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Purpose: Although polysomnography (PSG) is the gold standard for sleep evaluation, its use in children and adolescents is limited by 
poor compliance and the time-consuming setup required. For the first time in a paediatric population, this study tested the Sleep 
Profiler (SP), a self-applied ambulatory PSG device previously validated in adults.
Patients and Methods: Simultaneous standard PSG and SP recordings were acquired from hospitalized patients (n=14), aged 11 to 
15 years, and independently scored by two certified sleep medicine experts, blinded to patient identity. Epoch-by-epoch agreement 
between manually scored PSG, manually scored SP and automatically scored SP records was assessed using confusion matrices and 
Cohen’s kappa coefficient (κ), with PSG as the reference. Sleep macrostructure measures were compared using Bland–Altman 
analysis.
Results: Manual scoring of SP data (SP1) showed substantial agreement with standard PSG across all stages, particularly for REM 
(κ=0.83), wake (κ=0.83), and N3 (κ=0.82). By contrast, automatic scoring algorithms (AA1 and AA2) provided by the device 
performed markedly worse (κ always below 0.70). SP1 resulted particularly strong in stage discrimination (specificity over 96% for 
wake, N1, N3, REM, and 88% in N2), with a sensitivity above 84% in all stages, except N1, which was lower at 55%. Moreover, 
Bland–Altman plots showed minimal bias and good agreement for sleep macrostructure parameters. These findings were further 
supported by a robust interrater reliability between scorers (κ=0.82).
Conclusion: The SP represents a reliable tool for sleep monitoring even in contexts where low compliance and time-consuming 
setups may compromise the quality or feasibility of standard recordings, such as in paediatric populations. While automatic scoring 
requires further refinement, and relatively small sample size should be considered when interpreting the generalizability of the 
findings, its robust detection especially of REM and N3 sleep make it suitable for both clinical and research applications.
Keywords: wearable device, low-channel EEG, polysomnography, paediatric patients, automatic scoring

Introduction
Polysomnography (PSG) is the gold standard for assessing sleep continuity, architecture, and a wide range of sleep disorders. 
PSG setups can vary from comprehensive montages with 21 electroencephalography (EEG) electrodes for specific differential 
diagnoses (eg, epilepsy vs NREM parasomnias)1 to simplified configurations for routine sleep studies. According to the 
American Academy of Sleep Medicine (AASM) scoring manual,2 standard PSG for sleep staging requires the recording of 
EEG, electrooculography (EOG) to detect eye movements, and electromyography (EMG) to assess muscle tone. These signals 
are essential for identifying sleep stages, including REM and NREM sub-stages.

In recent decades, efforts have focused on simplifying PSG recordings. These advancements include enabling home-based 
exams3,4 and reducing the number of electrodes required.5,6 The development of portable sleep monitoring systems has made 
it possible to perform PSG recordings outside of sleep laboratories, without the continuous presence of technical and medical 
staff, thereby significantly reducing procedure-related costs. Moreover, the development of more sophisticated analysis 
software and increasingly efforts in biotechnology research has led to the possibility to collect neurophysiological data 
using devices with a lowered number of electrodes,7–9 mostly self-appliable, giving the possibility to collect reliable data via 
less time-consuming procedures, in which even the presence of professional technicians is not necessarily required. This 
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approach is particularly valuable in populations with limited compliance, such as the elderly, children, and patients with 
psychiatric or neurodevelopmental disorders.10,11

Sleep in paediatric patients with psychiatric or neurodevelopmental disorders is often characterized by increased 
fragmentation, altered REM patterns, and reduced sleep efficiency compared to healthy peers.12–14 These features, 
together with reduced compliance to conventional PSG setups, highlight the need for simplified, self-applied EEG 
systems that can reliably assess sleep architecture in this population.

In this study, we evaluated the reliability of a single-channel, self-applied EEG system Sleep Profiler™ (SP) for sleep 
staging in children and adolescents with psychiatric conditions, a population often characterized by limited compliance 
with conventional polysomnography. While the system has been previously validated in adults,15,16 to our knowledge no 
previous studies had addressed this before the present work in younger individuals. Our aims were to evaluate sleep 
macrostructure, determine epoch-by-epoch concordance with PSG, and assess inter-scorer reliability.

Materials and Methods
Subjects were recruited as part of a larger project concerning sleep disorders in patients hospitalised for an acute 
psychiatric condition in the Child Neuropsychiatry Unit of the Istituto Giannina Gaslini in Genoa, Italy. The study was 
approved by the regional ethics committee (542/2022 - DB id 12712) and conducted in accordance with the Declaration 
of Helsinki. Patients and their parents signed informed consent prior to the beginning of study.

Inclusion criteria were age between 11 and 16 years and admission to the neuropsychiatric unit for acute psychiatric 
symptoms, whereas exclusion criteria were the presence of factors limiting compliance (such as marked aggression or 
psychomotor agitation) or refusal to participate in the study. Subjects underwent an overnight sleep study with simultaneous 
recordings from a full PSG and the SP. The data were synchronized on an epoch-by-epoch basis and scored according to the 
AASM guidelines2 by a certified sleep technician (AI), who was blinded to patient identity. This scorer manually evaluated 
both the PSG and the SP recordings; the SP scoring from this rater is referred to as SP1 and was used for direct comparison 
with PSG. Agreement between the PSG and the SP scoring was assessed both at the epoch-by-epoch level and for aggregated 
sleep measures, with PSG serving as the reference standard. A certified sleep physician (MV) independently scored the SP 
recordings to assess inter-scorer reliability; this rater’s scoring is referred to as SP2.

Data Acquisition
Polysomnography
PSG was applied according to AASM guidelines,2 using Nox A1 PSG System (Nox Medical USA). Cup electrodes were 
placed following the 10–20 International System over the frontal (F3, F4), central (C3, C4) and occipital (O1, O2) areas, 
each one referenced to contralateral mastoids (M1, M2). Additional channels included ECG, EOG (E1, E2 both referred 
to M2), submental EMG, bilateral anterior tibialis EMG, nasal air pressure, pulse oximetry, and thoraco-abdominal 
plethysmography belts. Signals were sampled at 256 Hz and analogically filtered according to standard clinical settings 
(EEG and EOG 0.3–35 Hz; ECG 0.3–70 HZ; EMG 10–70 Hz; airflow, thoracal, and abdominal channels 0.1–15 Hz). 
Impedances were maintained below 5kΩ.

Sleep Profiler
Sleep Profiler™ X8 EEG Sleep Monitor (Advanced Brain Monitoring Inc., USA) was used for simultaneous reduced- 
channel recordings. The device is lightweight (71 g), small (7 cm × 4.5 cm × 1.75cm) and it is designed to be easily 
affixed to the forehead by the patient in few minutes, giving the possibility to manually start the acquisition. It includes 
three frontal EEG and two EMG/ECG self-adhesive electrodes, a pulse rate sensor, an acoustic microphone, and a triaxial 
accelerometer to detect head movements and position. The system records continuously for up to 24 hours with an 
internally rechargeable battery, and stores data on a memory card. For this study, one differential EEG (AF7–AF8) and 
two derived EOG channels (referenced to Fpz) were analysed. The EMG/ECG 2-pin connector was used to record 
submental EMG activity. Signals sampling rate was 256 Hz (0.1–67 Hz bandpass filter). The device automatically 
checked electrode contact quality and impedance through an interactive voice prompt at setup. The SP was positioned on 
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the forehead, aligning the central electrode with the nasion above the top of the eyebrows; the relative strip was used to 
affix the device in compliance with subject head dimensions.

Due to space limitations in chin area, we chose to obtain just one EMG channel from PSG to allow simultaneous chin 
recording from both PSG and SP. In fact, although standard procedures recommend two bipolar chin derivations, one of 
the inferior PSG electrodes is normally considered as a backup.2

Data Management and Preprocessing
To ensure temporal alignment between recordings, the “start time/end time” of SP and PSG were synchronized accordingly to 
the “light off/light on” times reported on subjects’ sleep diary, allowing analyses to be performed on the same time window. All 
recordings were de-identified before analysis in a blinded manner, and a file containing subjects’ information was stored on 
a separate server. To minimize scorer bias, both raters completed all analyses after recruitment ended, randomly selecting 
whether to begin with PSG or SP recordings.

Data Analysis
Each SP recording was first processed by the automatic staging algorithm and subsequently edited by the two scorers 
using the proprietary software interface.

The automatic algorithm (AA1) spectrally decomposed the EEG signal, computed descriptors of sleep macro- and 
microstructure, and assigned each 30-s epoch to one of four sleep stages or wake. When spectral characteristics 
overlapped across stages, a secondary label was added as alternative stage (AA2). To evaluate algorithm reliability the 
consistency of both the primary and the secondary automatic staging was considered.

SP manual scoring of the same recording was compared between scorers on an epoch-by-epoch basis per subject. Epochs 
in which it was challenging to assign a defined stage due to poor electrode adhesion, and with more than 50% signal loss, were 
marked as invalid (“INV”) and excluded from all comparisons.16,17 Epochs of major body movement preceded or followed by 
an unequivocal wake stage were classified as wake rather than discarded.2 When one epoch was assigned as invalid by the 
primary or the secondary scorer, it was deleted conjointly from all records considered for the comparison, to maintain the same 
number of epochs analysed. By contrast, epochs considered as invalid by the algorithms were counted in the statistical analysis 
to assess how well the algorithm tolerated challenging or noisy signals, compared to expert scorers. Recordings with more than 
20% invalid epochs were excluded from the overall analysis.

To evaluate automatic and manual SP scoring relative to PSG, epoch-by-epoch agreement was quantified using 
confusion matrices and Cohen’s kappa coefficient (κ), with PSG as the reference. Sensitivity, specificity, and accuracy 
were computed for each sleep stage. Bland–Altman analyses assessed the agreement between SP manual scoring and 
PSG for key sleep measures, including total sleep time (TST), sleep onset latency (SOL), sleep efficiency (SE), wake 
after sleep onset (WASO), sleep stage durations, and REM sleep latency.

Statistical analyses were performed in R (version 4.5.0). Categorical variables were expressed as absolute number and 
percentage, whereas continuous variables were expressed as mean and standard deviation.

Results
Seventeen subjects were recruited. Subsequently, 3 recordings were excluded from the analysis due to a percentage of 
invalid epochs greater than 20%. The final sample included 14 patients aged 11–15 years (mean age 13.4, SD 0.9), 
comprising 8 females and 6 males. The primary set of comparison was PSG vs SP1, where PSG record served as 
standard reference. Maintaining the PSG as a reference, a second comparison was performed between the PSG and the 
automatic SP scoring algorithms, both primary (AA1) and secondary (AA2). The last comparison was intended to 
evaluate interrater reliability considering SP1 vs SP2. The first macrostructural analysis was performed on a total of 
15197 epochs, from which 1.8% were manually discarded due to poor signal quality.

The performance of the three methods SP1, AA1, and AA2 in classifying sleep stages has been first evaluated using 
confusion matrices (Figure 1). Each matrix compares the predicted sleep stages with the reference scoring obtained from 
PSG. The evaluated stages include wake, N1, N2, N3, and REM sleep. Values along the diagonal represent correctly 
classified epochs, while off-diagonal values indicate misclassifications. SP1 (Figure 1a) demonstrated the best overall 
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performance, compared with the automatic algorithms provided by the device producers. SP1 correctly classified 80% of 
wake epochs, 84% of N2, 86% of N3, 90% of REM, and 50% of N1 epochs, using PSG as the reference. The primary 
automatic algorithm AA1 (Figure 1b) showed high classification concordance for wake (84%) and N3 stages (92%). 
However, it tended to misclassify a substantial portion of N1 epochs, with only 16% correctly identified as N1. Instead, 
35% of N1 epochs were incorrectly classified as wake, and 27% as REM. Similarly, the N2 stage was correctly identified 
40% of the time, with 44% being misclassified as N3. REM sleep was detected with 75% accuracy. The secondary 
automatic algorithm AA2 (Figure 1c) displayed similar trends, with comparable concordance for wake (84%) and N3 
(92%) stages. The classification of N1 epochs slightly worsened to 15%, with a significant proportion (30%) still 
misclassified as REM. N2 classification remained consistent at 44%, with 41% being confused with N3. REM detection 
decreased marginally to 72%.

Accuracy, specificity, sensitivity and Cohen’s kappa coefficient as indicators of agreement and reliability across each 
stage are presented for the three sets of comparison in Table 1 and plotted in Figure 2. The manual scoring analysis 
showed consistent accuracy across all phases (Figure 2a), with comparable values of AA1 and AA2 if wake, N1 and 
REM stages are considered. A relative decrease in N2 and N3 resulted from both approaches, markedly more pronounced 
with the automated scoring (~72% in N2 and ~79% in N3).

Figure 1 Confusion matrices illustrating the classification performance of (a) SP1 manual scoring, (b) AA1, and (c) AA2 in identifying different sleep stages (N1, N2, N3, and 
REM) and wake. All values are expressed as proportions (0–1), where 1 equals 100%. Rows represent the actual sleep stages scored by polysomnography (PSG), while the 
columns show the predicted stages by each algorithm. Higher values along the diagonal indicate the agreement between the predicted and actual stages, reflecting accurate 
classification. Off-diagonal values represent misclassifications. Color intensity corresponds to the number of samples classified in each category. Manual scoring with the SP 
showed strong agreement with PSG across all sleep stages, while automatic algorithms achieved high accuracy for N3 but markedly lower performance in distinguishing N1, 
N2, and REM stages. 
Abbreviations: N1, non-REM 1 sleep; N2, non-REM 2 sleep; N3, non-REM 3 sleep; W, wake; REM, REM sleep; SP1, Sleep Profiler manual scoring performed by scorer 1; 
AA1, Primary Automatic Algorithm; AA2, Secondary Automatic Algorithm; PSG, Polysomnography manual scoring performed by scorer 1.

Table 1 Accuracy, Specificity, Sensibility, and Cohen’s Kappa Coefficient Numerical Detail of 
Comparison Between SP1, AA1, and AA2 Across All Stages

Stage Accuracy Specificity Sensitivity κ

SP1 AA1 AA2 SP1 AA1 AA2 SP1 AA1 AA2 SP1 AA1 AA2

Wake 97.37 94.36 94.25 98.55 95.33 95.23 85.03 84.25 83.95 0.83 0.69 0.69

N1 96.59 94.45 94.54 98.24 97.53 97.69 54.93 16.40 14.81 0.53 0.16 0.14
N2 86.74 71.79 71.62 88.33 92.34 91.84 84.30 40.24 40.58 0.72 0.36 0.35

N3 92.38 79.04 78.88 96.08 73.10 72.89 84.56 91.65 91.57 0.82 0.57 0.57

REM 95.42 91.41 91.02 96.59 94.61 94.61 89.27 74.59 72.12 0.83 0.68 0.67

Abbreviations: N1, non-REM 1 sleep; N2, non-REM 2 sleep; N3, non-REM 3 sleep; REM, Rapid Eye Movement sleep; SP1, Sleep 
Profiler manual scoring performed by scorer 1; AA1, Primary Automatic Algorithm; AA2, Secondary Automatic Algorithm.
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Specificity for SP1 remained above 88% in all phases (Figure 2b). Sensitivity varied between phases, reaching its 
lowest value (55%) in N1 but remaining above 84% in the other stages (Figure 2c). SP1 was particularly strong in 
correctly identify wake (κ=0.83), N3 (κ=0.82) and REM (κ=0.83) stages (Figure 2d). In contrast, AA1 and AA2 showed 
lower performance, particularly in N1, where sensitivity dropped to approximately 15%, probably due to small N1 
representation in the dataset. Moreover, one of the intrinsic characteristics of the algorithm was to set sleep onset only 
after the occurrence of four consecutive non-wake epochs, meaning additional limitation in the identification of N1 
epochs. Indeed, although AA1 and AA2 maintained moderate accuracy and specificity in other phases, its Cohen’s kappa 
values (κ) ranged from ~0.2 in N1 to ~0.69 in REM and wake stages, indicating low to moderate agreement. Overall, SP1 
achieved the highest levels of concordance and performance metrics, as reflected by Cohen’s kappa values consistently 
above 0.6, suggesting substantial agreement.

The manual analysis of SP records resulted stably reproducible even between the primary (SP1) and secondary (SP2) 
scorer, with a concordance of 88.30% and κ coefficient 0.82 (data not shown), demonstrating strong interrater reliability.

Data of sleep measures and sleep stage durations are reported as a comparison between PSG and SP1 in Table 2 and 
graphically represented with Bland–Altman plots, Figure 3. In the case of SE, TST, WASO, and N2 sleep duration 
(respectively Figure 3i, f, h, and b), data were homoscedastic and LOAs (Limits of Agreement, grey solid lines) were 

Figure 2 Comparison of performance metrics (a) accuracy, (b) specificity, (c) sensitivity, and (d) Cohen’s kappa coefficient across sleep phases (W, N1, N2, N3, REM) for 
the three methods: SP1 (blue series), AA1 (Orange series) and AA2 (red series). Accuracy, specificity, and sensitivity are expressed as percentages, while Cohen’s kappa (κ) 
is reported as a proportion (0–1). SP1 shows consistently higher agreement and performance across all phases, particularly in stages W and REM. Both AA1 and AA2 
demonstrate lower sensitivity and agreement, notably in the N1 phase. 
Abbreviations: N1, non-REM 1 sleep; N2, non-REM 2 sleep; N3, non-REM 3 sleep; W, wake; REM, REM sleep; SP1, Sleep Profiler manual scoring performed by scorer 1; 
AA1, Primary Automatic Algorithm; AA2, Secondary Automatic Algorithm; κ, Cohen’s kappa coefficient.

Table 2 Comparison of Sleep Macrostructure Parameters Between PSG and SP1 Using Bland–Altman 
Analysis

Measure SP1 (mean ± SD) PSG (mean ± SD) Bias (mean ± SD) 95% CI of Bias

TST (min) 487.2 ± 38.9 487.3 ± 38.3 −0.11 ± 8.44 [−4.68, 3.86]
SE (%) 91.7 ± 5.9 91.7 ± 5.7 −0.02 ± 1.58 [−0.87, 0.71]

SOL (min) 21.5 ± 30.9 20.8 ± 30.9 0.68 ± 2.19 [−0.46, 1.71]

WASO (min) 26.6 ± 18.9 25.8 ± 19.3 0.82 ± 10.14 [−4.5, 5.89]
N1a (min) 21.6 ± 16.2 20.3 ± 10.4 1.29 ± 9.94 [−4.11, 6.07]

N2 (min) 216.5 ± 49.9 210.4 ± 42.5 6.11 ± 36.53 [−12.71, 24.36]

N3a (min) 160.6 ± 57.8 171.4 ± 58.6 −10.86 ± 30.72 [−25.96, 4.82]
REM (min) 92.8 ± 19.1 85.2 ± 18.2 7.54 ± 20.13 [−2.18, 18.18]

REM Latency (min) 110.2 ± 38.3 114.2 ± 38.7 −3.96 ± 6.93 [−7.11, −0.14]

Notes: Values are expressed as mean ± standard deviation (SD). The bias represents the mean difference between SP1 and PSG, 
with its 95% confidence interval (CI) indicating the precision of the estimate. Negative values indicate underestimation by SP1 
relative to PSG, while positive values indicate overestimation. a For N1 and N3, heteroscedasticity was detected, LOA were 
modeled using regression-based Bland–Altman analysis. 
Abbreviations: PSG, Polysomnography; SP1, Sleep Profiler manual scoring performed by scorer 1; TST, Total Sleep Time; SE, 
Sleep Efficiency; SOL, Sleep Onset Latency; WASO, Wake After Sleep Onset; N1, non-REM 1 sleep; N2, non-REM 2 sleep; N3, 
non-REM 3 sleep; REM, Rapid Eye Movement sleep.
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represented as parallel to the bias line (red solid line). The mean difference (bias) between the two methods was zero, 
indicating no systematic over- or under-estimation at the group level. SOL and REM sleep duration (Figure 3g and d) 
appeared to be slightly overestimated by the device (ie, bias was positive), despite confidence intervals (red dotted lines) 
still around zero. On the contrary, N3 sleep duration (Figure 3c) was underestimated by the device, even if for negligible 
values. In both N1 and N3 sleep duration (Figure 3a and c) heteroscedasticity was observed, with higher random error 
(ie, proportional LOAs) for higher PSG-derived measures, meaning that difference between the two methods increased 
proportionally to longer durations of the two stages. Figure 3e finally shows that SP1 slightly underestimated REM 

Figure 3 Bland–Altman plots graphical representation of (a) non-REM 1, (b) non-REM 2, (c) non-REM 3 and (d) REM sleep durations, (e) REM sleep onset latency, (f) Total 
Sleep Time, (g) Sleep Onset Latency, (h) Wake After Sleep Onset, (i) Sleep Efficiency. All data are expressed in minutes, except for SE which is a percentage. Differences 
between PSG and SP1 measures are plotted against the reference-derived (PSG) measures, considered as the size of measurement (SM). Red solid lines indicate bias, 
whereas grey solid lines indicate the 95% LOAs (Limits of Agreement, computed as bias ± 1.96 SD) of the differences, both with their 95% CIs (Confidence Intervals) dotted 
lines. Black dots indicate individual data points, and the density diagram on the right side of each plot illustrates the distribution of the differences. Plots are adjusted for the 
specific case of compliance with the assumptions for discrepancy analysis: constant bias over SM and homoscedasticity for all data except for N1 and N3 sleep duration 
(minutes), constant bias but heteroscedastic differences (N1 and N3 duration).
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latency (mean bias was approximately −5 minutes); most values fell within the 95% LOAs, suggesting good agreement 
between devices, though a few outliers indicated increased variability for subjects with longer REM latencies. Statistical 
reporting for Bland–Altman plots is described in detail in Table 2.

The hypnograms obtained from SP1 and PSG are graphically represented in Figure 4.

Discussion
In this study, we demonstrated that the SP, a self-applied, reduced-channel PSG device, can reliably estimate sleep stages 
in children and adolescents when scored manually. Manual scoring (SP1) showed strong agreement with standard PSG, 
especially for REM and N3 sleep, while automatic scoring algorithms underperformed, particularly in classifying N1 and 
N2. Few wearable, low-channel EEG devices have been considered for overnight studies in children,9,18,19 despite their 
potential usefulness in populations typically showing low compliance with standard PSG montages.20,21

We compared both the autoscored (AA1 and AA2) and the manually scored (SP1) data to PSG acquired in the same 
participants on the same nights. As immediately appreciable from the confusion matrices and the Cohen’s kappa 
coefficient (κ), SP1 performance appeared to be constantly preferable compared to software automatic staging. SP1 
was particularly strong in correctly identify REM stage (90% classification rate, κ=0.83), thanks to the additional use of 
the submental EMG activity channel, considered extremely reliable in detecting EMG activity even in more specific 
studies on this topic.22 With respect to REM sleep scoring, AA1 and AA2 showed a lower performance, respectively, 
75% (κ=0.68) and 72% (κ=0.66), probably due to the SP automatic staging principally based on the power spectrum of 
each stage’s frequency band.

Regarding stage N1, manual scoring showed a κ value of 0.53, while both automatic scoring methods obtained κ 
values below 0.2, indicating poor performance. This result should be interpreted with caution, as the small sample size 
and the low number of N1 epochs may have contributed to statistical instability. Moreover, N1 staging is inherently prone 

Figure 4 Subject by subject sleep architecture obtained from PSG recording and SP1. Sleep stages are colour coded for visual comparison across modalities and displayed as 
a function of the acquisition time. Time zero corresponds to the start of the recording. Phase transitions between sleep stages were highly consistent between PSG and SP1, 
indicating that manual scoring accurately captured overall sleep macrostructure. 
Abbreviations: SP1, Sleep Profiler manual scoring performed by scorer 1; PSG, Polysomnography manual scoring performed by scorer 1.
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to variability, since the transitions between wakefulness and N1 and between N1 and N2 involve rapid EEG changes that 
make classification more susceptible to subjective interpretation. Therefore, the lower κ values observed for N1 are likely 
related to these physiological and methodological factors rather than to device performance.

By contrast, AA1 and AA2 showed higher accuracy than SP1 in identifying N3 sleep (92% vs 86%). However, their 
ability to correctly classify N2 was lower, with 44% of epochs labelled as N3 by the algorithms actually scored as N2 in 
the PSG. In an overall evaluation, it is preferable to achieve consistently high accuracy across all sleep stages, as 
observed with SP1 (N2=86.7%, N3=92.4%), rather than unbalanced performance across stages, as exhibited by the 
algorithm. These confounding outcomes have been previously reported in literature, as a major cause of high interrater 
disagreement.23 The lower accuracy in N3 classification may partly reflect developmental aspects of sleep EEG, as 
during childhood and adolescence slow waves activity is not yet fully frontalized and tends to be more prominent over 
central regions.24 As the SP records from frontal derivations only, this may have led to an underestimation of N3 epochs 
compared to PSG. In addition, a visual context effect may influence scoring: when reviewing full-montage PSG, scorers 
are more likely to interpret synchronous slow waves across multiple channels as N3, while in a single-channel or limited- 
channel system, such waves may appear less prominent or convincing. This perceptual bias may further decrease the 
likelihood of N3 identification in reduced-channel devices.25,26 In order to bypass this latest possible limit to application, 
tools that objectively quantify slow wave activity across the night, such as power spectrum and spectral slope analyses,27 

could be used.
Considering the Bland–Altman analysis, the average bias in the estimation of the various stages of sleep remains in 

the order of a few minutes, which does not represent an obstacle in the clinical context. Overall, our findings indicate that 
manual scoring remains preferable when accurate sleep staging is required, even when using simplified or wearable EEG 
systems.

The agreement of SP1 about wake was higher compared to previous studies,15 showing good reliability in both 
sustained (SP1 accuracy 97.4%, κ=0.83) and short period of wake after sleep onset (WASO). Bland–Altman plot referred 
to sleep onset latency (SOL) showed bias close to zero suggesting minimal systematic error between methods and most 
data points within the 95% limits of agreement, indicating good agreement even at individual level.28 Comparing all 
methods is noteworthy that wake specificity was generally higher than sensitivity: this result could be explained by 
a common bias,29 that occurs even during complete PSG scoring, caused by a physiological overlap during drowsiness of 
elements belonging both to wake state and N1 sleep, as slow eyes movements, or due to a similarity of the wake alpha to 
theta in stage N1. Moreover, alpha rhythm, which is better represented over occipital areas, is unlikely to be recorded 
from SP, which records only from frontal derivations. Despite these mixed findings, minutes of TST and WASO, which 
are reliant upon the differentiation of wake from sleep, were not significantly different between PSG and SP1.

REM sleep onset latency resulted slightly underestimated by SP1, with mild differences on individual-level-based 
evaluation, but with a substantial agreement if a group-level estimation was considered. This could represent a limit, and 
therefore should be used with the due caution, of the device applications relative to specific clinical assessments in which 
a precise information about the time of REM sleep onset is needed, as in case of narcolepsy.30 On the contrary, data 
obtained from the EMG activity channel applied over the mylohyoid muscle were considered extremely reliable, which 
could represent a strong tool for further analysis about muscle atonia index appliable in this pathology.31

Recordings with more than 20% epochs of low signal quality, because of great movements artifacts or decreased 
adherence of the electrodes to skin surface, were excluded from the overall analysis (n=3): this threshold was considered 
a good compromise between the need to preserve sample size and statistical power of the analysis, and the need to ensure 
data quality, avoiding bias from recordings with extensive signal loss.32 This element highlighted a weak adherence 
capacity of the device during challenging recording conditions. A noteworthy element was that in following recordings 
executed with the same device without a simultaneous PSG montage, the successful recoding rate increased from 82.3% 
to 96.4% (data not shown), supporting the hypothesis that the montage necessary for the validation contributed to lower 
quality signals, probably due to the unwieldy components.

Another limit was that SP revealed to be quite poor in differentiating N1 from N2, with better performances if the 
analysis was manual (Coehn’s κ for N1 0.53 and for N2 0.72), extremely bad if relying on automatic staging (κ N1~0.15 
and κ N2~0.35). Concerning the automatic scoring rules, it is possible that the algorithm overestimated the quantity of 
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N1 stages assigning it necessarily after a wake period interfering with REM sleep, instead of judging that epoch as what 
it really was. Moreover, a noteworthy element is that the number of N1 epochs is low in the paediatric population, in 
comparison to adult macrostructure, being sleep more stable and sleep onset generally faster: the scarcity of N1 epochs in 
this sample likely led to a downward bias of the κ estimate and sensitivity measure.

As visually displayed on hypnograms, phase shifts (intended as the transition from one sleep stage to another, to 
a sleep stage to wake state and vice versa) resulted superimposable between PSG and SP1, meaning that, beside the 
comparable proportion of stages, also the overall macrostructure of sleep was well represented following a manual 
analysis. This aspect, together with a reliable TST evaluation, suggests the reliability of the device even in quantitative 
sleep disturbances description, such as hypersomnia, insomnia and misperception sleep disorder, conjointly with the use 
of the actigraphy monitoring.33

We finally proved substantial interrater reliability of the manually scored records (SP1 vs SP2), ensuring the validity 
of the primary scorer’s staging assessment.

Furthermore, given the technical characteristics of the SP, its convenience in terms of costs of material employed and 
time consumption (considering preparation of the equipment, patient hook-up, montage, and scoring) is remarkable 
compared to a standard PSG, even considering a minimum montage procedure.34

Based on these considerations, within the reduce size of the sample studied, we concluded that the SP represents 
a valid alternative to PSG for sleep evaluation, although more efforts would be made to enlarge data to a broader and 
younger participant sample, and to a higher number of epochs relative to sleep stages less represented in this dataset, such 
as N1.

Future studies should assess the device’s reliability across multiple consecutive nights to evaluate its performance in 
extended home-monitoring conditions. Moreover, a drastic improvement in the automatic scoring procedure could be 
achieved by introducing modern pattern-matching algorithms, including AI-based algorithms that could be trained on 
paediatric data.

Conclusions
We demonstrated the capability of the SP, an easily self-appliable low-cannel PSG device, to reliably estimate sleep 
architecture if compared with a standard complete PSG acquisition. While manual scoring makes it reliably applicable in 
the paediatric population, the device’s integrated automatic algorithm requires further improvements. Moreover, con
sidering the affordability of the SP in terms of costs and time consumption, and the possibility given by the device to 
obtain consecutive nights of sleep data in home environment, numerous perspectives could be opened for research 
designs, such as longitudinal home monitoring or screening in neurodevelopmental disorders, especially considering 
poorly compliant patients, as in case of a paediatric or psychiatric population, otherwise reluctant to a complete, 
awkward, PSG monitoring.

Although the autoscoring algorithm could be considered sufficient to a rough evaluation, having an overall acceptable 
specificity for all stages except N3, but high sensibility for it, we proved that manual editing was far more effective in 
terms of agreement across stages, particularly regarding REM and N3 sleep inspection.

Small sample size, a reduced amount of N1 epochs and signal quality issues represent considerable limits to 
generalization of this study and require a balanced interpretation of the results, considering the purpose of its clinical 
application case by case.

Given these results, further efforts would be made in extending the application of this device in younger cohorts of 
subjects, for instance neonates and infants. In this latest group, in whom the use of a large amount of electrodes for EEG 
monitoring could impact negatively due to excessive manipulation, the SP, possibly adapted to fit smaller head 
dimensions, would represent a precious tool for long-term monitoring. Moreover, given this case, active and quiet 
sleep could be detected based on not only visual inspection, but also on EEG quantitative and spectral power analysis.
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PSG, Polysomnography; SP, Sleep Profiler; EEG, electroencephalography; EOG, electrooculography; EMG, electro
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Algorithm; AA2, Secondary Automatic Algorithm; κ, Cohen’s kappa coefficient; TST, Total Sleep Time; SOL, Sleep 
Onset Latency; SE, Sleep Efficiency; WASO, Wake After Sleep Onset; REM, Rapid Eye Movement sleep; N1, non-REM 
1 sleep; N2, non-REM 2 sleep; N3, non-REM 3 sleep; W, wake; LOAs, Limits of Agreement; SM, Size of Measurement; 
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