (electromyography [EMG]) of the chin

and lower limb anterior tibial muscle, and additional information such

as airflow, thoracic and abdominal breathing, oxygen saturation, body

position and cardiac activity (electrocardiography [ECG]) (Berry

et al., 2017). The significant number of sensors and the wiring means

that monitoring is uncomfortable and therefore has a negative impact

on sleep. In addition, sleep studies often take place in a hospital or clinic

rather than in the patient's natural home environment. Although this

method provides high-quality recordings, it requires expert assistance

and hours of monitoring/supervision (Fischer et al., 2012), as well as

expensive equipment. These facts combined with the need for clinical

referral and long waiting lists (Flemons et al., 2004) limit its use outside

of specialised clinics. The solution to these major bottlenecks has been

the widespread use of at-home sleep testing (Arnardottir et al., 2016).

This improved accessibility is apparently not enough to solve all the

problems, as for example for obstructive sleep apnea, one of the most

prevalent sleep disorders. The waiting time for an initial examination at

a specialised centre can easily be 1 year and for continuous positive air-

way pressure titration up to 2 years (Arnardottir et al., 2022). In addi-

tion, sleep classification requires up to 4 h of manual inspection and

labelling of an entire night's sleep by experts, a known wearying task

(Arnardottir et al., 2022; Ronzhina et al., 2012). This process is achieved

by classifying sleep according to a set of guidelines from the American

Academy of Sleep Medicine (AASM), currently in version 3, which

categorise sleep into four distinct stages: N1, N2, N3, corresponding to

non-rapid eye movement (NREM) sleep and rapid eye movement

(REM) sleep, where physiological characteristics, particularly EEG wave-

forms and patterns, are most important. The normal percentage of each

stage is given by the number of total REM sleep cycles recorded over-

night. In adults, stage N1 accounts for �5% of total sleep time (TST),

stage N2 for 50%, and stage N3 for 20%. The remaining 25% are REM

sleep stages (Troester et al., 2023). Also, other sleep metrics need to be

determined for a rigorous procedure of sleep classification and report-

ing, such as total recording time (TRT), TST including wake after sleep

onset (WASO), sleep efficiency (SE), and sleep latency (SL), which are

illustrated and defined in Figure 1.

The massive growth of sleep medicine, with demand for studies far

outstripping supply, has led to the search for alternative methods that

can be carried out at home and are based on a smaller number of elec-

trophysiological signals. So, if we want to understand the effects of dif-

ferent sleep states on a wider population, we need methods and

devices that are readily available, inexpensive and unobtrusive. Devel-

oping accurate, low-threshold sleep monitoring solutions that can be

self-administered and used at home could help avoid these issues of

convenience, accessibility, and reproducibility. Currently, one of the

most validated methods for studying sleep characteristics is actigraphy

(ACT), in which movements are measured to assess sleep or wakeful-

ness. This method makes it possible to assess the binary presence of

sleep or wakefulness based on the presence/absence of movement and

light by attaching an accelerometer to a device worn on the wrist. The

major advantage is that it enables and facilitates prolonged data record-

ing in the home environment at relatively low cost. However, it does

not provide accurate sleep analysis, as it does not allow classification of

the different sleep stages, and over- or underestimates sleep and wake

times. These aspects, as well as accuracy, sensitivity and specificity of

ACT, are well described in the literature (Ancoli-Israel et al., 2003; Kim

et al., 2022; Marino et al., 2013; Peterson et al., 2012; Tabar

et al., 2021). Methods such as sleep questionnaires and sleep diaries

are also important for sleep assessment, as they primarily provide infor-

mation on sleep patterns, sleep problems and sleep rhythms and are

often used in combination with PSG or ACT (Tabar et al., 2021). In

recent years, attention has increasingly turned to wearable platforms

for sleep monitoring (Imtiaz, 2021). Portable and small sleep devices

that enable long-term monitoring can facilitate the objective of recog-

nising and establishing a connection between sleep disorders and day-

time activity. In addition, sleep tests conducted in a clinical setting

cannot accurately quantify the safety and occupational risks of sleepi-

ness (caused by sleep deprivation) (Gavriloff et al., 2018). There are

many gadgets, devices and applications that promise information about

sleep duration, sleep quality, or even sleep apnea. However, most of

these solutions are not considered medical devices and have not been

validated by direct comparison and simultaneous recording with ‘gold
standard’ methods. In view of these aspects, there has recently been

an increased search for high-quality ambulatory sleep monitoring

devices that can be used over a longer period of time, are clinically vali-

dated, and can directly monitor the long-term EEG in a natural environ-

ment, preferably enabling automatic recognition of sleep patterns
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(Looney et al., 2016; Mikkelsen et al., 2017; Nakamura et al., 2017;

Stochholm et al., 2016). One of these methods is the so-called in-ear

EEG, which has emerged (Looney et al., 2012) and shown great poten-

tial due to factors such as portability, very little to no impact on sleep

quality as reported by the users (Mikkelsen, Tabar, et al., 2019), sleep

staging capabilities (Looney et al., 2016), and the prospect of implemen-

tation by the user, which facilitates daily use (Mikkelsen et al., 2017).

Another method is devices that are worn around the ear. They offer

overall better signal quality and improved topographical coverage also

by enabling multi-channel recordings (Meiser et al., 2024), when com-

pared with in-ear sensors and are therefore more suitable for compre-

hensive monitoring of brain activity in clinical and research settings or

in controlled environments, although they can be less comfortable and

more obtrusive, which can be a huge contraindication in the case of

sleep studies (Kaongoen et al., 2023). As such, regarding sleep monitor-

ing, the placement of the electrodes should naturally be chosen accord-

ing to the criteria of inconspicuousness, reliability, and comfort. Of

course, the in-ear EEG concept assumes that the electrodes must be

placed in the external auditory canal or concha (at least the active elec-

trode), although several studies have been conducted (Kaongoen

et al., 2023; Mohamed et al., 2023) with a variety of electrode place-

ments, they show very similar performance in detecting sleep stages

(Mikkelsen, Phan, et al., 2022), with a trend towards greater electrode

spacing leading to better classifiers. It is assumed that differences in the

signal-to-noise ratio of the EEG channels speak in favour of this aspect,

as it is better at greater distances. Sleep, and sleep stage-specific oscil-

lations, are likely to be global phenomena (Brancaccio et al., 2020) and

as long as the derivations used have a sufficiently wide sensitivity

range, it is possible to distinguish between sleep stages. The hypotheti-

cal need for a contralateral cephalic reference electrode (as occurs in

the ‘gold standard’ PSG with M1/M2) should be addressed and evalu-

ated simultaneously, because if it is not absolutely necessary, the bilat-

eral setup with only in-ear EEG sensors or ideally with single-sided

sensors is particularly attractive for self-administered sleep recordings

(Mikkelsen, Tabar, et al., 2022) without compromising performance in

sleep metrics when participants carried out the experiment themselves

(versus expert-applied techniques) (Mikkelsen, Ebajemito, et al., 2019).

Of course, to ensure the generalisability of the performance of EEG-

based wearables beyond the controlled sleep laboratory environment,

further research in real-world settings, such as at home, is needed

(Kaongoen et al., 2023); hence, the study design here proposed. Natu-

rally, there are legitimate concerns about the performance of this

method compared to scalp EEG. Initially, Looney et al. (2011) demon-

strated a high coherence between the temporal electrode T7 and mas-

toid electrode M1 of the international 10–20 electrode system with an

in-ear electrode, indicating a common activity of scalp and in-ear elec-

trodes. More recently, these relationships have been thoroughly ana-

lysed (Meiser et al., 2020; Nakamura et al., 2017; Pazuelo et al., 2024;

Zibrandtsen et al., 2016). Furthermore, it is still unclear to what extent

pathological populations can benefit from such studies conducted in a

healthy physiological baseline state, which is a common appointed rec-

ommendation for future research.

The aim of the present study was to clinically validate the suitabil-

ity and reliability of a custom-built single-channel in-ear EEG sensor

(with two different electrode configurations) for sleep monitoring and

classification by comparing various sleep metrics and staging decisions

with simultaneously recorded PSG, the current ‘gold standard’ in

sleep medicine, in both healthy individuals and clinical patients.

2 | METHODS

2.1 | Methods

We conducted a prospective cross-sectional study with a sample of

28 participants divided into two groups: 14 healthy individuals and

F IGURE 1 Conceptual scheme for the definition of TRT, TST and WASO, SL, SE (in min). SE, sleep efficiency (percentage of total time in bed
actually spent asleep; SL, sleep latency (duration of time between turning off the light [lights out] while the patient attempts to sleep, to the time
when the patient actually falls asleep); TRT, total recording time (total time during which the patient lies in bed with the recording device
activated); TST, total sleep time (total time scored during the total recording time); WASO, wake after sleep onset (total time of wake phases
occurring after the defined sleep onset). It is calculated as the sum of the N1, N2, N3 and rapid eye movement sleep stages, divided by the total
time in bed and multiplied by 100).
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14 clinical patients. The latter were consecutively recruited from a

sleep clinic after having been previously prescribed a Level 1 PSG. All

participants signed an informed consent form. Anonymity was main-

tained and all results obtained were used solely for academic purposes

and without financial interest. We began by validating the methodol-

ogy in the healthy individuals who had no known neurological or sleep

history, were not taking any medications that affect the central ner-

vous system, had not experienced partial or complete sleep depriva-

tion the night before, and had not consumed caffeine, tobacco or

energy drinks up to 24 h prior to the study. Recordings were con-

ducted at participants’ homes, although in the first phase monitoring

and set-up took place in the laboratory. The cortical electrodes were

placed in the F3, F4, C3, C4, O1, O2 and M1 and M2 positions of the

international 10–20 system, as was the EOG according to the latest

AASM recommendations (Troester et al., 2023). The chin EMG did

not prove to be stable enough during ambulatory signal acquisition, so

we decided not to include it in this preliminary validation. The elec-

trodes were fixed to the scalp with collodion to ensure proper adhe-

sion. A conductive paste was then applied to achieve a maximum

impedance of 5 kΩ. The in-ear EEG system, which can be put on and

taken off by the user, was then connected. For this purpose, each par-

ticipant received the necessary instructions for the correct placement

of the in-ear sensors, which were inserted shortly before falling asleep

and removed again after waking up. The actigraph was also attached

to the left wrist and is activated by pressing a button when the sub-

ject falls asleep and in the morning when they wake up. Both the PSG

and in-ear EEG electrodes were connected to the Morpheus™ ambu-

latory device, where the different channels were sampled at 256 Hz

(bandwidth 0.5–70 Hz) using 16-bit digitisation.

Sleep was assessed independently for the three electrode config-

urations, all of which were co-registered and connected to the same

EEG amplifier:

1. Standard AASM recommendation for EEG derivations (F3-M2,

C3-M2, O1-M2, F4-M1, C4-M1, O2-M1) – from now on referred

as PSG;

2. One single channel (in-ear electrode referenced to the contralat-

eral in-ear electrode) – from now on referred as ELR;

3. Two bipolar channels (left in-ear sensor referenced to T4 electrode

and right in-ear sensor referenced to T3 electrode) – from now on

referred as ET. Both the T4 and T3 electrodes are independent of

the sensor, i.e., they are commercially available EEG electrodes

that have been placed in these 10/20 International System

topographies.

Recordings were randomised and blindly evaluated by a European

Sleep Research Society (ESRS)-certified somnologist/technologist

(H.S.) with >15 years of experience and in accordance with current

AASM guidelines (Troester et al., 2023). The masking procedure was

specifically achieved by anonymously and randomly distributing the

three electrode configurations to the ESRS-certified technologist in

such a way that would be possible to identify which of the three elec-

trode configurations was analysed (the channels must be identified

according to the AASM sleep classification requirements), but not to

which patient it belonged. Each sleep dataset was analysed taking into

account the EEG characteristics of the recordings, i.e., the identifica-

tion of typical phasic elements and in accordance with the EEG fre-

quencies as follows: (a) slow wave activity with a frequency of 0.5–

2.0 Hz and a peak-to-peak amplitude of >75 μV measured over the

frontal regions; (b) delta waves are 0–3.99 Hz; (c) theta waves are 4–

7.99 Hz; (d) alpha waves are 8–13 Hz; (e) beta waves are >13 Hz. In

view of this, the classification was carried out according to the follow-

ing parameters: (1) assessment and scoring in consecutive 30-s

epochs, starting at the beginning of the study; (2) assignment of a

stage to each epoch; (3) if two or more stages coexist during a single

epoch, assignment of the stage that accounts for most of the epoch;

(4) if three or more segments of an epoch fulfil criteria for different

stages (stage wakefulness [W], N1, N2, N3, REM [R]): (4a) score the

epoch as sleep if most of the epoch meets criteria for stage N1, N2,

N3, or R; (4b) assign the sleep stage that occurs for most of the sleep

within the epoch. In this way, hypnograms were generated for each

patient for both the EEG and in-ear EEG methods for the entire night.

The parameters related to each sleep stage (N1, N2, N3 and REM),

such as the time in each sleep stage (min) and the percentage of total

sleep time in each stage – by dividing the time in each stage by the

TST � 100 (%) – are only compared between the PSG, ET, ELR

recordings, as they cannot be obtained with ACT. For each of the ana-

lysed methods, the same 30-s epochs were selected to allow a visual

correlation of the characteristics of the EEG waves and patterns of

the different sleep phases, but also of the waking state (see

Section 3.2.1 – visual correlations). In this way, it was possible to visu-

ally compare the morphology and amplitude features and attempt to

standardise the classification. After validating the results and perfor-

mance of the in-ear sensor in the healthy individuals, we analysed the

same variables with the equivalent methods in a group of clinical

patients (n = 14), adding an automatic sleep scoring algorithm to this

dataset in the three-electrode configuration, aiming to achieve epoch-

by-epoch agreement between the methods and with the ESRS-

certified technologist. This group underwent a Level 1 PSG sleep

study in a clinic prescribed by a physician with a formal indication.

Therefore, all sensors and compliant devices recommended by the

AASM were used. The software used for sleep recording of

the patient group and sleep staging was Sleepware G3, version 3.9.6.0

and the computerised automatic scoring algorithm, which is validated

and AASM compliant, was Somnolyzer 24x7 (Anderer et al., 2010),

both from Philips Respironics®. All biosignals and other data were col-

lected and organised in a database, in which all information from the

reports of the different sleep analysis procedures was collected and

properly anonymised, and which, at this preliminary stage, was only

accessible to the first author (D.F.B.).

2.2 | Materials

In-ear sensor (healthy individuals and patient group): a custom-built

single-channel in-ear sensor developed by the authors based on an

4 of 19 BORGES ET AL.
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original concept and configurations by Goverdovsky et al. (2016). It

consists of a tinned copper and polyvinyl chloride lead wire (Grass®

reusable cup electrodes) encased in a slow-resetting polyurethane

foam earplug (3 M™ Foam Earplugs 1100), reducing potential

mechanical artefacts caused by muscle movement and heart pulsa-

tions. We bonded them with collodion to a conductive fabric of silver-

coated nylon interwoven with elastic fibres to ensure low impedances

and ensure electrical connection with the surface through the use of

specific tape with electrically conductive properties (Figure 2). To

reduce the impedances, a thin film of conductive paste was applied

(Elefix™ by Nihon Kodhen®). This ensured a good fit in the ear canal

and created a stable interface between the skin and the electrodes,

which could also withstand all the deformations necessary to increase

wearing comfort without losing its electrical properties.

Ambulatory EEG/PSG device (healthy individuals): Morpheus™model

of the Micromed® brand running with System Plus Evolution™ software

version 1.04.0212. It includes 26 analog channels, two channels for the

integrated flow pressure sensor, three oximeter channels, three acceler-

ometer channels and two channels for XActTrace belts. Size: 3.5 cm

(height) � 7.5 cm (length) � 11.4 cm (width); Weight: 200 g in a robust

ABS plastic housing. The device complies with all AASM standards.

The ACT device (healthy individuals): Camtech® brand, Motion-

Watch 8™ model with the following specifications: Size mm (length)

� 28.2 mm (width) � 9.4 mm (depth); Weight: 9.1 g (including battery,

excluding wristband) Triaxial sensor, MEMs technology. Amplitude

from 0.01 to 8 g, 3–11 Hz; CR2032 lithium coin cell; Battery life:

3 months with typical use.

The Level 1 PSG device (patient group): Philips Respironics®

brand, model Alice-6 LDxS™, with Sleepware G3™ software version

3.9.6.0 with Somnolyzer® 24x7. It includes 55 channels, 19 EEG

inputs, five dedicated EMG channels, three chin EMG, two EOG chan-

nels and seven ECG channels (three physical and four derived). Signal

resolution of 16-bit, maximum sampling rate of 2000 Hz, maximum

storage rate of 500 Hz with continuous impedance recording for qual-

ity control. The device fulfils all AASM requirements.

2.3 | Statistical analysis

For the group comparisons, we used both the Mann–Whitney U test

and t-tests for independent samples, depending on the nature and dis-

tribution of the data. For categorical demographic variables, we used

F IGURE 2 In-ear electroencephalography (EEG) sensor configuration, placement and EEG data. (a) The three main components of the sensor
are a 3 M™ Foam Earplug 1100, a reusable Grass® cup electrode and a conductive cloth. (b) Schematic diagram of the in-ear EEG and relating
dimensions. The corresponding close-up of the sensor shows the viscoelastic substrate (orange) with conductive tape (grey) embedded in a thin
film of conductive paste (gold shimmer) bonded with collodion to a touch-safe commercial EEG cable. Please note the anatomical position of the
sensor. (c) Photograph of a subject wearing the sensor and T4 electrode for illustration. On the right are segments of the 5-stage sleep study

classification acquired from the scalp EEG as the ‘gold standard’ (only eight leads are shown for this purpose), from the stand-alone in-ear EEG,
and with the addition of an independent temporal cephalic electrode that served as a contralateral reference for each (left and right) in-ear EEG
sensor. ELR, one (single) bipolar channel (left in-ear sensor referenced to right in-ear sensor); ET, two bipolar channels (left in-ear sensor
referenced to T4 electrode and right in-ear sensor referenced to T3 electrode); REM, rapid eye movement; W, wakefulness.

BORGES ET AL. 5 of 19
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the chi-square test to ascertain the distributional differences between

groups. Correlation analyses were performed to assess the similarity

between the collected minutes in the different EEG approaches. Fol-

lowing the suggestion of Gignac and Szodorai (2016), we interpreted

the magnitude of these correlations as small (≥0.10), moderate (≥0.20)

or large (≥0.30). We employed Bland–Altman plots to provide a clear

visualisation of the correspondence between the variables. In these

diagrams, the differences between paired measurements were plotted

against their means. The limits of agreement were calculated as the

mean difference ± 1.96 times the standard deviation (SD) of the dif-

ferences so that we could identify any systematic bias and the range

in which most of the differences between the measurements lay

(Do�gan, 2018). To assess the performance of an automated sleep

staging algorithm in processing the different datasets of the subgroup

of patients seeking epoch-by-epoch comparison with the ‘gold stan-

dard’ (manual staging of the human PSG expert), we used a method

that evaluates models with categorical or binary outcomes, referred to

as confusion matrix (Marom et al., 2010), with correlated kappa scores

to assess epoch-wise agreement between sleep staging methods.

Kappa scores were interpreted as follows: <0 as less than chance

agreement, 0.01–0.20 as slight agreement, 0.21–0.40 as fair agree-

ment, 0.41–0.60 as moderate agreement, 0.61–0.80 as substantial

agreement, and 0.81–1.00 as near perfect agreement

(McHugh, 2012). All statistical analyses were performed using the

IBM Statistical Package for the Social Sciences (SPSS) for Windows,

version 26.0 (IBM Corp., Armonk, NY, USA) and Python, version 3.7.

For these analyses, we mainly used libraries such as ‘pandas’, ‘scipy.
stats’, ‘seaborn’ and ‘matplotlib.pyplot’. We set the significance level

for multiple comparisons at 0.01, with p values between 0.01 and

0.05 considered marginally significant.

3 | RESULTS

Our results comprise a total of 258 h (30,960 epochs) of mainly noc-

turnal EEG recordings presented in three different datasets according

to the three methods used, allowing us to measure a total of 774 h of

sleep stage. For the 14 participants in the healthy individual group, we

will also present ACT data allowing comparison between referenced

EEG, in-ear EEG and ACT for TRT, TST, SL, and SE. For the entire

sample, we consider all other relevant variables such as N1, N2, N3

and REM phases in minutes and the corresponding latencies. TRT was

determined as: Light OFF – Light ON (min); TST: total time during

sleep – time in N1 + N2 + N3 + REM (min); SL: time between light

OFF and the first sleep epoch (min); SE: division between total sleep

time and TRT � 100 (%) to compare between the different evaluation

methods PSG, ET, ELR, and ACT.

3.1 | Clinical demographic data

Our participant pool was divided into two different groups: healthy

individual controls and patients, so that we could examine the EEG

measurements in different health conditions. The healthy control group,

consisting of 14 individuals, was between 42 and 51 years old, with a

mean (SD) age of 44.29 (2.46) years. Their weight ranged from 52 to

84 kg, with a mean (SD) weight of 67.57 (9.60) kg, and their height ran-

ged from 151 to 183 cm, with an mean (SD) of 166.50 (9.67) cm. Par-

ticipants had a mean (SD) body mass index (BMI) of 23 (3.90) kg/m2,

which was broadly within the normal weight range, a metric known to

correlate with sleep duration (Garfield, 2019). On the Epworth Sleepi-

ness Scale (ESS), the group scored a low mean (SD) of 3.43 (2.07), indi-

cating limited daytime sleepiness. In terms of sex, the group was

predominantly female: 64.30% of participants were female and 35.70%

male. The patient group, which also included 14 participants, had a

wider age range of 25 to 78 years, resulting in a mean (SD) age of

53.21 (17.43) years. Weight ranged from 61 to 115 kg, with a mean

(SD) of 78.75 (13.11) kg, and height ranged from 152 to 173 cm, with a

mean (SD) of 163.50 (6.38) cm. The mean (SD) BMI of this group was

29.50 (4.86) kg/m2. The mean (SD) ESS score was 5.29 (3.17), indicat-

ing slightly higher daytime sleepiness. The sex distribution was almost

equal with 57.10% female and 42.90% male participants. The group of

patients included people with various clinical indications for sleep

TABLE 1 Demographic data of the healthy individuals and patient
group and the latter clinical indication for polysomnography.

Variable

Healthy

individuals
(n = 14)

Patient
group (n = 14)

Age, years, mean (SD, range) 44.29 (2.46, 42–
51)

53.21 (17.43,

25–78)

Weight, kg, mean (SD, range) 67.57 (9.60, 52–
84)

78.75 (13.11,

61–115)

Height, cm, mean (SD, range) 166.50 (9.67,

151–183)
163.50 (6.38,

152–173)

BMI, kg/m2, mean (SD,

range)
23 (3.90, 19.10–
33.20)

29.50 (4.86,

24.34–42.20)

ESS score, mean (SD, range) 3.43 (2.07, 0–7) 5.29 (3.17, 0–9)

Sex, n (%)

Female 9 (64.3) 8 (57.1)

Male 5 (35.7) 6 (42.9)

Clinical indication for PSG

Obstructive sleep apnea – 7 (50)

Intermediate insomnia;

roncopathy
– 1 (7.14)

REM behaviour disorder;

Parkinson's disease
– 1 (7.14)

Loss of consciousness – 1 (7.14)

Excessive daytime

sleepiness
– 1 (7.14)

NREM parasomnia – 1 (7.14)

Narcolepsy – 1 (7.14)

White matter disease – 1 (7.14)

Abbreviations: BMI, body mass index; ESS, Epworth Sleepiness Scale;

NREM, non-rapid eye movement; PSG, polysomnography; REM, rapid eye

movement.
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staging, mainly with obstructive sleep apnea. The discriminated demo-

graphic variables for both groups can be found in Table 1. Regarding

the assumption of equal variances in our first analysis, subsequent tests

showed that this assumption was not valid for all variables. The

Shapiro–Wilk test showed that the distributions for age and weight

were not normal, so non-parametric Mann–Whitney U tests were per-

formed. These tests revealed no significant difference in age between

the groups (U statistic = 61.0, p = 0.09), but a significant difference in

weight (U statistic = 46.5, p = 0.02), suggesting that the patient group

had different weight characteristics compared to the healthy individ-

uals. Height did not differ significantly between groups (t-

statistic = 1.01, p = 0.32), which is confirmed by Levene's test for

equal variances (p = 0.05), suggesting that this variable was evenly dis-

tributed among participants. A significant difference was observed for

BMI (t-statistic = �3.04, p = 0.01), indicating a divergent BMI distribu-

tion between the healthy individuals and patient group. The ESS scores

did not differ significantly between groups (t-statistic = �1.836,

p = 0.08), indicating comparable levels of daytime sleepiness. Finally,

the chi-square test confirmed that there was no significant difference

in the sex distribution between the groups (chi-square statistic = 0.00,

p = 1.00), ensuring that gender did not play a role in the comparison of

sleep staging results between the healthy individuals and patient group.

This gender balance increases the robustness of the study and provides

a comprehensive understanding of the effectiveness and accuracy of

single-channel in-ear EEG for sleep classification.

3.2 | Correlations

3.2.1 | Visual correlations (healthy individuals)

In a first phase, to validate the in-ear EEG sensor (single channel or two

bipolar channels with independent contralateral temporal cephalic refer-

ence), the hypnograms of the entire night resulting from the randomised,

blind sleep staging were visually superimposed and compared with the

‘gold standard’ of PSG, as shown in two examples in Figure 3. Due to

the similarity of the hypnograms, the rhythmic and morphological charac-

teristics of the EEG signals obtained with the three methods were ana-

lysed in detail by superimposing synchronised 30-s epochs, regarding

wakefulness (Figure 4) and N1 + N2 + N3 + REM sleep (Figure 5).

3.2.2 | Statistical correlations (healthy individuals)

We investigated the correlations between minutes of TRT, TST, SE

and SL using three different data collection methods. As already men-

tioned, this included a single-channel in-ear EEG and two bipolar

channels with cephalic reference (ET) as well as ACT, each of which

was compared with the ‘gold standard’ of PSG. In TRT, all methods

showed globally strong positive correlations with PSG. ACT, on the

other hand, showed a relatively weaker correlation (r[12] = 0.14,

p = 0.637), suggesting that the TRT is less accurately represented

than with the above-mentioned methods. As for the TST, each

method again showed significant positive correlations with the PSG.

ET stood out with a strong correlation (r[12] = 0.98, p < 0.001),

underlining its effectiveness in capturing sleep time. ELR also showed

a high correlation (r[12] = 0.92, p < 0.001), while the correlation of

ACT was comparatively weaker (r[12] = 0.81, p < 0.001). In the evalu-

ation of SE, ET again showed a robust correlation with PSG (r[12]

= 0.96, p < 0.001), which is in close agreement with the efficiency

measurements of PSG. ELR was also highly correlated (r[12] = 0.82,

p < 0.001), but ACT fell behind with a lower correlation (r[12] = 0.57,

p < 0.001). For SL, the ET method was most congruent with the PSG

(r[12] = 0.97, p < 0.001), which effectively measures time to sleep.

ELR also showed a high correlation (r[12] = 0.96, p < 0.001), but the

accuracy of ACT was relatively lower (r[12] = 0.83, p < 0.001).

We further investigated the correlations for different sleep

stages—N1, N2, N3 and REM—but now only with ELR and ET, all

F IGURE 3 Examples of two healthy individuals’ all-night hypnograms using the three methods. ELR, in-ear electroencephalography (EEG) in
the left ear as active electrode and in-ear EEG in the right ear as reference electrode; ET, two bipolar channels, in which each in-ear electrode
serves as active electrode with the corresponding contralateral temporal cephalic electrode as reference; N1, non-rapid eye movement (NREM)
N1 sleep; N2, NREM N2 sleep; N3, NREM N3 sleep; PSG, polysomnography (complete arrangement of 10/20 IS electrodes; R, rapid eye
movement sleep; W, wakefulness.
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compared to the ‘gold standard’ of PSG. For the N1 sleep stage, the

ET method showed a significant correlation with PSG (r[12] = 0.80,

p = 0.001), and the ELR method showed an even stronger correlation

(r[12] = 0.87, p < 0.001). During the N2 sleep stage, ET exhibited a

very strong correlation with PSG (r[12] = 0.94, p < 0.001), while the

ELR method also showed a solid correlation (r[12] = 0.83, p < 0.001),

indicating its reliability in measuring deeper sleep. In the N3 sleep

stage, often referred to as deep or slow-wave sleep, the ET method

again showed an impressive correlation with PSG (r[12] = 0.95,

p < 0.001), while the ELR method also showed a strong correlation (r

[12] = 0.81, p < 0.001), confirming its effectiveness in capturing deep

sleep stages. Finally, in REM sleep, the ET method maintained a high

degree of agreement with the PSG (r[12] = 0.94, p < 0.001), and the

ELR method was also highly correlated (r[12] = 0.91, p < 0.001), dem-

onstrating its usefulness in capturing REM sleep. Overall, these results

across all sleep stages emphasise that both the ET and ELR methods

are highly effective in detecting sleep stages and consistently show

strong correlations with PSG. These methods therefore have signifi-

cant potential for accurate monitoring and analysis of sleep stages.

3.2.3 | Statistical correlations (patient group)

Following the promising results, we wanted to infer whether the

demonstrated performance of the in-ear EEG sensor could also be

observed in a clinical context by analysing a group of patients with

a formal indication for PSG on medical prescription. Therefore, we

replicated the methodology and recorded the brain electrical activ-

ity signal throughout the night with ELR and ET simultaneously

with the PSG. Focusing now on the patient group from our study,

we examined the TRT and found that both the ET and the ELR

showed a high level of agreement. The results for the TST were

similarly encouraging for both methods. In particular, ELR showed

a robust correlation (r[12] = 0.99, p < 0.001), underlining its effi-

cacy in measuring sleep duration. The ET method also exhibited a

high correlation (r[12] = 0.97, p < 0.001), which highlights its reli-

ability in the patient group. In the assessment of SE, the ELR

method again agreed closely with the PSG and showed a strong

correlation (r[12] = 0.99, p < 0.001). This is an indication that the

method accurately reflects the efficiency values determined with

the PSG. The ET method also showed a high correlation (r[12]

= 0.96, p < 0.001), which further confirms the effectiveness of

these in-ear EEG methods. For SL, the ELR method continued to

show high agreement with PSG (r[12] = 0.97, p < 0.001), effec-

tively capturing the time of falling asleep. The ET method was not

far behind and also showed a significant correlation (r[12] = 0.96,

p < 0.001).

For the N1 sleep stage within the patient group, the ET

method revealed a significant correlation with the PSG (r[12]

= 0.84, p = 0.001). However, the ELR method showed a lower

F IGURE 4 Wakefulness (WK) with the three methods in a healthy individual. The 30-s epoch of the ‘gold standard’ polysomnography with a
complete array of 10/20 IS, synchronised with ELR (Ear_L – Ear_D) and ET (Ear_L – T4 / Ear_R – T3). ECG, electrocardiography; ELR, in-ear
electroencephalography (EEG) in the left ear as active electrode and in-ear EEG in the right ear as reference electrode; ET, two bipolar channels,
in which each in-ear electrode serves as active electrode with the corresponding contralateral temporal cephalic electrode as reference.
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correlation (r[12] = 0.60, p = 0.023), indicating a difference in the

effectiveness of these methods in identifying the N1 sleep stage in

patients. In the N2 sleep stage, ET showed a very high correlation

with PSG (r[12] = 0.94, p < 0.001), and the ELR method also

showed a similarly strong correlation (r[12] = 0.93, p < 0.001). This

indicates that both methods are very reliable in detecting deeper

sleep stages in the patient group. During the N3 sleep stage, which

is known for deep or slow-wave sleep, the ET method maintained

an impressive correlation with PSG (r[12] = 0.93, p < 0.001). The

ELR method also exhibited a robust correlation (r[12] = 0.88,

p < 0.001), highlighting its effectiveness in detecting deep sleep

stages in patients. Finally, for the REM sleep stage, the ET method

showed extremely high agreement with the PSG (r[12] = 0.97,

p < 0.001). The ELR method was not far behind and showed a

strong correlation (r[12] = 0.96, p < 0.001), underlining the useful-

ness of these methods in detecting REM sleep in patients. Overall,

these results suggest that both the ET and ELR methods are highly

effective in detecting sleep stages in this sample, highlighting their

potential utility for accurately monitoring and analysing sleep

stages in clinical populations. Table 2 shows the direct comparison

of correlations between the healthy individuals and the group of

patients in relation to the eight variables measured by the different

methods.

3.3 | Sleep stage detection and duration by the
human expert (healthy individuals and patient group)

As previously mentioned, Bland–Altman plots were used to assess the

agreement between PSG and three different measurement methods:

ET, ELR and ACT across different sleep metrics. Each plot included

the mean difference and limits of agreement (1.96 SD) to highlight the

agreement between methods. For this understanding, it is important

to clarify that the data colour points used represent the different

methods of recording the EEG signal. In particular, they illustrate indi-

vidual measurements of each sleep metric within the same patient

recording and therefore do not correspond to each participant. For

TRT, the mean difference between PSG and ET was small, indicating

good agreement. The limits of agreement were within acceptable

ranges, indicating slender bias. The comparisons between PSG and

ELR and between PSG and ACT also showed mean differences close

to zero with narrow limits of agreement, indicating strong agreement

between the methods. In the case of TST, the mean differences

between PSG and the other methods (ET, ELR, ACT) were also

extremely acceptable. The Bland–Altman plots showed that the limits

of agreement were relatively close, confirming the consistency of

these methods in measuring TST. For SL, the mean differences

between PSG and ET, ELR and ACT were small, with limits of

F IGURE 5 Sleep stages N1, N2, N3 and rapid eye movement (REM) sleep with the three methods in a healthy individual. The 30-s epoch of
the ‘gold standard’ polysomnography with a complete array of the international 10/20 system, synchronised with ELR (Ear_L – Ear_D) and ET
(Ear_L – T4 / Ear_R – T3). ECG, electrocardiography; ELR, in-ear electroencephalography (EEG) in the left ear as active electrode and in-ear EEG
in the right ear as reference electrode; ET, two bipolar channels, in which each in-ear electrode serves as active electrode with the corresponding
contralateral temporal cephalic electrode as reference; N1, non-REM (NREM) N1 sleep; N2, NREM N2 sleep; N3, NREM N3 sleep; REM: REM
sleep.
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agreement indicating reasonable consistency between methods. The

graphs showed a slight deviation in agreement for ACT, but this

remained within a satisfactory range. Comparisons of SE showed very

close mean differences between PSG and ET, ELR and ACT, with

limits of agreement indicating high consistency across methods, as

illustrated in Figure 6.

For the N1 sleep stage, the mean differences between PSG and

ET and PSG and ELR were minimum. The limits of agreement were

slightly wider than for the other metrics, but still within acceptable

limits, indicating a reasonable level of agreement. In the N2 sleep

phase, the Bland–Altman plots revealed small mean differences

between PSG and ET and PSG and ELR even narrow limits of agree-

ment. For sleep stage N3, the comparisons between PSG and ET as

well as PSG and ELR showed minimal mean differences and narrow

limits of agreement, suggesting high consistency between these mea-

surement methods. REM sleep comparisons showed small mean dif-

ferences between PSG and ET as well as PSG and ELR with narrow

limits of agreement, i.e., high reliability between these methods. The

comparison between PSG and ACT also showed good agreement,

albeit with slightly wider limits of agreement. The Bland–Altman plots

(Figure 7) showed that all methods provided comparable measure-

ments of REM latency, with acceptable limits of agreement and bias.

The time spent awake and in the different sleep stages is of course

not part of the ACT data, as it does not encompass EEG signal, and

was therefore not included. Overall, these sensor data show no

obvious outliers or large deviations in our sample, which, even if rare,

could be a major drawback in the validation of a new method

intended for single-case diagnosis (Figure 8).

3.4 | Epoch-by-epoch analysis with automatic
sleep staging algorithm (patient group)

The analysis comparing automatic sleep staging methods (ELR_aut,

ET_aut, and PSG_aut) to the ‘gold standard’ manual sleep staging

(PSG_man) reveals several key insights. All automatic methods exhibit

a slight systematic bias when compared to PSG_man, with each

method measuring slightly higher or lower. Despite this bias, most

data points fall within the 95% limits of agreement, indicating accept-

able overall agreement with PSG_man. PSG_aut shows strong overall

agreement with PSG_man, with a narrow variation band indicating

high precision. ET_aut and ELR_aut also show small systematic biases

and good precision, suggesting accurate and dependable

measurements.

The analysis of the mean absolute error (MAE) and root mean

squared error (RMSE), which are widely recognised as robust metrics

for evaluating model performance (Hodson, 2022), confirms these

results. PSG_aut exhibits the lowest errors (MAE: 0.21, RMSE: 0.57),

indicating superior accuracy and reliability compared to the other

methods. In contrast, both ELR_aut and ET_aut have slightly higher

TABLE 2 Correlation values between
the methods used in each group
compared to the ‘gold standard’
(polysomnography) across four sleep
metrics and four sleep stages. Please
note that higher correlation values per
variable, per method, per group are
in bold.

Variable Method Healthy individuals (n = 14) Patient group (n = 14)

TRT ET 1.00 1.00

ELR 1.00 1.00

ACT 0.14 n/a

TST ET 0.98 0.97

ELR 0.92 0.99

ACT 0.81 n/a

SL ET 0.97 0.95

ELR 0.96 0.97

ACT 0.83 n/a

SE ET 0.96 0.96

ELR 0.82 0.99

ACT 0.57 n/a

N1 ET 0.80 0.84

ELR 0.87 0.60

N2 ET 0.94 0.94

ELR 0.83 0.93

N3 ET 0.95 0.93

ELR 0.81 0.88

REM ET 0.94 0.97

ELR 0.91 0.96

Abbreviations: ACT, actigraphy; ELR, single-channel in-ear electroencephalography; ET, two bipolar

channels with contralateral temporal cephalic reference; n/a, not available; REM, rapid eye movement;

SL, sleep latency; SE, sleep efficiency; TRT, total recording time; TST, total sleep time.
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but still minimal error values (MAE: 0.23, RMSE: 0.59 and 0.59 respec-

tively), emphasising their strong overall performance. However, these

small deviations indicate that PSG_aut provides slightly better agree-

ment with the ‘gold standard’ and is therefore the most accurate of

the three methods.

The confusion matrices reveal that certain sleep stages, such as

N1, are more prone to misclassification and are often misclassified as

W or N2, leading to certain sleep stages being over- or underesti-

mated. ELR_aut, ET_aut, and PSG_aut all show similar patterns of mis-

classification, though PSG_aut performs better overall. For example,

W stages are often confused with N1 and N2, while N1 stages are fre-

quently misclassified as W and N2. Despite these misclassifications,

the sensitivity and specificity values indicate that all methods perform

well, with slight variations in their accuracy.

Kappa scores quantify the agreement between each method

and PSG_man, with values ranging from 0.74 to 0.76, indicating

very strong agreement. These scores support the findings from the

Bland–Altman plots and confusion matrices, reinforcing the high

levels of agreement with the manual expert. The automatic sleep

staging algorithm shows consistent performance across ELR, ET,

and PSG signals, with similar biases and misclassification patterns

observed across methods. While PSG_aut performs slightly better

with regard to the kappa values, the differences in MAE and RMSE

are not statistically significant (MAE p = 0.40; RMSE p = 0.35).

The comparable consistency of the deviations for all three

methods indicates that the automatic analyses process the signals

in a very similar way. This close agreement with the ‘gold stan-

dard’ of PSG for all methods reflects the high reliability of the

F IGURE 6 Bland–Altman plots for the sleep metrics classification. Each point represents the difference between the measurement methods
plotted against their average value. The grey dashed line indicates the mean difference (bias) between the methods and thus shows whether one
method tends to over- or underestimate compared to the other. The red dashed lines are the limits of agreement (mean difference ± 1.96
standard deviation), indicating the range within which 95% of the differences between the methods are likely to lay. ACT, actigraphy; ELR, one
bipolar channel (left in-ear sensor referenced to right in-ear sensor); ET, two bipolar channels (left in-ear sensor referenced to T4 electrode and
right in-ear sensor referenced to T3 electrode); PSG, polysomnography; SE, sleep efficiency (percentage of total time in bed actually spent asleep;
SL, sleep latency (duration of time between turning off the light [lights out] while the patient attempts to sleep, to the time when the patient

actually falls asleep); TRT, total recording time (total time during which the patient lies in bed with the recording device activated); TST, total sleep
time (total time scored during the total recording time).
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automatic scoring algorithm, with PSG_aut having a slight edge in

overall accuracy.

While PSG_aut shows slightly better performance, all three

methods (ELR_aut, ET_aut, PSG_aut) are reliable and exhibit high

levels of agreement with the manual sleep staging. The consistent per-

formance across methods highlights areas for further improvement to

increase the accuracy of sleep staging algorithms.

4 | DISCUSSION

Our comparative analysis of sleep parameterisation and staging of

two configurations of in-ear EEG electrodes outperformed ACT in all

assessed sleep metrics and showed robust correlation with PSG, so

we investigated their applicability in clinical patients with formal indi-

cations for sleep assessment. Informal feedback from the participants

revealed that this custom-made sensor had little to no negative

impact on their sleep, as reported also in another study with a similar

sample size (Mikkelsen, Tabar, et al., 2019). Some subjects even

reported that the diminished auditory sensitivity/acoustics (albeit sub-

jective) aided sleep function; hence, this acceptability is very attractive

for future applications. Of course, if the aim is clinical validation,

which is mainly concerned with co-registration of different methods,

the degree of agreement expected between the chosen ‘gold stan-

dard’ and the new method to be tested must of course be deter-

mined. It must also be discussed what values, metrics or statistical

results are indeed sufficient for the validation to be considered suc-

cessful. In our opinion, regarding correlations (Hung et al., 2017),

F IGURE 7 Bland–Altman plots for the sleep stage classification. Each point represents the difference between the measurement methods
plotted against their average value. The grey dashed line indicates the mean difference (bias) between the methods and thus shows whether one
method tends to over- or underestimate compared to the other. The red dashed lines are the limits of agreement (mean difference ± 1.96
standard deviations), indicating the range within which 95% of the differences between the methods are likely to lay. ACT, actigraphy; ELR, one

bipolar channel (left in-ear sensor referenced to right in-ear sensor); ET, two bipolar channels (left in-ear sensor referenced to T4 electrode and
right in-ear sensor referenced to T3 electrode); N1, non-rapid eye movement (NREM) N1 sleep; N2, NREM N2 sleep; N3, NREM N3 sleep; PSG,
polysomnography; REM, rapid eye movement sleep.
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values >0.80 are generally considered strong, representing a high level

of agreement between methods. For the Bland–Altman plot analysis

(Do�gan, 2018), the difference between the methods should be within

±1.96 SD of the mean difference for most data points to present con-

sistent results. The level of agreement between the in-ear EEG sensor

and the ‘gold standard’ of PSG should be >0.70, ideally >0.81, for the

Cohen's kappa coefficient (Cohen, 1960a, 1960b; Vanacore &

Pellegrino, 2022) to ensure successful validation. Mikkelsen, Tabar,

et al. (2019, 2022) agree with this view as they point out that for most

home recording scenarios, a kappa value of 0.73–0.76 is sufficient –

0.74 to 0.76 in our study. This means that for a simple electrode setup

like ours with single-channel recordings (ELR) or two bilateral bipolar

channels with contracephalic reference (M2-left in-ear and/or

M1-right in-ear as in their study), in our study ET, this new method is

reliable for clinical and research applications. When we analyse the

correlations, as shown in Table 2, all variables of the different

methods (except ACT) show a correlation value of >0.80, which indi-

cates a high level of agreement. In all the enrolled subjects (healthy

individuals and patient group), the Bland–Altman plots show that the

ET, ELR and ACT methods have high agreement with the ‘gold stan-

dard’ PSG measures on several sleep metrics, with minimal bias, and

acceptable limits of agreement. These results demonstrate the reliabil-

ity of these alternative methods for assessing sleep parameters com-

pared to the ‘gold standard’ of PSG. The overall mean agreement

across all comparisons revealed a mean difference (bias) of �1.87,

indicating that most comparisons had a high level of agreement with

minimal bias, but this particular comparison had the greatest variabil-

ity despite having a zero-mean difference, likely due to highly consis-

tent measurements. The analytical measures further support the

reliability of these alternative methods for assessing sleep parameters

compared to the ‘gold standard’ of PSG. Additional processing was

performed specifically for the subgroup of patients, namely the use of

an automatic sleep staging algorithm in all datasets and electrode con-

figurations with the aim of a 30-s epoch-wise concordance – using

Cohen's kappa – with the ‘gold standard’ of PSG. The application of

the algorithm in this subset of consecutive patients referred to a Level

1 medical PSG was used to thoroughly analyse the performance of

the in-ear sensor under pathological conditions and in theoretically

less cooperative patients due to behaviour or comorbidities affecting

the quality of signal acquisition. In our opinion, the results show the

notional worst-case scenario and supplement the literature on this

topic with non-normative data (i.e., from healthy populations), as has

already been published several times. The confusion matrices and the

corresponding kappa values of the three datasets (PSG, ELR and ET)

processed by the automatic sleep stage algorithm yielded values

between 0.74 and 0.76, which were plotted against our chosen

ground truth – PSG_man, indicating a very strong agreement. Never-

theless, it is very important and of course has potential clinical impli-

cations that the NREM sleep stage N1 is most often misinterpreted

towards W or N2, with sensitivities reaching around 60% for all three

F IGURE 8 Confusion matrices of the epoch-wise concordance comparisons of the different methods using a manual human expert and an
automatic algorithm to classify sleep stages. The classes are: W (wakefulness), REM (rapid eye movement sleep), N1 (non-REM [NREM] N1sleep),
N2 (NREM N2 sleep), N3 (NREM N3 sleep). The numbers indicate how many 30-s epochs were classified with this combination of scores. The
‘%’ indicates the percentage of epochs relative to the total number of epochs. Numbers in the different shades of blue diagonal grades
agreement. Sensitivity, or the true positive rate (recall), is calculated as true positives/(true positives + false negatives). Specificity, or the true
negative rate, is calculated as true negatives/(true negatives + false positives). These metrics are indicated for each class per method. The global
kappa scores, averaged across all patients and for each confusion matrix, are as follows: ELR: 0.74, ET: 0.74, PSG: 0.76. ELR, one bipolar channel
(left in-ear sensor referenced to right in-ear sensor); ET, two bipolar channels (left in-ear sensor referenced to T4 electrode and right in-ear sensor
referenced to T3 electrode); PSG, polysomnography.
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methods, while the higher sensitivities were achieved for the identifi-

cation of N2 and REM sleep. The good performance of in-ear EEG

electrodes has been extended to the clinical group beyond the healthy

populations usually addressed, opening promising perspectives for

use in the field of neurophysiological assessment of sleep disorders.

4.1 | In-ear EEG validation in healthy individuals

Both of the in-ear EEG electrode configurations showed strong pre-

dictive abilities for different sleep parameters. In the healthy individ-

uals, the ET method consistently showed determination coefficients

around or above 0.90. In contrast, we found that ACT performed

poorly in healthy, collaborative patients. Consequently, it was not

meaningful to transfer the ACT method to clinical patients, as both in-

ear EEG methods correlated better with the ‘gold standard’ of PSG in

all sleep metrics, as also addressed recently (Mikkelsen et al., 2017).

Looney et al. (2016) in a preliminary study achieved an average accu-

racy of 0.83 and 0.84 (in four healthy individuals during 360 epochs

of 30 s of recording) for discriminating between NREM sleep and

wakefulness (Scenario 1) and between N2/N3 and wakefulness/N1

(Scenario 2), respectively. These results stress out the good perfor-

mance of ear-EEG devices such as our own, as we achieved an aver-

age correlation of 0.85 for the evaluation of four phases. Quite similar

results were obtained in other studies by Stochholm et al. (2016),

Nakamura et al. (2017), Jorgensen et al. (2020) and Kjaer et al. (2022),

although the first study used a single subject as a sample and had the

limitation that the ear-EEG recordings were unilateral and referenced

to one electrode in the same ear, while the scalp electrodes refer-

enced to the opposite side. Therefore, it was postulated that a better

comparison of sleep stages using scalp EEG and in-ear EEG would be

of great benefit it would be advantageous if further tests (with larger

samples) were carried out in which the in-ear EEG recordings were

not only referenced to the scalp, but also to the opposite ear. These

and other considerations were taken into account when planning and

conducting our study. Zibrandtsen et al. (2016) compared the signals

from in-ear EEG and scalp EEG during different sleep stages. Two

experienced sleep scorers were recruited to analyse both signals. The

reported results showed that the two methods were in 90.9% agree-

ment and had similar characteristics. Nakamura et al. (2017) compared

an automatic classification algorithm between scalp and in-ear EEG

recordings in four subjects and obtained an accuracy of 76.8% and a

kappa of 0.65 in the classification of W, N1, N2 and N3, which

according to the interpretation of Cohen's kappa represents a sub-

stantial agreement. Mikkelsen, Tabar, et al. (2019) also performed a

direct comparison of the performance of an automatic sleep classifica-

tion algorithm on scalp EEG and in-ear EEG datasets using 80 PSG

and obtained similar results, in particular an average Cohen's kappa of

0.81 for classification into five stages. Tabar et al. (2021), obtained a

kappa and an accuracy of 0.72 and 80% using 80 PSG recordings with

TST, SL and SE values using in-ear EEG of 381.6 min

(PSG = 386.9 min), 9.41 min (PSG = 10.79 min) and 81.1%

(PSG = 82.1%), respectively. One study (Kjaer et al., 2022) found

good performance with high accuracy and precision between scorers

and the automated sleep assessment for the sleep metrics TST, SL

and SE and poor performance with high accuracy and low precision

between scorers and the automated sleep assessment for REM

latency and the REM fraction of sleep. These aspects emphasise the

continued importance of manually scored PSG for sleep assessment.

Against this background, Tabar et al. (2023) compared automatic sleep

evaluation based on in-ear EEG with PSG-based sleep evaluation by a

professionally trained sleep scorer. Cohen's kappa was used to assess

the agreement between the manual and automatic sleep evaluation,

resulting in an average kappa value of 0.71. Our study provides prom-

ising visual and statistical correlations for each variable, in line with

the literature described above. This suggests that the designed sensor

and configuration used are reliable and fully capable of capturing the

essential EEG data for correct sleep classification. Nevertheless, there

was little difference between the studies in which the sleep classifica-

tion results were categorised as either automatic or manual. This sug-

gests that there is probably little scope for increasing accuracy within

the same framework. Furthermore, we are convinced that the

improvement, if any, is not necessarily clinically meaningful.

4.2 | In-ear EEG in clinical patients

It is known that the PSGs of healthy individuals are easier to read and

analyse than those of patients with sleep disorders. When methods

are used to diagnose and classify diseases, it is important that they

are validated on relevant populations. Our extension of the methodol-

ogy to patients was therefore primarily motivated by two main pre-

mises: (i) the promising results and thus the efficiency of the in-ear

EEG technique in sleep classification in the group of healthy individ-

uals; (ii) the smaller number of scientific publications with a sample

that did not consist of healthy individuals (Jorgensen et al., 2020). We

had hoped that the results seen in our healthy volunteers would be

equally robust and comparable to the ‘gold standard’ of PSG, which

would open the door for the use of this technique in a clinical context.

With this in mind, and considering the heterogeneity of the clinical

indication of the patients who underwent PSG (OSA for seven and

seven different reasons; Table 1), the ELR method was characterised

by perfect performance for TRT (alongside ET), near perfect results

for TST and SE, and exceptional predictive accuracy for SL. When we

analyse the ability to detect sleep stages, the scenario reverses,

i.e., ET performs better than single-channel in-ear EEG (ELR) in all four

stages (N1–0.70 versus 0.36; N2–0.88 versus 0.87; N3–0.86 versus

0.78; REM – 0.94 versus 0.92). Thus, the cited studies and other

investigations (Alqurashi et al., 2018; Mikkelsen, Kappel, et al., 2019;

Mikkelsen, Phan, et al., 2022; Nakamura et al., 2020) have demon-

strated the usefulness of in-ear EEG for sleep detection in healthy

subjects, with not too different results. In relation to epoch-by-epoch

agreement and the use of the automatic sleep staging software illus-

trated by the confusion matrices, it became clear that the identified

biases associated with the algorithm could affect the accuracy of sleep

stage distribution reports and influence clinical decision-making when
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used in the clinical setting. Accurate classification of sleep stages is

crucial for the diagnosis of sleep disorders, and misclassification may

lead to misdiagnosis or incorrect assessment of sleep quality. In sleep

research, the accuracy of data is of paramount importance, and bias

can distort study results and affect the reliability of research findings

and subsequent recommendations. Understanding bias can help

improve the algorithms used in these devices. Addressing the ten-

dency to misclassify N1 stages (sensitivity �0.60 for each of the three

methods, although specificity is 0.95) may improve the overall accu-

racy of sleep staging. To mitigate the effects of bias, the algorithms

can be refined to better differentiate between similar stages such as

N1 and N2. This distinction requires the identification of sleep spin-

dles and/or K-complexes, which in-ear EEG has already been shown

to be able to do (Mikkelsen, Kappel, et al., 2019; Pazuelo et al., 2024;

Zibrandtsen et al., 2017). Nevertheless, a recognised lower spatial res-

olution, as well as an unfavourable signal-to-noise ratio, could impair

the ability of this sensor to detect sleep spindles, even if it is a spa-

tially circumscribed phenomenon (Andrillon et al., 2011). Increasing

the amount and variety of training data may help the methods to learn

more accurate classifications. Likewise, using rigorous cross-validation

techniques can ensure that the models generalise well across different

datasets and populations. While PSG_aut, ET_aut and ELR_aut per-

form well overall, the presence of bias, particularly in the classification

of N1, indicates areas in need of improvement, which is corroborated

by other studies (Jorgensen et al., 2020; Looney et al., 2016;

Mikkelsen et al., 2017). Eliminating these biases is critical to improving

the accuracy and reliability of sleep stage classification, thereby

improving both clinical outcomes and research validity. As the method

of sleep classification has traditionally been based on systematic sleep

classification and absolute amplitudes and frequencies, one must

argue and probably agree that it is an inaccurate process. This may

explain why sleep experts do not achieve agreement >0.85 on

Cohen's kappa (Rosenberg & Van Hout, 2013). Nonetheless, kappa

values in patients with OSA were 0.82 for the ET and ELR methods,

while they reached 0.84 for the PSG, which certainly encourages its

use in this particular pathological population. Overall, both in-ear EEG

methods (ET and ELR) show remarkable potential as reliable tools for

sleep monitoring and can consequently produce all-night sleep hypno-

grams similar to those of PSG, with the statistically recognised addi-

tional capabilities of the two bipolar channels underlining the need for

a cephalic contralateral reference for optimal prediction accuracy,

regardless of its unknown clinical implications.

4.3 | Potential benefits of in-ear EEG for sleep
disorders

The techniques used should also be applicable to non-textbook

sleep phenotypes, where the structure, timing and external charac-

teristics of individual sleep may either be masked by disease-

related artefacts or where the sleep EEG itself and the physiologi-

cal characteristics of the different phases may be radically altered

by the patient's condition. The results to date show that in-ear

EEG with cephalic reference is a method that can be used to reli-

ably classify sleep in sleep disorders. The overall results are com-

parable to those obtained with the ‘gold standard’ method PSG,

but with much simpler tools and better tolerability. This opens up

the possibility of wider application of quantitative sleep staging in

the clinical realm where the use of standard PSG is not an option,

whether due to significant cost, poor availability or significant

sleep disturbance (e.g., insomnia). Given its current performance

and general design, we believe that in-ear EEG can make a valu-

able contribution to the treatment and diagnosis of sleep disorders

where the amount, timing or type of sleep is of interest, such as

narcolepsy, sleep-related breathing disorders, insomnia or idio-

pathic hypersomnia. Despite the potential for the use of simplified

recording methods, the extraction of robust metrics, as we

obtained in the present study, requires a high level of expertise for

the visual staging process. Whether the verification process can

also be simplified has not yet been investigated and remains to be

explored.

5 | CONCLUSIONS

Overall, the in-ear EEG methods (ET and ELR) showed consistently

strong positive correlations with PSG for all sleep parameters in both

the healthy individuals and the patient group. These methods proved

to be particularly effective in accurately capturing TRT, TST, SE and

SL and often achieved near perfect correlation values. This high level

of agreement with PSG suggests that they are reliable tools for asses-

sing sleep in different contexts. In contrast, ACT, although useful,

showed comparatively weaker correlations, suggesting that although

widely used, it may not be as accurate as one might assume, especially

when compared to in-ear EEG methods. We have therefore confirmed

both visually and through extensive statistical testing, that this config-

uration of an active electrode in the external auditory canal in combi-

nation with a mid-temporal contralateral cephalic electrode captures

sufficient EEG information to allow accurate classification of sleep

stages. However, it is important to point out that a more detailed

analysis of the EEG signals was not performed, which prevents elec-

trophysiological validation of the in-ear EEG for the detection of vari-

ous features relevant to sleep EEG, such as delta power modulation

and/or sleep spindles. Nonetheless, in a real-world setting, this sensor

has shown the potential to be integrated into the extensively used

Level 3 PSG devices for home use, so that in addition to the conven-

tional limited recording of biosignals in sleep medicine, the most

important sleep metrics can also be documented in these devices with

a single-channel EEG. The recordings from the self-applied in-ear EEG

sensor (ELR) were slightly inferior to the contralateral EEG-referenced

(ET) recordings on the scalp for most of the variables tested. This

could pose a problem for the autonomous use of the in-ear EEG by

the patient. However, whether the lower reliability has clinical impli-

cations needs to be investigated in more comprehensive studies, pref-

erably with a multicentre design involving several observers and a

larger sample size.
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