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Abstract

Sleep monitoring and analysis are essential for understanding overall health, improving
sleep quality, and detecting potential disorders early. This study presents a multimodal
approach for automatic sleep staging and quality assessment using a reduced set of bio-
signals: a single electroencephalographic (EEG) lead (F4-F3), a single EOG lead, and the
photo-plethysmographic (PPG) signal. The proposed methodology includes a hierarchical
sleep staging classifier, an automatic sleep staging algorithm, and a subject-specific Sleep
Quality Index (SQI) for objective sleep quality assessment. The 5-class sleep staging clas-
sifier employs a cascaded architecture of two sequential 3-class models (Wake-REM-
NREM and N1-N2-N3), trained and tested on multimodal features derived from physio-
logical signals (EEG, EOG, and PPG) of the BOAS (Bitbrain Open Access Sleep) dataset.
The resulting 5-class classifier achieved 90.8% accuracy with a reduced memory footprint
(3.14 MB). To assess subject-independent generalization and prevent data leakage be-
tween training and test sets, a Leave-One-Subject-Out (LOSO) validation was performed,
confirming the robustness of the proposed classifier across unseen subjects. The classifier
was subsequently integrated into an automatic sleep staging algorithm. Validation on 14
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processing rules, while a Hidden Markov Model (HMM)-based approach further im-
proved performance, reaching a peak accuracy of 91.99%. The proposed SQI combines
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ration, intensity, and continuity-fragmentation). A calibration strategy was proposed to
customize the SQI based on sleep scoring parameters and the subjective quality score de-

rived from sleep diaries and questionnaires (PSQI). This subject-specific strategy was val-
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idated on a public dataset, optimizing weights across multiple nights, followed by an in-
dependent test on a subsequent night and demonstrating strong alignment between the
distributed under the terms and calculated SQI and the subjective sleep quality score (MAE = 10.81). Finally, the frame-
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1. Introduction

Sleep is a fundamental physiological function essential for maintaining cognitive per-
formance, physical health, and psychological well-being. Insufficient or poor-quality sleep
is associated with cognitive impairments, reduced decision-making abilities, and an in-
creased risk of cardiovascular diseases and mood disorders [1-3]. These issues become
even more critical in high-demand operational contexts, such as space missions [4,5].
However, traditional polysomnography presents significant limitations, including its
bulky, intrusive setup, the need for highly controlled environments, and its lack of suita-
bility for long-term continuous monitoring [6,7]. These constraints make it impractical for
space applications, where microgravity and operational constraints require compact and
non-invasive solutions [8]. In this context, the SOMNIIA MONITOR project, funded by
the Italian Space Agency (ASI), aims to develop a wearable system for continuous moni-
toring of sleep and other physiological parameters during space missions; specifically, a
sensorized sleep mask capable of detecting a set of signals useful for staging and assessing
sleep quality [9]. The sleep mask enables continuous, precise monitoring of biosignals and
physiological parameters and can perform automatic sleep staging. It is equipped with
multiple sensors for electroencephalographic (EEG) [10], electrocardiographic (ECG) sig-
nals [11], blood oxygen saturation (5pO2), and body temperature. In addition, two flexible
piezoelectric sensors [12] are used for eye movement monitoring, while one is used to
measure respiratory rate (RR). An inertial sensor is employed to detect body movements.

Sleep scoring in clinical settings is typically performed manually by trained medical
personnel. Nevertheless, the quality of this scoring depends on the clinician’s experience,
and therefore, it may vary depending on who performs it [13]. Furthermore, automated
sleep staging tools can speed up the process and enable a more standardized, efficient
sleep scoring procedure [14]. Therefore, another objective of the SOMNIIA MONITOR
project is to develop a software platform capable of acquiring and storing physiological
data, performing automatic sleep staging, and assessing overall sleep quality. The pro-
posed research fits precisely into this context, focusing on the development of an auto-
matic sleep classification algorithm based on a sleep model trained and tested with a mul-
timodal feature set derived from EEG [15], electrooculographic (EOG), and photoplethys-
mographic (PPG) signals acquired via a sleep mask. The extracted features are used to
design and validate a deep learning (DL) model for automatic sleep stage classification.
To this end, the Bitbrain Open Access Sleep (BOAS) dataset [16] was used to train the
proposed model. The dataset contains EEG, EOG, and PPG signals recorded with the
Brain Quick Plus Evolution PSG system (Micromed) from 128 nights. For EEG, a bipolar
frontal derivation (F4-F3) was considered, whereas for EOG, a single unipolar derivation
was used. Lastly, PPG was processed to derive cardio-respiratory features. To ensure
high-quality input data, preprocessing techniques, including artifact removal and filter-
ing, were applied to the acquired signals. The model was evaluated using a multimodal
feature set composed of EEG, EOG, and cardiorespiratory features extracted from the PPG
signal, to which two feature reduction techniques were applied, namely minimum Re-
dundancy Maximum Relevance (mRMR) and Principal Component Analysis (PCA).

A DL architecture based on Long Short-Term Memory (LSTM) networks was
adopted for its effectiveness in modeling temporal dependencies in physiological time
series. A two-stage ensemble classification strategy was implemented; firstly, the model
performs classification by distinguishing among Wake (W), Rapid Eye Movement (REM),
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and Non-Rapid Eye Movement (NREM) phases (WRN classifier); the second stage refines
NREM into N1, N2, and N3, producing a 5-class output. The resulting model achieved
90.8% test accuracy and a 3.14 MB memory footprint on the multimodal feature set.

Once developed, the classifier was integrated into an automatic sleep staging pipe-
line. The resulting algorithm, based on the previously trained and validated classifier,
takes features extracted from a subject (external to the training dataset) as input over an
entire night of sleep. The algorithm extracts and classifies sequences of features from the
set of input features and generates, as output, the hypnogram corresponding to the entire
night’s sleep, which is post-processed to increase its reliability. The algorithm was further
evaluated on external subjects not included in the training and testing phases to assess its
generalization to previously unseen data. Specifically, 14 subjects were selected from the
BOAS dataset, excluding those used in the dataset construction phase.

Currently, sleep quality is often assessed using subjective methods, such as self-re-
ported questionnaires, which rely on individuals’ perceptions of their sleep [17]. How-
ever, these approaches lack objective, quantitative measures that accurately reflect the re-
storative quality of sleep. This limitation motivates the need for objective indices derived
from physiological signals and sleep staging results, enabling a more reliable and repro-
ducible assessment of sleep quality [18]. To address these limitations, this work proposes
and validates an objective Sleep Quality Index (SQI) based on parameters derived from
polysomnographic sleep staging. The index combines metrics for total sleep time, sleep
efficiency (SE), continuity, and fragmentation in a weighted mathematical formula. In par-
ticular, the considered parameters include Total Sleep Time (TST), time spent in the N3
stage, Wake After Sleep Onset (WASQ), and the Sleep Fragmentation Index (SFI). Exper-
imental validation was conducted on a public dataset (“Sleep Architecture in Response to
a Late Evening Competition in Team-Sport Athletes”), based on a study by J.A. Vitale et
al. at Istituto di Ricovero e Cura a Carattere Scientifico (IRCCS) Istituto Ortopedico Ga-
leazzi (Milan, Italy) [19]. This dataset includes relevant physiological parameters and a
subjective sleep quality index, enabling evaluation of the correlation between the pro-
posed SQI and clinical assessments, as well as optimization of the index weights. Also, the
proposed SQI requires a calibration phase to customize the weights to the evaluated sub-
ject. Thus, a calibration strategy was proposed to optimize a target function: the Pearson
correlation between the SQI and the subjective sleep quality score reported in the dataset.

The main novelties of the proposed work are:

¢  Development of a two-stage model based on LSTM networks for automatic sleep
staging. It was trained and tested on a multimodal feature set with features extracted
from EEG, EOG, and PPG signals. Each stage has feature sequences as input and
performs 3-class classification (Wake-REM-NREM and N1-N2-N3); thus, by combin-
ing the two classifiers in cascade, the overall model enables 5-class sleep staging.

¢ Rigorous cross-subject and cross-dataset validation: A Leave-One-Subject-Out
(LOSO) cross-validation scheme is used alongside an independent cross-dataset val-
idation utilizing the public ISRUC-Sleep dataset. By evaluating the multimodal
framework on an entirely separate cohort that includes individuals with sleep disor-
ders and pathologies, this step explicitly rules out potential data overfitting or statis-
tical bleeding from data augmentation. This dual-validation approach establishes a
highly realistic and robust foundation for the model’s clinical generalizability across
unseen, pathological population profiles.

e Integration of the trained/tested model into an algorithm for automatic sleep staging
and generating hypnograms to validate the model on subjects not included in the
training/testing dataset. The algorithm also incorporates post-processing of the re-
sulting hypnogram using heuristic rules to enhance its reliability in recognizing cor-
rect sleep stages, including a smoothing procedure for REM sequences and a
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mechanism to discard non-physiological phase shifts. This approach was bench-
marked against a Hidden Markov Model (HMM) under both integer and artifact-
cleaned signal conditions. This analysis provides a quantitative reference point, high-
lighting how standard probabilistic models compare with our deep learning archi-
tecture.

¢ A novel, customized, and weighted objective SQ/ which combines metrics derived
from the sleep staging process, belonging to multiple sleep domains (duration, inten-
sity, continuity-fragmentation), and enables the model to overcome the existing in-
dexes proposed in the literature that rely on a single sleep aspect. The proposed SQI
requires a prior calibration phase to adapt the subject-specific weights to individual
sleep characteristics and sensations/habits (quantified through a subjective SQI).

The remainder of this paper is organized as follows. Section 2 first explores sleep
staging-derived parameters used for objective sleep quality assessment and then reviews
existing approaches proposed in the literature. Section 3 describes the dataset used for
training and testing the sleep staging model, the architecture of the proposed two-stage
deep learning model, the automatic sleep staging pipeline, and the definition of the pro-
posed SQI. Section 4 presents the classification model’s performance, the validation of the
staging algorithm on external subjects, and the validation of the SQI. Finally, Section 5
discusses the results for the sleep classifier, the automatic staging algorithm, and the SQI.

2. Literature Review on Metrics and Methods for Quantifying the
Sleep Quality
2.1. Analysis of Metrics Derived from Sleep Scoring for Quantifying the Sleep Quality

Sleep quality, although traditionally defined by polysomnography (PSG) as the gold
standard [20], lacks a universally accepted definition and is primarily assessed through
subjective metrics. Nevertheless, objective measures derived from sleep staging can effec-
tively capture different aspects of sleep quality. In the literature, sleep quality is often as-
sessed through self-reported indices reflecting individual satisfaction, correlated with
PSG parameters, environmental and clinical factors, and sleep diaries that collect infor-
mation on subjective perceptions. These instruments capture the perceptual experience of
sleep but may conflate general dissatisfaction with sleep disturbances. In contrast, objec-
tive indicators allow analysis of aspects not captured by subjective measures alone. Dif-
ferent factors influence both perceived and measured sleep quality, including chronic dis-
eases, anxiety, depression, lifestyle habits, caffeine, nicotine, and alcohol consumption,
physical activity, age, and the presence of sleep disorders. Moreover, individuals may
evaluate sleep quality using different criteria: some base their judgment on the feeling of
well-being upon awakening, others rely on perceived experience in the night [21-23].

In this context, among the most widely used tools for subjective sleep assessment are
standardized questionnaires, such as:

e  The Pittsburgh Sleep Quality Index (PSQI), a self-report questionnaire used to assess
sleep quality in clinical populations, consists of 19 items grouped into seven domains:
sleep duration, sleep disturbances, sleep latency, daytime dysfunction, SE, subjective
sleep quality, and use of sleep medication [24].

e  The National Institutes of Health Patient-Reported Outcomes Measurement Infor-
mation System (PROMIS) provides a uniform scale to assess sleep disturbance [25].

e  The Epworth Sleepiness Scale (ESS), which evaluates daytime sleepiness [26].

e The Sleep Quality Scale, in which subjects rate their sleep quality over 7 days across
five categories ranging from very poor to excellent [27].
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e The Self-rating Sleep and Awakening quality scale (SSA), which comprises 20 items
and yields three subscores (somatic complaints, subjective sleep quality, and subjec-
tive awakening quality) and an overall score reflecting the sleep experience [21].

Conversely, objective sleep quality assessment relies on several parameters derived
from polysomnographic sleep staging that describe sleep architecture. These include:

e  Duration-related indicators, such as 757, defined as the total time spent asleep during
the night excluding wake periods, the duration of individual sleep stages (Wake, N1,
N2, N3, REM), and Sleep Latency (SL), i.e., the time required to fall asleep;

¢ Intensity-related indicators, such as Deep Sleep Percentage (proportion of N3 sleep),
EEG Delta Wave Amplitude, and Heart Rate Variability (HRV);

¢  Continuity-related indicators, the SE (ratio between total sleep time and time spent
in bed), number of awakenings, and WASO (total time spent awake after sleep onset);

e  Stability-related indicators, evaluated through sleep fragmentation index, transitions
between NREM/REM stages compared to expected physiological patterns, and
standard deviation of heart and respiratory rate;

e  Frequency-related indicators, related to the recurrence of awakenings, average heart
rate per sleep stage, and micro-arousal patterns, i.e., the distribution of brief arousals
across sleep stages [21].

Table 1, reported in the American Academy of Sleep Medicine (AASM) manual, pre-

sents a standardized set of sleep-scoring-derived parameters that can serve as useful in-
dicators for sleep quality assessment [28].

Table 1. A standardized set of sleep-scoring data reported in the AASM manual includes parame-

ters useful for assessing sleep quality.

N. Parameter Description

1 Lights out clock time (h:min) Hour of “lights out”

2 Lights on clock time (h:min) Hour of “lights on”

3 Total sleep time (TST, min) Sum of all sleep epochs

4 Total recording time (TRT, min) Interval between “lights out” and “lights on”

5 Sleep latency (SL, min) Time between lights out and the first sleep period
6 Stage R latency (min) Time between the first sleep period and the first REM period
7 Wake after sleep onset (WASO, min) TRT-SL-TST

8 Percent sleep efficiency (%) (TST/TRT) x 100

9 Time in each stage (min) W, R, N1, N2, N3

10 Percent of TST in each stage (%) (Time of each stage/TST) x 100

Among the objective parameters, sleep duration is correlated with perceived quality.
In most cases, insufficient sleep is associated with poorer quality, while adequate rest
tends to promote a positive perception. For this reason, the TST in ref. [29] is considered
the primary indicator of sleep quality. In line with the National Sleep Foundation (NSF)
guidelines [30], it is assumed that about 8 h of sleep represents an optimal condition, while
shorter or longer durations are associated with a progressive reduction in quality.

In ref. [31], sleep onset latency (SOL), sleep fragmentation, sleep quality, sleep dura-
tion, and wakefulness were assessed in subjects exposed to continuous background noise
overnight. The results of the study indicate that exposure to continuous noise may facili-
tate falling asleep and the continuity of sleep; therefore, a reduction in sleep onset latency
and/or fragmentation could, in fact, translate into better overall sleep quality, longer sleep
duration, and fewer awakenings. SOL was measured using various methods (self-reports,
questionnaires, experimental observations) and, when explicitly defined, corresponds to
the time interval between bedtime and the onset of sleep. Three main findings emerge
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from the literature: in several studies conducted on adult subjects, continuous noise ap-
pears to reduce SOL compared with baseline values; however, no statistical analyses have
been reported to support this observation. Overall, continuous noise appears to reduce
both SOL and sleep fragmentation. However, these findings are not yet supported by ro-
bust statistical evidence, and the available evidence is considered limited overall.

Studies conducted in ref. [22], involving numerous volunteers monitored via EEG for
several nights, have shown that subjective sleep assessments are moderately correlated
with objective metrics, with SE emerging as the most significant predictor of perceived
sleep quality. Also, better sleep is reported after nights characterized by higher SE, lower
SOL, reduced WASO, and longer N3 and REM sleep durations. The associations between
subjective and objective sleep quality persist in intra-individual analyses; after nights
characterized by poorer objective sleep parameters, the same subject tends to report
poorer subjective sleep quality. However, there is no evidence that EEG power alone or
the number of awakenings contribute to subjective sleep quality. Finally, interventions
aimed at improving SE appear more likely to result in a perceived benefit than other strat-
egies.

WASOQ is a key indicator of sleep continuity and its macrostructural fragmentation.
Research in ref. [22] analyzed multi-night recordings and revealed significant night-to-
night variability in WASO, consistent with findings from randomized clinical trials in-
volving patients with insomnia. Such variability in objective sleep parameters, including
WASO, may constitute a cardiovascular risk factor independent of sleep quantity or over-
all sleep quality alone. Furthermore, increases in WASO are associated with worse sub-
jective ratings, both across individuals and within the same individual across nights, con-
firming the role of nocturnal continuity as a determinant of the sleep experience.

The role of sleep in cognitive health is widely recognized in the scientific literature.
It is well established that sleep deprivation, nocturnal respiratory disorders, and frag-
mented sleep are associated with a decline in cognitive function. In particular, slow-wave
sleep (SWS), corresponding to stage N3 and commonly referred to as deep sleep, plays a
central role in memory consolidation processes, especially in healthy adults and individ-
uals with mild cognitive impairment. A greater amount of SWS has been associated with
better overall cognitive performance, with evident effects on executive functions, lan-
guage, and processing speed [32]; conversely, a reduction in SWS is associated with exec-
utive difficulties and a decline in visuospatial learning. Physiologically, SWS is character-
ized by synchronized delta activity and reflects homeostatic sleep need, which is closely
linked to cortical synaptic potentiation during wakefulness; moreover, slow-wave-rich
sleep following a learning experience promotes better information retention. Overall,
these data suggest that deep sleep is not merely a passive response to daytime activity but
rather an active contributor to supporting and optimizing cognitive performance.

Sleep disorders are frequently associated with various types of nocturnal awaken-
ings, which can negatively impact cardiovascular health and cognitive function. In partic-
ular, sleep fragmentation and nocturnal arousal are key factors in the development and
chronicity of sleep disorders. Microarousals, sudden transitions to states of increased cor-
tical activation, disrupt sleep continuity and may contribute to symptoms such as daytime
sleepiness, reduced cognitive performance, and alterations in general well-being [33]. Ac-
cording to AASM guidelines, microarousals are characterized by an abrupt change in EEG
frequency that lasts 3-15 s. Occurring in any sleep stage without full awakening, these
events trigger the appearance of alpha, theta, or frequencies above 16 Hz (excluding the
spindle band) and represent a transitional phase between sleep and wakefulness, or be-
tween REM and NREM sleep. Although some spontaneous arousals are part of normal
sleep physiology, an excessive frequency of such events is associated with a decline in
sleep quality and potential repercussions on neurocognitive and physical health.
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In ref. [34], SFI1 1 (Sleep Fragmentation Index 1) was introduced as a composite meas-
ure of sleep fragmentation, initially in patients evaluated for sleep-disordered breathing,
showing a good correlation with the Micro-Arousal Index (MAI) and high reliability
across different nights (Table 2). Subsequent studies evaluated its use in heterogeneous
clinical samples, highlighting that in insomniac patients, SFI 1 is strongly correlated with
wakefulness after falling asleep, whereas in patients with sleep-disordered breathing, it is
associated with activation indices related to respiratory events. This result suggests that
the index can capture the predominant pathophysiological feature across different disor-
ders. Overall, SFI 1 emerges as a simple, rapid, and potentially useful tool in clinical prac-
tice, though it requires further validation in larger, more diverse samples.

In ref. [35], SFI 2 was calculated as the proportion of awakenings or transitions to the
lightest sleep stage (N1) from deeper stages or REM sleep, expressed as a proportion of
total sleep duration (Table 2). By ignoring extremely transient awakenings, the index may
be less sensitive to subtle microvariations. Still, it has demonstrated good construct valid-
ity through correlations with age, periodic limb movement indices, apnea-hypopnea in-
dices, and sleep staging characteristics. Furthermore, good test-retest reproducibility has
been documented in the laboratory, which supports the reliability of the measure as an
indicator of sleep stability disturbances. Overall, the SFI 2 represents a robust indicator of
transitions to states of greater superficiality and, together with other parameters, contrib-
utes to the quantitative description of alterations in sleep continuity.

Table 2 presents the objective parameters described above, derived from poly-
somnographic staging, along with their definitions, physiological significance, and refer-
ence ranges, which are useful for quantitatively describing the various aspects of sleep.

https://doi.org/10.3390/526134091



Sensors 2026, 26, 4091 8 of 46

Table 2. Representative metrics of the macro- and microstructure of sleep can be selected to develop an algorithm for objectively assessing sleep quality.

Parameter Description Physiological Meaning Range

Total time actually spent asleep during the night, exclud-

ing periods of wakefulness, considering a sleep staging in [t indjcates the overall amount of actual sleep. This metric is useful, butnot 6.4 h (typical)

Total Sleep Time epochs of duration At.

sufficient on its own to assess sleep quality because it does not reflect as- 3.7-8.5 h (min-max)

(TST) N L .
t h as sl t depth, or £ tation [29].
TST = Z 1{stage € [N1,N2, N3, REM]} - At pects such as sleep continuity, depth, or fragmentation [29] [36]
i=1
. . . . . . 0.4 h (typical)
Sleep Onset La- Time between lights-off and the onset of sleep. Indicates ease of falling asleep. A short SOL indicates an easily relaxed 0.1-2.1 h (min-max)
tency (SOL) SOL = tgirst sieep — tiights—off nervous system and regular sleep [31]. o [36]
Percentage of time actually spent sleeping compared to to- High SE (>80%) implies fewer awakenings and more stable, continuous
.. tal time spent in bed sleep, which promotes muscle and tissue recovery, cognitive function con- 89.9% (typical)
Sleep efficiency p : - . . . . . .
(SE) SF = TST 100 solidation, and autonomic regulation. SE is strongly correlated with subjec- 67.2-97.6% (min-
7B tive assessments of sleep quality and remains one of the best predictors max) [36]
TIB: Total In Bed (tempo totale trascorso a letto). among objective metrics [22].

Total time spent awake, from the onset of sleep until the

Wake After Sleep €nd of the night, excluding the initial period before falling A high WASO indicates fragmented sleep and frequent interruptions. Fre- 0.4 h (typical)
Onset (WAS O)p asleep. quent awakenings reduce the effectiveness of deep sleep (N3) and REM  0.0-2.5 h (min—-max)

WASO = Z min. awake after falling asleep sleep, increasing physiological stress, heart rate, and blood pressure [37]. [36]

Percentage of total sleep time spent in stage N3 (deep Reductions in the percentages of deep sleep (N3) and REM sleep, inde-

P f 20.8% ical
. erc'entage © sleep) compared to TST. pendent of TST, are associated with declines in cognitive function and in- 0.8% (tg/pma_ )
time in stage N3 ) . . 1. . 10.2-28.7% (min-—
Tempo in N3 creased subjective fatigue, highlighting the importance of depth patterns
on the TST %N3 = ——— x 100 max) [36]
TST [32].
(typical values) 10.6
A microarousal is a transient episode of brain activation h-1 (age 10-20), 10.8
during sleep that lasts 3-15 s, without fully awakening the Sleep continuity indicator. A high number of micro-arousals (>15-20/h) in- h" (age 21-30), 16.8
Arousal Index : ) . .

(Ar) subject. dicates fragmented sleep, therefore of reduced quality. They reduce the h-! (age 31-40), 16.5
The Arousal Index is the ratio of the number of micro- amount of REM and N3 sleep [38]. h (age 41-50), 21.9
arousal events to the total sleep duration (TST). h1 (age 51-60), 21.9

h! (age 61-70) [38]

SFI11 (Sleep Frag- Itis defined as: A metric that describes, from a physiological perspective, sleep fragmenta-

32.1 h! (typical
mentation Index) tion (in addition to counting micro-arousals). The NSS parameter reflects (typical)
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SF[1 = NSS + A the stability of the neurophysiological circuits that regulate sleep: a high 24-40 h™' (min—-max)

TST NSS (>25) indicates unstable sleep, with difficulty maintaining deep stages [34]
where NSS is the number of stage shifts (passage from one (N3 and REM)

stage to another) during the entire night of sleep, and A is
the number of awakenings after sleep onset.

. The A parameter indicates the number of arousals during
sleep, associated with cortical and autonomic activation. In such cases, an
increase in sympathetic tone, heart rate, and blood pressure is observed,
which disrupts the processes of memory consolidation and metabolic re-
covery. Therefore, this metric captures both microstructural instability
(NSS) and macrostructural disruptions (A). Normalization with the TST al-
lows the metric to be comparable across multiple subjects and makes the
sum of NSS and A independent of sleep duration [34].

Low values (<24 h') indicate stable sleep and good continuity.

High values (>40 h™) are characteristic of fragmented sleep.

A metric that measures the number of transitions into unstable (N1) and
shallow (W and N1) sleep states from deep sleep states (N2, SWS, or REM),

Itis defined as: relative to TST. Physiologically, N1 is the lightest sleep stage immediately

n 48ht ical
SFI 2 (Sleep Frag- SFI2= % following wakefulness. The idea is that each transition into the N1 state 5 6—5 et ((ZES;LX)
mentation Index)  here Ngni is the number of arousals or stage shifts to corresponds to a re.tu'rn to light sleep, %.e., a partial i_nterruption of'deep or 35]
stage N1 from stages N2, SWS, or REM. REM sleep, even if it does not result in an awakening. A correlation be-

tween this metric and elevated systolic blood pressure while awake has
been demonstrated [35].
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2.2. Algorithms to Quantitatively Measure the Sleep Quality

The scientific literature proposes several objective indices that combine PSG-derived
parameters to quantify sleep quality. In particular, ref. [39] introduces the “Sleep Index”,
a sleep quality metric that integrates aspects of sleep architecture based on poly-
somnographic data, combining information on the temporal distribution of sleep stages
and the stability of sleep structure. The index is designed to emphasize periods spent in
more favorable sleep stages through appropriate weighting coefficients, while penalizing
sleep fragmentation. The mathematical formulation of the index is given by:

_ 71‘1=0 T - W;
Sleep Index = W

where T; represents the time spent in each sleep stage, W; the corresponding weights, T,

M

the total sleep time, and NSS the number of stage shifts. Therefore, the index is propor-
tional to the weighted sum of time spent in each sleep stage and inversely proportional to
both the number of stage transitions and the total sleep duration.

Ref. [40] proposes the Ru-SATEDindex, a composite metric designed to comprehen-
sively evaluate sleep quality by integrating six key dimensions: regularity (&), satisfaction
(8), alertness (4), timing (7), efficiency (£), and duration (). Regularity was estimated
using the average Sleep Regularity Index, which measures the probability of being in the
same state (sleep or wake) at two time points 24 h apart, averaged over a 6-week observa-
tion period (range 0-100). Sleep efficiency was computed as the ratio of total sleep time to
the duration of the rest period, averaged across nights during the same period. Satisfac-
tion was defined as the mean self-reported sleep quality from daily sleep diaries using a
Likert scale ranging from 1 (“very poor”) to 5 (“very good”). Alertness was assessed using
the 8-item PROMIS SRI (Sleep-Related Impairment) short form, which was the only di-
mension measured at the beginning of the study period. Timing was calculated as the
average sleep midpoint over the observation period. It was considered optimal when it
fell between 02:00 and 04:00. Sleep duration was defined as the average nightly sleep time
over the 6 weeks, with values between 420 and 540 min (7-9 h) considered optimal. Each
dimension was binarized, assigning 0 (unfavorable condition) or 1 (favorable condition).
The Ru-SATED scoreis therefore computed as:

Ru-SATED score= R+ S+ A+ T+ E+ D (2)

The score ranges from 0 to 6, with higher values indicating better overall sleep qual-
ity. The score was computed separately using sleep diary and actigraphy data. Based on
the empirical distribution, a score > 3 (approximately corresponding to the 25th percentile)
was considered indicative of good sleep quality.

Ref. [41] proposes a sleep quality index based on objective measures collected
through a multimodal acquisition system. The system integrates sensors, including a tri-
axial accelerometer and a pressure sensor, to monitor patient activity, heart rate, and body
posture during sleep. The acquired signals were processed to extract relevant physiolog-
ical parameters, including NREM sleep duration (7NR), total sleep time (7.57), number of
apnea episodes (NVAE), and total time spent in the primary sleep posture (P7). Sleep quality
is expressed by combining these parameters as follows:

_ TNR
Sleep Quality = o7 & + (100 — Ng)B + Pr -y ©)

where g, §, and y are empirically determined weighting factors, equal to 0.5, 0.3, and 0.2,
respectively, such that their sum equals 1.

In addition, mobile and home-based sleep monitoring devices, such as those devel-
oped by Zeo Inc., have been widely used to track physiological characteristics of sleep
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stages [42]. These systems enable the collection of objective parameters of an individual’s
sleep cycle, which can be used to derive quantitative indices for sleep quality assessment.
Zeo Inc. introduced the Z@Q index, a sleep quality metric that incorporates key aspects of
sleep physiology. The ZQindex is defined as:

ATS
ZQ = (TST x 1+ DST x 1.5+ RST x 0.5) — (TIW x 0.5 + E) X 8.5 4)

where DST1is the duration of deep sleep, RST'is the duration of REM sleep, 7/Wis the total
time awake during the night, and A7Sis the number of awakenings. The Z@Q index pro-
vides a numerical estimation of sleep quality by combining both positive and negative
factors. In particular, 757, deep sleep, and REM sleep contribute positively with different
weights, while wake time and the number of awakenings act as penalizing factors. The
final score is scaled by an optimal average sleep duration, typically set to 8.5 h.

Although ZQis a practical and intuitive metric, it has a significant limitation: it relies
on a fixed optimal sleep duration that does not account for inter-individual variability. As
a result, individuals with naturally shorter sleep requirements may receive artificially
lower scores, thereby reducing the index’s reliability. To address this limitation, Cheng et
al. propose an extended formulation that introduces a personalized sleep duration param-
eter, denoted as ap [43]. The original ZQ formulation is adjusted by scaling each parame-
ter’s contribution based on the ratio between the average optimal sleep duration am (set to
8.5 h) and the personalized one. The resulting sleep quality index is defined as:

am 2 am 2 am 2 an 2 ATS
_> + DST x (a—> X 1.5 + RST X (a—) X 0.5 —TIW x (a—> x 0.5+ a—) X ap (5)
P (4 P P A
where a,, is the average optimal sleep duration, a,, is the personalized optimal sleep du-
ration, and a, represents a personalized normalization factor for awakenings. This for-
mulation enables a more individualized assessment of sleep quality by tailoring the index
to each subject’s sleep needs, while also allowing the incorporation of subjective and pop-
ulation-based data from sleep databases to estimate parameters such as DS7 and RST
based on demographic characteristics (e.g., age).

Sleep posture transitions have also been investigated as an indicator of sleep quality.
In particular, Miwa et al. analyzed the time intervals between body position changes dur-
ing sleep to discriminate between light sleep (N1 and N2) and SW5[44]. Specifically, sleep
was classified as light or deep depending on whether the frequency of position changes
exceeded or fell below a predefined threshold of 20 transitions. Based on this approach,
the percentage of time spent in SWS was estimated and used to define a sleep quality
metric referred to as the Sleep Quality Score (S@S), derived from the proportion of deep
sleep (Sp) over the total sleep period (.5):

so5="2 ©

To validate this metric, an experiment was conducted on a healthy male subject (29
years old) using a wearable monitoring device (SenseWear), which continuously recorded
physiological signals for 372 days. A subset of 299 days was used to compute the evalua-
tion index Q. The Pearson product-moment correlation coefficient between Q and sleep
duration S was —0.28, indicating a weak negative correlation that was statistically signifi-
cant at the 1% level. This result suggests that sleep quality, as measured by the proposed
index, tends to decrease with increasing sleep duration. This observation is consistent
with known sleep physiology, which indicates that the proportion of light sleep typically
increases toward the end of the sleep period.

Sleep posture and body movements during sleep have also been investigated as in-
dicators of sleep quality. Han et al. define the sleeping pose as a sequence of unconscious
body movements involving trunk rotations between two static states, not considering iso-
lated limb movements as posture changes [45]. Based on this definition, body positions
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are classified into four categories: supine, prone, left, and right. To detect and quantify
these movements, the authors employ actigraphy, a non-invasive technique for monitor-
ing rest-activity cycles based on acceleration signals. Specifically, body movements and
posture transitions are inferred from acceleration data acquired through a triaxial accel-
erometer (e.g., embedded in wearable devices or smartphones). The acceleration vector
magnitude 4is computed from the three axes after removing the gravitational component,
providing a measure of movement intensity associated with posture changes. Based on
these measurements, the authors propose a sleep quality index (Sguaiiy) defined as:

Souality = A X W @)

where A represents the normalized magnitude of the acceleration vector derived from
actigraphy data, and Wis a weight factor empirically assigned according to the detected
sleeping position (e.g., Wiupine = 0, Wprone = 1, Wiett and righe = 0.5). This approach enables the
quantification of sleep quality by combining movement intensity with posture-related in-
formation, providing a simple yet effective metric based on unobtrusive sensing technol-
ogies. Table 3 summarizes the sleep quality indices identified in the literature, along with
the corresponding parameters used to compute them.

Table 3. Comparison of sleep quality indices and their parameters, as discussed in Section 2.2.

Reference Sleep Quality Index Parameters Used
Balakrish- noTw T; (time spent in each sleep stage), W; (correspond-
nan et al. Sleep Index = =2~ ing weights), T, (total sleep time), and NSS (num-
T, - NSS -
[39] ber of stage shifts)
Yoo et al. Regularity (R), Satisfaction (S), Alertness (A), Tim-
[40] Ru—SATED score =R+ S+ A+T+E+D ° ingt{T), Efficiency (E), and Duration (D)
NREM sleep duration (TNR), TST, number of apnea
Nam et al. Sleep Quality = TNR &+ (100 — Nyp)f + Py - episodes (NAE), and total time spent in the primary
[41] TST AF T sleep posture (PT); a, 3, and y are empirically deter-
mined weighting factors, equal to 0.5, 0.3, and 0.2
Shambroom 2@ = (TST X 1+ DST x 1.5 + RS£T>; 0.5) tPST ifs sz];fulfaﬁm; Iova 46(11}91 Slteetpi FST is thi dl(lira-
et al. [42] _ (TIW x 05 + E) % 8.5 ion o sleep, is the total time awake dur

ing the night, and ATS is the number of awakenings

2 2
a a
SQobj = (TST X (—m) + DST X (—m> X 1.5

ap ap am is the average optimal sleep duration, ap is the
Cheng et al. am\ personalized optimal sleep duration, and aa repre-
+ RST x|—] %X 0.5 . e
[43] a, sents a personalized normalization factor for awak-
an\’ ATS enings
—TIW X|—| X05+—]Xa,
a, a,
Mi t al. S
IV\[IZ 4613 ? SQS = ?D Time in deep sleep (Sp), total sleep period (5)
A represents the normalized magnitude of the accel-
Han et al. S AXW eration vector, and W is a weight factor empirically
[45] Quality aSSigned (e.g., Wsupine = O, mene = 1, Wieft and right =

0.5)

Comparison of the sleep quality indices reported in the literature (Table 3) shows that
existing approaches typically rely on a limited set of variables, ranging from 2 (SQS,
SQuality) to 7 (5Qobj), and generally do not cover all the key dimensions of sleep quality,
namely duration, intensity, continuity, stability, and frequency. Furthermore, several in-
dices rely on empirically defined weighting factors or focus on a single aspect of sleep
quality, such as sleep architecture, respiratory events, or body movements. As a result,
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they may provide only a partial representation of the overall sleep process. In contrast,
the proposed objective sleep quality index (described in Section 3.5) integrates four com-
plementary parameters that collectively capture all five dimensions considered in this
study. Therefore, the proposed metric provides a more comprehensive representation of
sleep quality. Moreover, the index is integrated into the proposed sleep staging pipeline
(described in Section 3.4), as all the parameters required for its computation are automat-
ically extracted from the sleep stage classification output. Therefore, objective sleep qual-
ity assessment can be performed directly after automatic sleep staging without requiring
additional sensing modalities or post-processing procedures.

3. Materials and Methods

This section provides an overview of the steps taken to develop the sleep staging
ensemble-learning model for sleep phase classification, which was trained and tested us-
ing a multimodal, optimized feature set extracted from a reduced set of biosignals [46].
Following this, the developed model was integrated into a custom pipeline, which re-
ceives as input the features of a subject over a full night’s sleep, extracts the feature se-
quences, classifies them into the typical 5-class scoring (Wake, REM, N1, N2, and N3) to
obtain the raw hypnogram, and post-processes this last to detect non-physiological tran-
sitions and smooth out spurious predictions. Finally, this section defines a new SQI, taking
into account multiple domains of sleep (duration, intensity, continuity, degree of frag-
mentation), thus addressing the main limitations of the existing sleep quality assessment
methods, which are typically based on subjective evaluation from the subject or, when
based on objective metrics, consider just single aspects of sleep. The section also describes
the validation dataset, the procedure for subject-specific weight optimization, and the
computation of the corresponding SQI values. In this way, a customized SQI is obtained
for each subject.

3.1. Feature Extraction and Selection from the Signal Belonging to the BOAS Dataset

The proposed work uses the BOAS dataset, which includes 128 nights of simultane-
ous recordings from a clinical PSG system and a wearable Bitbrain EEG headband (man-
ufactured by Bitbrain Co., Zaragoza, Spain), in healthy subjects. This dataset enables di-
rect comparison between gold-standard PSG measurements and a more practical weara-
ble EEG solution based on forehead electrodes.

Sleep stages were annotated on PSG data by three expert scorers following AASM
guidelines using 30 s epochs, with a fourth expert generating consensus labels to reduce
inter-scorer variability. The stages include Wake (0), N1 (1), N2 (2), N3 (3), REM (4), while
disconnections (8) and artifacts (-2) were also labeled. These consensus labels were then
transferred to the corresponding wearable EEG recordings.

For the proposed work, a reduced set of biosignals was selected for use in combina-
tion with a wearable device to minimize the number of signals acquired, thereby avoiding
hindrance to user movements and skin irritation [47,48]. In detail, an EEG frontal lead
(F4-F3), an EOG derivation, and a PPG signal were considered for developing the sleep
staging classifier, ensuring simplicity and reliability of acquisition in the face area. Fea-
tures were extracted from the EEG, EOG, and PPG signals of 25 subjects from the BOAS
dataset, totaling 183 h of sleep (131.401 non-overlapping 5 s epochs). Subjects were chosen
based on the availability of all three signals (frontal EEG (F4-F3), single-channel EOG, and
PPG) to ensure consistency. Before feature extraction, a signal quality assessment was per-
formed to remove segments affected by artifacts, noise, or saturation. Additionally,
epochs labeled as “-2” (artifacts) or “8” (disconnections) were excluded. EEG signals were
preprocessed using band-pass filtering (0.2—44 Hz) and a 50 Hz notch filter, then seg-
mented into 5 s epochs. Each epoch inherited the sleep stage label of its corresponding 30
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s segment, and features were extracted accordingly. In particular, an initial feature set of
100 features was extracted, belonging to the time, frequency, and non-linear domains (Fig-
ure 1a). The use of 5 s sub-epochs inheriting the label of the corresponding 30 s epoch was
a deliberate design choice to enhance the temporal granularity of the input feature se-
quences [49-51]. The proposed hierarchical sleep staging architecture uses LSTM net-
works to capture the complex dynamics of cardiorespiratory and EEG microarchitecture.
To do this effectively, the model evaluates input feature sequences composed of 10 con-
secutive 5 s epochs, which represent a continuous 50 s window. Using 30 s epochs directly
would limit each input sequence to only 1-2 time steps, which is insufficient for the sub-
sequent LSTM layers (128 and 64 units) to model temporal dependencies adequately. We
acknowledge that this approach may introduce some label noise into the feature se-
quences, particularly near stage transitions. However, we considered this trade-off ac-
ceptable given the substantial benefit of enhanced temporal granularity for sequence
modeling.

EOG signals were band-pass filtered (0.5-10 Hz) and normalized. Blink detection was
performed using a dynamic threshold based on signal statistics, identifying supra-thresh-
old regions as candidate events. Valid blinks were selected based on amplitude, slope,
and minimum duration (=100 ms). Additional temporal features, such as eye closure and
reopening times, were derived from zero-crossings and local extrema. Finally, the signal
was segmented into 5 s epochs, labeled consistently with the EEG, and relevant blink-
related features were extracted (Figure 1b).

Furthermore, respiratory features were extracted from the PPG signal by first com-
puting the signal’s respiratory envelope using the Hilbert transform, followed by 8th-or-
der band-pass filtering (0.1-0.5 Hz) to isolate respiration-related oscillations. The resulting
signal was divided into non-overlapping 30 s windows. Within each window, respiratory
cycles were identified using an adaptive threshold set to 70% of the signal RMS, allowing
detection of inspiratory peaks and expiratory troughs. Respiratory cycles were defined as
intervals between consecutive troughs, from which RR and inspiratory-to-expiratory ratio
(IER) were computed (Figure 1c). These features were averaged per window and aligned
with sleep stages. To match the temporal resolution of EEG and EOG features, each sam-
ple was repeated 6 times, yielding a 5 s resolution.

Cardiac features were extracted by isolating the cardiac component of the PPG using
an 8th-order band-pass filter (0.5-4 Hz). The filtered signal was segmented into 30 s win-
dows, and heartbeats were detected as positive peaks using an adaptive threshold set to
25% of the RMS. Additional constraints included a minimum peak distance of 0.3 s and a
prominence threshold equal to the adaptive level. RR intervals were computed as the time
difference between successive peaks. From these intervals, cardiac features were derived,
averaged per window, and aligned with sleep stages (Figure 1c). As with respiratory fea-
tures, the data were replicated six times to achieve a 5 s temporal resolution.

Afterward, the dimensionality of the EEG and EOG feature sets was reduced through
a two-step procedure combining mRMR and PCA (Figure 1a,b). First, the mRMR algo-
rithm ranked features based on their relevance to sleep-stage classification and their re-
dundancy with the remaining features. A score threshold of 0.01 was applied, reducing
the EEG feature set from 100 to 90 and the EOG feature set from 14 to 9. Subsequently,
PCA was applied to the selected features. The number of principal components was de-
termined by retaining 98% of the cumulative explained variance, resulting in 56 PCs for
EEG and 8 PCs for EOG. This threshold provided the best trade-off between dimension-
ality reduction and information preservation, while also yielding the highest sleep-stag-
ing performance during model development. The retained PCs preserved most of the in-
formative content of the original feature sets, limiting information loss to approximately
2% of the total variance. Since both mRMR ranking and PCA are deterministic procedures
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applied to the same dataset and preprocessing pipeline, the feature selection process is
fully reproducible. Furthermore, the selected PCs consistently represented the most in-
formative feature combinations identified after mRMR filtering, supporting the stability
of the dimensionality reduction process. On the contrary, on the PPG feature set, no di-
mensionality reduction was applied (Figure 1c). While linear techniques like PCA do not
explicitly capture non-linear interactions among the raw features, it is intentionally inte-
grated into the pipeline to eliminate highly collinear features, isolate orthogonal compo-
nents containing maximum variance, and mitigate the risk of overfitting caused by the
high dimensionality of the hand-crafted feature space. Crucially, the preservation and
modeling of complex, non-linear cross-channel interactions and non-linear cardiorespira-
tory temporal dynamics are not discarded; rather, they are systematically deferred to the
subsequent LSTM and DNN layers. The recurrent units, equipped with non-linear activa-
tion functions (e.g., tanh and sigmoid gates), are mathematically optimized to reconstruct
and learn high-level non-linear feature representations from orthogonalized low-dimen-
sional projections provided by PCA.

EEG lead (F4-F3)

Time-domain Frequency-domain Non-linear

v V v

Mean
Variance Total Power

IRQ Relative Power Spectral Entropy
Skewness Band Energy SVD Entropy
Kurtosis Power Ratios Band Energy

Hjourth Parameters Dominant Freq Lempel-Ziv Complexity
ZCR SEFd Rényi Entropy
AAC Spectral Slope
SSI

Feature selection:mRMR+PCA—56PCs (98% cumulative explained variance)
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EOG PPG
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Blink frequency Power 0.5Hz Heart Rate (HR)
Mean Blink Duration Power 5Hz SDNN
Std Blink Duration Delta-Theta Power RMSSD
Kurtosis Beta-Gamma Power Respiration Rate (RR) SD1, SD2
Blink Amplitude DeltaTheta/BetaGamma I/E Ratio (IER) SD Ratio
Closing Time Power LF Power
Reopening Time SEM Power HF Power
LF/HF Ratio

Feature selection:mRMR+PCA—8 PCs (98% cumulative

explained variance)

No dimensionality reduction applied

(b) (0)

Figure 1. Block diagrams related to the extraction and optimization of the features from the different
biosignals: (a) EEG, (b) EOG, and (c) PPG signals.

3.2. Structure of the Two-Stage DL Model for Sleep Staging

The proposed sleep staging model is a two-stage deep learning framework using
LSTM networks with an attention mechanism. The first stage, called WRN-classifier, pro-
cesses multimodal input sequences (EEG and EOG PCs, respiratory and cardiac features
from PPG), and assigns them to one of three sleep stages: Wake, REM, NREM. In the sec-
ond stage, only the sequences labeled as NREM are analyzed by a dedicated classifier that
differentiates among N1, N2, and N3 sub-stages. This hierarchical approach enables clas-
sification among the five sleep stages (Wake, REM, N1, N2, N3), simplifying the problem
into two manageable tasks, improving class balance, and allowing each model to special-
ize, thus enhancing overall performance. Both classifiers share a similar structure: the
WRN model uses LSTM layers with 128 and 64 units, and the NREM ones with 96 and 48
units (Figure 2). Each LSTM layer is followed by batch normalization and dropout to im-
prove generalization and training stability. An attention mechanism is applied to LSTM
outputs, using a tanh-activated dense layer followed by a temporal softmax to compute
attention weights that emphasize the most informative time steps through element-wise
multiplication.
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STAGE 1: WRN CLASSIFIER
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Figure 2. Two-stage LSTM-based sleep staging framework; stage 1 classifies 50 s multimodal se-
quences into Wake, REM, or NREM. Stage 2 refines NREM sequences into N1, N2, and N3 sub-

stages.

The resulting features are then aggregated via global average pooling and passed
through two fully connected layers (64 and 32 neurons, ReLU activation) with batch nor-
malization and dropout, followed by a softmax layer producing the three-class output:
Wake/REM/NREM for the WRN classifier and N1/N2/N3 for the NREM classifier.

3.3. Dataset Composition and Partitioning for Model Training and Testing

The dataset consists of 131,401 labeled 5 s epochs, distributed among Wake (13,143),
REM (26,210), and NREM (92,048). Within NREM, the classes are highly imbalanced: 2887
N1, 83,635 N2, and 5526 N3 epochs, with the dominance of N2 and imbalance across
stages.

To model temporal dependencies, epochs were grouped into 50 s sequences using a
sliding-window approach (10 consecutive epochs). For the WRN classifier, overlapping
windows (stride = 5) generated 26,279 sequences, split into 80% for training and 20% for
testing. For the NREM classifier, only NREM epochs were retained and grouped using
non-overlapping windows (stride = 10), yielding 9204 sequences divided into training
(70%), validation (15%), and test (15%) sets. Each sequence was labeled via majority vot-
ing. Dataset partitioning was performed at the sequence level using stratified sampling,
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with a fixed random seed set to 42 to ensure reproducibility of the experimental setup. To
mitigate class imbalance, data augmentation was applied exclusively to the training sets
after dataset random partitioning, ensuring that no augmented samples were present in
the validation or test sets, thereby minimizing the risk of statistical leakage.

Augmentation included noise addition, scaling, temporal shifts, masking, and am-
plitude attenuation. Minority classes were heavily oversampled: Wake (x5) and NREM
(x3) for WRN, and N1 (x6) and N3 (x4) for NREM, increasing training sizes to 58,855 and
6442 sequences, respectively. Features were normalized using a StandardScaler (Python
ver. 3.14, IDE PyCharm ver. 2025.2.3) fitted on the original training data. To further reduce
bias toward majority classes, both models used a class-weighted loss (Balanced Crossen-
tropy), assigning higher weights to underrepresented classes (especially N1 and N3 in
NREM) to emphasize their contribution during training. Partially overlapping windows
(stride = 5) were used with the WRN classifier to reduce class imbalance and increase the
number of training samples from the small cohort. To reduce the risk of statistical leakage
and artificial performance inflation, data augmentation was applied only after dataset par-
titioning, and model performance was assessed on non-augmented test sequences, even
though this approach introduces some similarity between adjacent sequences. Addition-
ally, it should be noted that the suggested model uses a feature-level abstraction to stratify
the random assignment of windows during the training/testing split and to minimize tem-
poral dependencies, thereby reducing the likelihood that nearby windows would fall into
the same partition. For the NREM classifier, non-overlapping windows ensured that se-
quences had no temporal overlap. The final hierarchical system was evaluated on a test
set of 2953 sequences, obtained by combining the WRN and NREM test sets. Figure 3
shows the class distribution: augmentation is applied to the training set, though it is not
applied to the test set, for the WRN (a) and NREM (b) models. To further assess model
generalizability, additional validation experiments were conducted on an independent
cohort of 14 subjects from the BOAS dataset, as described in Section 4.2. Moreover, exter-
nal validation was performed on subjects from a different publicly available sleep dataset,
as reported in the Section Validation of the Staging Algorithm on Subjects of the ISRUC
Datasets, providing an additional benchmark for evaluating the robustness of the pro-
posed model.

WRN - Class distribution NREM - Class distribution

10,450

523

Wake

W Training set - augmented M Test set B Training set - augmented  m Test set

7000
29,472 6000 5860
5000
4000
3000

2000 1206 1257 1524
4197 3684

1049 . 43 [ I 81
N2 N3

REM NREM N1
Classes Classes

Number of seqeunces

(=
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Figure 3. Distribution of training (blue) and test (orange) sets used for training and testing the WRN
(a) and NREM (b) models.
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3.4. Pipeline for Automatic Sleep Staging Based on the Trained and Tested Sleep
Staging Classifier

After training and testing the classification model, the automatic staging algorithm
was implemented. Specifically, the previously developed and trained hierarchical models
(WRN and NREM), exported in Keras format, were loaded into a Python (ver. 3.14) infer-
ence environment to perform automatic classification on subjects not used during the en-
semble learning model training phase. After describing the pipeline used to load and pro-
cess data from the two models, the algorithm’s results are presented as confusion matri-
ces, hypnogram comparisons with physician-annotated hypnograms, and accuracy met-
rics, obtained by testing the system on subjects not used during the training and testing
phases. The classification algorithm implemented in the sleep stage estimation pipeline
operates on data derived from preprocessed physiological signals (EEG, EOG, and PPG),
represented as tabular features organized into 5 s epochs. The system architecture relies
on two LSTM models, called WRN (Wake/REM/NREM) and NREM, which were previ-
ously trained and subsequently exported to the Keras format. The models are loaded into
the algorithm at runtime using the library’s deserialization capabilities, restoring the ar-
chitecture, learned weights, and training configurations. To implement this step, the pre-
viously saved models and scalers are loaded as shown in the following code snippet.

93 def _load_models(self):

94 custom_objects = {

95 "WeightedCategoricalCrossentropy": WeightedCategoricalCrossentropy,
96 "BalancedCrossentropy": BalancedCrossentropy

97 }

98 print("Loading WRN model...")

99 self.wrn_model = models.load _model(os.path.join(self.model_dir,

'wrn_model.keras"'),
100 custom_objects=custom_objects, compile=False)

101 print("Loading NREM model...")

102 self.nrem_model=models.load_model (os.path.join(self.model_dir,
'nrem_model.keras"'),

103 custom_objects=custom_objects, compile=False)

104 print("Loading scalers...")

105 self.wrn_scaler=joblib.load(os.path.join(self.model_dir,'wrn_scaler.save'))
106 self.nrem_scaler=joblib.load(os.path.join(self.model_dir, 'nrem_scaler.save'))
107 print("[4d Models and scalers loaded successfully")

The WRN model is the first decision-making layer; it takes pre-processed time se-
quences and classifies each as Wake, REM, or NREM. If the prediction matches the NREM
one, the same sequence is fed into the second NREM model, which discriminates between
the N1, N2, and N3 stages. This hierarchical approach allows the problem to be divided
into two levels, improving the overall robustness and classification accuracy.

The preprocessing pipeline is designed to transform the raw biosignal data into struc-
tured time sequences of scaled and normalized features, optimized for direct use in the
WRN and NREM classification models (Figure 4). The pipeline’s input consists of Excel
files containing the complete set of features/principal components (PCs) computed over 5
s epochs, along with the corresponding sleep stage labels. Specifically, the features ex-
tracted from EEG, EOG, and PPG biosignals using the mRMR algorithm were applied to
the EEG and EOG signals to retain the most informative variables and reduce redundancy.
The selected features were then normalized using z-scores, with mean and standard de-
viation calculated from the training and test datasets, thereby ensuring statistical con-
sistency between the training and inference phases. Then, the selected principal compo-
nents were calculated from the normalized features to maintain a cumulative variance of
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98%. For the PPG signals, however, the features (relating to the respiratory and cardiac
components) previously selected during the dataset construction phase were extracted.

Preprocessing o
Visualization and
Feature scaling with specific WRN Model Evaluation
scalers: :
- Single-level hypnogram
- WRN scaler fror Input: X seq wrn; NREM Model - Ground Truthivs i tput
Wake/REM/NREM Output: Prediction comparison
Data Input -NREM scalsr fof NREM - Probability for Wake / Input: preprocessed and - Evaluation and metrics -
Excel file containing: substages (NI, N2, N3) REM/NREM scaled raw NREM - Accuracy between "CE 1 eh T
- Predicted class sequences; predictions and original e [CELOVEDNCDIE ctions|
- Feature/PC Creation of time sequences (wrn_class) Output: — = Metrngs (accuracy and
calculated over (timestep window with - Maximum confidence - Probability for N1 / Tt e Ut \r COﬂfus“’ﬂ matrix)
S-seconds ephoch defined stride) (wrn_conf) N2/N3 - Accuracy between ‘ mﬂlgesé' "
| Decision: - Predicted class predictions and original =Lk !ctg PRI
- Sleep stage label Output: - Wake — Final (nrem_class) annotations S il
for each epoch - X seq_wrn (scaled prediction - Wake - Maximum confidence sl G
sequences per WRN) -REM — Final Decision: = Saving metrics and B Multlleyel hyp npgram
- X seq_raw (raw prediction=REM - Final NREM class B —. - Confusion matrix heatmap
STESE f‘_’r NREM) -NREM — Switch to added to the final Excel
- time_min (time axis in NREM Model prediction - Saving figures
minutes) . . (hypnograms, comparison,
-y_true (original label, if confusion matrix)
available)

Figure 4. Block diagram of the sleep classification algorithm pipeline based on previously trained

and tested staging models.

The features

are scaled using scalers trained separately for the WRN

(Wake/REM/NREM) and NREM models to normalize value distributions and reduce the
impact of outliers or differences between subjects. Subsequently, the epochs are grouped

into sequences of a length defined by the “timesteps” parameter (10 epochs in this case),

with a “stride” (i.e., an overlap of 5 epochs) that creates overlapping windows, ensuring

temporal continuity in the predictions and allowing the models to exploit the sequential

dynamics of the data. For each sequence, the last epoch is considered representative for

alignment with the original annotations during evaluation. The WRN model is applied to

the preprocessed sequences to classify each window as Wake, REM, or NREM. The se-

quence generation procedure is implemented as shown in the following code snippet.

116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136

def preprocess_subject data(self, data_path, has_labels=True):

df = pd.read_excel(data_path)
if has_labels:
X_raw = df.iloc[:, :-1].values
y_true = df.iloc[:, -1].values
else:
X_raw = df.values
y_true = None
print(f"Initial epochs: {len(X_raw)}")
X_wrn_scaled = self.wrn_scaler.transform(X_raw)
stride = 5
X_seq_wrn, X_seq_raw, valid indices = []1, []1, [1]
for i in range(0, len(X_raw) - self.timesteps + 1, stride):
X_seqg_wrn.append(X_wrn_scaled[i:i + self.timesteps])
X_seq_raw.append(X_raw[i:i + self.timesteps])
valid _indices.append(i + self.timesteps - 1)
X_seq_wrn = np.array(X_seq_wrn)
X_seq_raw = np.array(X_seq_raw)
time_minutes = np.array(valid_indices) * self.epoch_sec / 60
print(f"Sequences produced: {len(X_seq _wrn)}")
return X_seq_wrn, X_seq_raw, time_minutes, y_true
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When the prediction indicates NREM, the NREM model is used to distinguish be-
tween the N1, N2, and N3 sub-stages. For each sequence, the predicted class and its asso-
ciated confidence score, as well as the model’s maximum probability, are calculated. The
hierarchical classification procedure is shown in the following code snippet.

146 def stage subject(self, X_seq_wrn, X_seq_raw, max_gap=0):
147 wrn_pred = self.wrn_model.predict(X_seq_wrn, verbose=1)
148 wrn_class = np.argmax(wrn_pred, axis=1)

149 wrn_conf = np.max(wrn_pred, axis=1)

150 final _stage, final _conf = [], []

151 for i in range(len(wrn_class)):

152 if wrn_class[i] == ©:

153 final_stage.append('"Wake")

154 final_conf.append(wrn_conf[i])

155 elif wrn_class[i] == 1:

156 final_stage.append("REM")

157 final_conf.append(wrn_conf[i])

158 else:

159 raw = X_seq_raw[i]

160 raw_flat = raw.reshape(-1, raw.shape[-1])

161 scaled = self.nrem_scaler.transform(raw_flat)
162 scaled = scaled.reshape(1l, self.timesteps, -1)
163 pred = self.nrem_model .predict(scaled, verbose=0)
164 nrem_class = np.argmax(pred)

165 final_stage.append(self.nrem classes[nrem_class])
166 final_conf.append(np.max(pred))

This hierarchical approach reduces overall classification error by focusing on the sim-
plest task at the first level and delegating the finer distinction between deeper sleep stages
to the second model. To improve the temporal consistency of predictions and avoid non-
physiological fragmentation, a REM-stage propagation filter is applied at the sequence
level. Specifically, after hierarchical classification, the indices corresponding to sequences
labeled as REM are identified; if there are a limited number of intermediate sequences
(less than or equal to the “max_gap” parameter) between two consecutive REM se-
quences, those sequences are reclassified as REM. This mechanism is applied exclusively
to REM episodes because, during empirical analysis, REM predictions exhibited greater
temporal instability and a greater tendency to appear as fragmented or isolated segments
than those in other sleep stages. This mechanism allows for bridging short interruptions,
potentially due to model uncertainties, reduces the artificial fragmentation of REM epi-
sodes, and preserves the temporal coherence typical of sleep architecture. Subsequently,
an additional logical filter is applied to prevent transitions deemed physiologically un-
likely. In particular, direct transitions between stage N3 (deep sleep) and the Wake stage
in both directions are discarded. If the model predicts a transition from stage N3 to the
Wake stage, the current sequence remains in N3; similarly, if it predicts a transition from
the Wake stage to N3, the sequence is reclassified as Wake. These transitions are consid-
ered physiologically implausible because, according to established sleep architecture,
transitions between deep sleep and wakefulness occur progressively through intermedi-
ate stages (N2 and N1) rather than occurring directly. This constraint is based on the phys-
iological structure of sleep, according to which transitions between deep sleep and wake-
fulness generally occur gradually through intermediate stages (N1 and N2) [52], thereby
making the final hypnogram more clinically realistic. The application of these post-pro-
cessing rules thus introduces temporal regularization downstream of the model’s classifi-
cation, integrating the predictive power of LSTM models with physiological constraints.
For visualization and evaluation, the pipeline generates single-level hypnograms, in
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which each epoch is represented by a color corresponding to the predicted stage and tem-
porally aligned to the recording minutes. The hypnograms are constructed such that the
Y-axis follows the natural order of the stages, with Wake at the top and N3 at the bottom,
ensuring an intuitive representation of sleep depth. An example of the generated hypno-
gram is shown in Figure 5.

The comparison between predictions and original annotations is presented in a plot
with two overlaid subplots sharing an X-axis converted to minutes, with the first subplot
showing the ground truth (i.e., the staging reported by the medical experts in the dataset).
The second subplot represents the model’s predictions, providing a clear visual represen-
tation of the temporal alignment between predictions and the reference (Figure 6). The
ground truth is represented by the annotations associated with the subject, obtained from
the scoring by the three specialized physicians, with the agreement of a fourth physician,
and reported in the last column of the Excel file uploaded by the model. The annotations
are extracted from the file and aligned with the sequence series obtained from the features
to evaluate the performance of the sleep staging algorithm.

Sleep Hypnogram - sub-33

Wake HH || | il 1l Ll I 1 I
REM - N | | . | I |

| wake

| REM

N1- N1

N2

| N3

N2 -

N3 ' T T T T
0 100 200 300 400

Time (minutes)

Figure 5. Example of a hypnogram generated by the developed sleep staging algorithm.
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Hypnogram Comparison: Ground Truth vs. Predicted - sub-33
Prediction - ] | I | EA |
| Orig Wake | Pred Wake
| Orig REM | Pred REM
Orig N1 Pred N1
Orig N2 Pred N2
| Orig N3 | PredN3
Ground Truth{ i Hil Il | I
100 200 300 400
Time (minutes)

Figure 6. Comparison of the hypnograms generated by the developed sleep staging algorithm and
the ground truth represented by the sleep staging data in the dataset for the subject considered.

The quantitative evaluation includes overall accuracy and the confusion matrix,
which is saved in an Excel file along with the accuracy, ensuring the traceability of the
results for subsequent analyses or comparisons between subjects (Figure 7).

This algorithm integrates advanced preprocessing techniques, hierarchical models
with deep neural networks, custom loss functions designed to handle class imbalance and
temporal continuity in the data, and accurate visualization and evaluation tools. The com-
bination of these elements enables reliable predictions of sleep stages, with clear visual
representation and detailed quantitative metrics, making the system suitable for both clin-
ical trials and neuroscientific research. The focus on class balance, secure model serializa-
tion, and temporal alignment of epochs ensures the robustness and reproducibility of re-
sults on future data, enabling in-depth analyses of sleep patterns at both the individual
and population levels. The Python script of the sleep staging pipeline is available in the
Supplementary Materials (File S2).

Confusion Matrix - sub-33
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SQI [%] = [w; x

Figure 7. Confusion matrix comparing the predictions (in terms of sequences) provided by the sleep

staging algorithm with the ground truth represented by the dataset’s annotations for each subject.

3.5. Definition of a New Objective Sleep Quality Index (SQI) Based on Sleep Scoring Data

Similar to the scientific studies described in Section 2.2, which propose sleep quality
indices derived from polysomnographic sleep staging, this study introduces a compre-
hensive and objective indicator of overall nighttime sleep quality. The proposed Sleep
Quality Index (5QI) is obtained as a weighted combination of several parameters derived
from sleep staging, following the general approach adopted in the literature [20,22-24].
However, alternative approaches estimate sleep quality from wearable-based measure-
ments rather than polysomnographic data. In particular, one method relies on a multisen-
sor device that combines actigraphy with additional physiological signals [44], while an-
other relies solely on actigraphy-derived motion and posture features extracted from ac-
celerometer signals [45]. The SQ/is given by the weighted sum of four terms that take into
account the duration, continuity (degree of fragmentation), and intensity of sleep:

TS5t Fw, XM L +w, X 1 x 100 8
w w —_— |+ W —5
TSTmax 2 TN3max : 1+ M * 1+ ﬂ ( )
1h TST
Specifically, the meanings of the various terms are as follows:
TST

P —— takes into account total sleep time (T'ST) normalized to the maximum TST value
max

(TSTnqax), which depends on multiple factors (gender, age, etc.); for an adult male (18-
29 years old), TST,q, can be set at 8.5 h [36];

N3 _ Tn3[min]
TNzmax  0.29 X TSTymax [Min]
storative capacity. A reduced value of time spent in stage N3 implies greater vulnera-

, takes into account sleep intensity, i.e., its quality and re-

bility to sleep fragmentation. The value of Ty; must be normalized to its maximum
value (Tysmaqx), Which depends on the patient’s age group; for an adult user (18-29
years), the value of Tyzmay is 28-29% of TST [36];

1

J (To[h]) accounts for sleep continuity, in particular, the total time the subject re-

1422220
1h

mains awake after falling asleep. However, this measure does not provide information

regarding the degree of sleep fragmentation;

J (ﬁ), accounts for the degree of sleep fragmentation by considering only transi-
TST
tions to stage N1 or awakenings.

The coefficients w; are the weights associated with each term of the SQI. In this
study, a subject-specific calibration method is proposed to determine these weights, which
are optimized for everyone via an iterative procedure that maximizes the Pearson corre-
lation between the estimated SQI and subjective sleep quality score derived from the
PSQIL. This subject-specific optimization allows the model to account for inter-individual
variability in sleep perception. As a result, the SQI serves as a personalized index, with
the learned weights reflecting the individual’s perception and subjective experience of
sleep quality. Its computation requires an initial calibration phase performed individually
for each subject, based on multiple nights of recording and corresponding PSQI-derived
sleep quality evaluations. Once calibrated, the SQI can be applied to subsequent record-
ings for the same subject. Further details regarding the optimization process are provided
in Section 3.5.2. From the given formulation, it follows that SQI € [0%, 100%], where 100%
= optimal sleep and 0% = severely disturbed sleep (poor quality). A percentage scale for
sleep classification based on the SQI value is shown in Table 4.
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Table 4. Percentage scale for classifying sleep quality based on the SQI score.

SQI Sleep Quality
100-80% Excellent
79-60% Good
59-40% Discrete
<40% Poor

Although the proposed SQI relies on sleep parameters already established in the lit-
erature, its contribution lies in two main aspects. First, the SQI is designed to be directly
integrated into the automatic sleep staging pipeline. Once sleep stages have been auto-
matically classified, all parameters required for sleep quality assessment are extracted
from the same processing workflow, enabling an objective, fully automated estimate of
sleep quality without additional questionnaires or manual evaluations. Second, unlike ex-
isting indices that typically combine sleep parameters using fixed criteria, the proposed
SQI incorporates a subject-specific adaptation mechanism. The contribution of each sleep
parameter is normalized and weighted according to the individual’s sleep characteristics,
allowing the index to account for inter-subject variability. This personalization aims to
provide a more representative assessment of sleep quality at the individual level while
preserving the objective nature of PSG-derived measurements.

3.5.1. Description of the Dataset Used for Validating the SQI

To validate the proposed SQI’s ability to capture variations in sleep duration, conti-
nuity, and intensity, a dataset including sleep staging information and the parameters re-
quired for SQI computation (TST, TN3 or %N3, WASO, and SFI2), along with a sleep qual-
ity index, is needed. A dataset that meets these criteria is the “Sleep Architecture in Re-
sponse to a Late Evening Competition in Team-Sport Athletes” dataset, collected by ]J.
Vitale et al. at the IRCCS Istituto Ortopedico Galeazzi (Milan, Italy) [19]. The study inves-
tigated the impact of a late-evening competition on sleep patterns and recovery in team-
sport athletes. The dataset includes 16 male competitive athletes (mean age 25.4 + 1.4
years) monitored at home over four consecutive nights: two baseline nights before the
competition (PRE2, PRE1), the night of the event (EM), and the following night (POST1).
Sleep data were acquired using a self-applicable polysomnographic device (Sleep Profiler,
Advanced Brain Monitoring), which records EEG, EOG, and electromyographic (EMG)
signals and has been validated against standard polysomnography. Sleep staging was au-
tomatically performed in 30 s epochs using dedicated software. In addition, participants
completed sleep diaries to provide complementary subjective information. Chronotype
was assessed using the Horne—-Ostberg Morningness—-Eveningness questionnaire, base-
line sleep quality using the PSQI, and perceived recovery using the Total Quality Recov-
ery (TQR) scale. The dataset provides the following parameters:

e  Bedtime, i.e., the time when the participant attempted to fall asleep;

e Wake-up time, i.e., the time of final awakening;

e TST, i.e, the time spent in bed minus the minutes spent awake;

e  SE, i.e, the ratio of total sleep time to time spent in bed, expressed as a percentage;

° % REM sleep, i.e., valid REM sleep hours divided by total sleep hours;

e % Stage N1, i.e,, valid Stage N1 sleep hours divided by total sleep hours;

° % Stage N2, i.e., valid Stage N2 sleep hours divided by total sleep hours;

¢ % Stage N3, i.e., valid Stage N3 sleep hours divided by total sleep hours;

e SOL, i.e, the interval between the attempt to sleep and the onset of the first three
consecutive non-wake periods at the beginning of the night;
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e WASQ, i.e, the total minutes of wakefulness following the onset of sleep until the
end of the recording;
e  Cortical arousals, i.e., the number of cortical activation episodes per hour of sleep.

In addition, the sleep diary was used to record subjective rest quality, rated on a scale
from 0 (very poor) to 10 (optimal).

3.5.2. SQI Calculation and Weight Optimization

The SQI calculation was implemented using a MATLAB (ver. R2024b) script that
loads the dataset “Sleep Architecture in Response to a Late Evening Competition in Team-
Sport Athletes” (lines 5-20) and extracts the parameters needed to calculate the SQI for
the 11 subjects and the 4 nights of observation. Subjects were selected based on the avail-
ability of all data necessary for the SQI calculation (e.g., number of nighttime awakenings).
In fact, 4 subjects lacked the number of awakenings. This selection was performed as a
preprocessing step before the SQI computation. Another subject was excluded because its
sleep quality scores were constant, resulting in an undefined Pearson correlation coeffi-

cient.

4 %% Load the file

5 opts = detectImportOptions("Dataset_Profiler_modified_correct.CSV",
6 "Delimiter",";",

7 "DecimalSeparator”,",");

8 opts.VariableNamesLine = 1; % prima riga: categorie

9 opts.DatalLine = 3; % i dati iniziano dalla riga 3

10 opts = setvaropts(opts, opts.VariableNames, "DecimalSeparator"”, ",");
11 dataset = readtable("Dataset_Profiler_modified_correct.CSV", opts);
12 % Assign new variable names for easier handling

13 newNames = {

14 'iD', ...

15 'SleepTime_N1', 'SleepTime_N2', 'SleepTime_N3','SleepTime_N4',

16 'StageN3_N1', 'StageN3_N2', 'StageN3_N3', 'StageN3 N4',

17 "WASO_N1', "WASO_N2', '"WASO_N3', '"WASO_N4',

18 'Awakenings N1', 'Awakenings N2', 'Awakenings_N3', 'Awakenings N4',
19 'Quality N1','Quality N2','Quality N3','Quality N4'};

20 dataset.Properties.VariableNames = newNames;

The proposed approach requires a customization phase to tune the weights used in
the SQI calculation based on sleeper characteristics and habits/sensations. For each sub-
ject, a train/test strategy was employed to optimize the SQI’'s weights (w;) to maximize the
Pearson correlation coefficient between the calculated SQI and the subjective SQI across
three nights (Night 1-3). Afterward, the customized SQI was validated on the fourth sleep
night by comparing the calculated SQI with the subjective SQI (Night 4). The Pearson cor-
relation coefficient (r;,), which measures the linear relationship between two variables x
and y;, is defined as follows:

D » SCTEE TG Res )
P - 02T, (5 - 9)?

where x; represents the SQI value, % its mean, y; the subjective sleep quality score, y

)

its mean, and nis the number of observations (three nights). Although the number of ob-
servations per subject is limited (three nights), this approach is intended as a preliminary
subject-specific calibration. A value of 7, close to 1 indicates a strong positive linear cor-
relation, whereas values close to 0 indicate no linear correlation. The correlation was com-
puted using the MATLAB (ver. R2024b) function “corr” with the ‘Pearson’ option (line
77).
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calculated as wy

Specifically, the weights w;, w,, and w; were varied in steps of 0.01, while w, was

1 — (w; +w, + w3). For each combination of weights, the script com-

putes the SQI across three nights and evaluates the Pearson correlation between the SQI

and each subject’s subjective sleep quality. The optimal set of weights maximizing this

correlation is stored and reported for each subject (lines 26-84).

26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47

48
49
50
51
52
53

54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77

%% Subjects and nights setup

n_sub = 11;

n_night = 4;

% Training nights (1-3) and test night (4)

train_nights = 1:3;

test_night = 4;

%% Extract all parameters into matrices

TST_all = zeros(n_sub, n_night);

TN3_all = zeros(n_sub, n_night);

WASO_all = zeros(n_sub, n_night);

SFI2 all = zeros(n_sub, n_night);

sleep_quality_all = zeros(n_sub, n_night);

for i = 1:n_sub

for j = 1:n_night

TST_all(i,j) = dataset.(sprintf("SleepTime_N%d", j))(i); %[h]
TN3_all(i,j) = dataset.(sprintf("StageN3_N%d", j))(i); %[h]
WASO_all(i,j) = dataset.(sprintf("WASO_N%d", j))(i); %[min]
wakes = dataset.(sprintf("Awakenings N%d", j))(i);
SFI2_all(i,j) = wakes / TST_all(i,j); %[h~-1]

sleep_quality all(i,j) = dataset.(sprintf("Quality N%d",j))(i) * 10; %[%]
end
end
%% Pre-compute normalized terms for ALL nights (used in both train and test)

Terml = max(@, min(TST_all / TST max, 1)); % Normalized TST
TN3_max_all = ©.29 * TST_all;

Term2 = max(@, min(TN3_all ./ TN3_max_all, 1)); % Normalized N3 sleep
Term3 =1 ./ (1 + (WASO_all / 60)); % WASO penalty
Termd =1 ./ (1 + SFI2_all); % Fragmentation penalty
%% Grid search: optimize weights on training nights (1-3) per subject
wl_range = 0:0.01:1;
w2_range = 0:0.01:1;
w3_range = 0:0.01:1;
best_corr = -Inf(n_sub, 1);
best_weights = zeros(n_sub, 4);
fprintf('=== Weight Optimization (Training: Nights 1-3) ===\n\n')
for s = 1:n_sub
for wl = wl_range
for w2 = w2_range
for w3 = w3_range
wh =1 - (wl + w2 + w3); % Enforce weights sum to 1
if w4 >= 0

% Compute SQI only on training nights (1-3)
SQI_temp = ((wl * Terml(s, train_nights)) + ...
(w2 * Term2(s, train_nights)) + ...
(w3 * Term3(s, train_nights)) + ...
(wd * Termd(s, train_nights))) * 100;
x=SQI_temp"'; % SQI on nights 1-3
y=sleep_quality all(s, train_nights)'; % Subjective quality on nights 1-3
% Pearson correlation on training nights
r = corr(x, y, 'Type', 'Pearson');
if ~isnan(r) && r > best_corr(s)
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78 best_corr(s) = §

79 best_weights(s,:) = [wl w2 w3 w4];
80 end

81 end

82 end

83 end

84 end

Finally, using the optimized weights, the script calculates the SQI on the fourth night
(Night 4) and compares it with the corresponding subjective SQI, determining, for each
subject, the absolute error to derive the mean absolute error for the subject cohort.

4. Results

This section presents the results obtained from the proposed algorithm for automatic
sleep staging and sleep quality assessment. The performance of the two-stage deep learn-
ing model is first analyzed in terms of classification metrics, including accuracy, precision,
recall, and Fl-score, as well as confusion matrices, using the multimodal feature set
adopted for training and testing. Afterward, the algorithm is validated on subjects not
included in the training and testing phases, using the previously trained and validated
classifier, to assess its generalization capability. Finally, the experimental validation of the
proposed SQI is reported, demonstrating its capability to provide a comprehensive and
objective evaluation of sleep quality by integrating multiple sleep domains, including du-
ration, intensity, continuity, and fragmentation.

4.1. Performance of the Two-Stage DL Model for Sleep Staging

After developing the WRN and NREM classifiers, both models were trained and
evaluated using a multimodal feature set comprising 56 principal components (PCs) ex-
tracted from EEG signals, eight PCs from EOG, two respiratory-related features derived
from the PPG signal, and eight cardiac-related features also derived from the PPG signal.
The performance of the WRN classifier on the test set is illustrated in Figure 8 through
both absolute (a) and normalized (b) confusion matrices, together with the corresponding
evaluation metrics, including precision, recall, F1-score, and overall accuracy, which are
summarized in Table 5. The WRN model achieves an overall accuracy of 92.9%.

Similarly, the performance of the three-class NREM classifier is reported in Figure 9,
which presents both absolute (a) and normalized (b) confusion matrices. The associated
evaluation metrics are summarized in Table 6. The NREM classifier attains an overall ac-
curacy of 93.3%.

The two three-class models were then integrated in a cascaded architecture to obtain
a five-class sleep staging system. The test set performance is shown in Figure 10, which
includes both absolute (a) and normalized (b) confusion matrices, and the corresponding
evaluation metrics are reported in Table 7.

Table 5. Evaluation metrics of the WRN classifier trained and tested on the multimodal feature set.

Precision [%] Recall [%] F1-Score [%] Support for Each Class
Wake 80.8 95.2 87.4 523
REM 81.6 95.2 87.9 1049
NREM 99.1 91.9 95.4 3684
Macro avg 87.2 94.1 90.2 5256 (total support)
Weighted avg 93.8 92.9 93.1 5256 (total support)
Total accuracy 92.9% 5256 (total support)
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Figure 8. Absolute (a) and normalized (b) confusion matrices for the WRN classifier with the mul-
timodal feature set.
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Figure 9. Absolute (a) and normalized (b) confusion matrices for the NREM classifier with the mul-
timodal feature set.
Table 6. Evaluation metrics of the NREM classifier trained and tested with the multimodal feature
set.
Precision [%] Recall [%] F1-Score [%] Support for Each Class
N1 38.2 60.5 46.8 43
N2 97.8 94.7 96.2 1257
N3 74.7 87.7 80.7 81
Macro avg 70.3 81.0 74.6 1381 (total support)
Weighted avg 94.6 93.3 93.8 1381 (total support)
Total accuracy 93.3% 1381 (total support)
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Figure 10. Absolute (a) and normalized (b) confusion matrices for the 5-class classifier with the mul-
timodal feature set.
Table 7. Evaluation metrics of the 5-class classifier trained and tested on the multimodal feature set.
Precision [%] Recall [%] F1-Score [%] Support for Each Class
Wake 88.9 95.2 92.0 523
REM 91.5 95.2 93.3 1049
N1 36.1 51.2 42.3 43
N2 98.0 87.5 924 1257
N3 721 76.5 74.3 81
Macro avg 77.3 81.1 78.9 2953 (total support)
Weighted avg 92.4 90.8 91.4 2953 (total support)
Total accuracy 90.8% 2953 (total support)

The framework shows a lightweight memory footprint, with model sizes of 1.91 MB
for the WRN classifier, 1.23 MB for the NREM classifier, and a total of 3.14 MB for the 5-
class classifier. The model files are available in the Supplementary Materials (File S1).

To assess the potential impact of data augmentation on model generalization and to
mitigate concerns regarding synthetic overfitting, statistical leakage, and artificial infla-
tion, we performed a LOSO validation analysis. Unlike random-sample-based splitting
strategies, LOSO ensures that all recordings from a given subject are excluded from train-
ing and used only for testing, thereby providing a more stringent evaluation of subject-
independent generalization. This protocol is particularly relevant in sleep stage classifica-
tion, where inter-subject variability may otherwise lead to overly optimistic performance
estimates. Table 8 reports the mean and standard deviation of precision, recall, F1-score,
and overall accuracy obtained using LOSO validation.

Table 8. Mean and standard deviation of precision, recall, F1-score, and overall accuracy obtained
using the LOSO validation.

Precision [%] Recall [%] F1-Score [%]
Macro avg 55.3+8.7 60.4 +10.0 56.3 +10.1
Weighted avg 88.8+£3.0 86.2+3.2 87.0+3.2
Total accuracy 86.7% +3.1%

As reported in Table 8, the LOSO evaluation yielded an overall accuracy of 86.7% +
3.1%, with weighted-average F1-score, precision, and recall values of 87.0% + 3.2%, 88.8%
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+ 3.0%, and 86.2% * 3.2%, respectively. Although the macro-average metrics were lower
(F1-score = 56.3% * 10.1%), reflecting the persistent difficulty of accurately classifying mi-
nority sleep stages (particularly N1 and N3), the overall performance remained consistent
across training and testing. These results indicate that the model retains a reasonable abil-
ity to generalize to unseen subjects, reducing concerns that the reported performance is
primarily driven by information leakage introduced during data augmentation.

To investigate whether more advanced class-balancing strategies could improve the
classification of minority sleep stages, we compared the proposed data augmentation
method with two widely used oversampling techniques, namely ADASYN (Adaptive
Synthetic Sampling) and SMOTE (Synthetic Minority Over-Sampling Technique). All
methods were evaluated under the same experimental conditions, and their performance
(Table 9) was assessed using precision, recall, F1-score, and total accuracy.

Table 9. Performance comparison of the proposed data augmentation approach and alternative
oversampling techniques (ADASYN and SMOTE) for addressing class imbalance in sleep stage clas-

sification.
Oversampling Techniques Precision [%] Recall [%] F1-Score [%]
Macro av 77.3 81.1 78.9
Proposed Data Weighted agvg 92.4 90.8 91.4
Augmentation

Total accuracy 90.8%

Macro avg 77.3 78.5 77.7

ADASYN Weighted avg 90.7 89.8 90.0
Total accuracy 89.8%

Macro avg 77.3 77.8 77.4

SMOTE Weighted avg 90.5 89.6 89.7
Total accuracy 89.6%

As shown in Table 9, the proposed data augmentation strategy outperformed both
ADASYN and SMOTE across all primary evaluation metrics, including total accuracy and
weighted-average Fl-score. Although the macro-average precision remained identical
across the three methods, the proposed augmentation achieved higher macro-average re-
call and F1-score, indicating a better balance between majority and minority class perfor-
mance. These results suggest that, for the dataset considered, the adopted augmentation
strategy is more effective than other synthetic oversampling methods at mitigating class
imbalance. Nevertheless, the classification of N1 and N3 stages remains challenging, high-
lighting an avenue for future research involving more sophisticated balancing strategies
and architecture-level modifications.

To complete the characterization of the sleep staging model, we determined the in-
ference time latency, throughput, CPU utilization, and estimated energy consumption.
Latency was measured over 100 inference iterations (after 10 warm-up iterations) using a
single-sample input, quantifying latency as mean inference time and percentiles (P95 and
P99). Also, energy consumption was measured using a CPU utilization-based model, with
instantaneous power consumption determined by scaling the CPU TDP (Thermal Design
Power) of 15 W (Intel Core i5-1334U) based on CPU usage. Thus, the energy per inference
was then calculated by multiplying the mean inference time by the estimated power. This
process offers a means of comparing computing performance across several feature sets
on the same hardware, albeit approximately. Table 10 reports the characterization of the
two-stage sleep staging model.
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Table 10. Benchmarking results of the 5-class sleep staging model: inference time, latency, and en-

ergy consumption analysis.

Parameter Value
Preprocessing time [ms] 6670.23
Mean latency [ms] 2.75
P95 [ms] 3.87
P99 [ms] 4.25
Throughput [sequences/s] 363.63
CPU Usage [%] 15.75
Estimated Energy [m]] 7.01

The preprocessing time includes feature loading and sequence creation, which are
performed before sleep staging; the model requires only 2.75 ms per sequence for infer-
ence. These results support the characterization of the proposed model as resource-effi-
cient. Specifically, the inference latency is less than 0.01% of the 30 s sleep epoch, provid-
ing substantial computational headroom for real-time operation. Furthermore, the low
CPU utilization (15.75%) and estimated energy consumption (7.01 m] per inference) indi-
cate that the model imposes a modest computational burden and can operate without re-
quiring dedicated high-performance computing resources. Although benchmarking was
performed on a general-purpose CPU rather than a dedicated embedded platform, the
combination of low latency, high throughput, and limited resource utilization suggests
that the proposed framework is suitable for deployment on resource-limited hardware.

To assess the contribution of each biosignal modality to the overall performance of
the proposed multimodal framework, an ablation study was conducted [53,54]. To inves-
tigate the contribution of the additional biosignal modalities, an incremental modality
analysis was performed. Starting from the EEG-only configuration, the model was re-
trained by progressively incorporating EOG and PPG signals while maintaining the same
architecture, training protocol, and evaluation procedure. The resulting performance was
then compared with that of the complete multimodal model. This analysis was designed
to evaluate the extent to which each additional modality contributes to sleep-stage classi-
fication performance and to assess the robustness of the proposed framework when spe-
cific signal sources are unavailable. Table 11 reports the five-class classification perfor-
mance metrics and model size for each feature set, allowing the contribution of the addi-
tional EOG and PPG modalities to be assessed relative to the EEG-only baseline.

Table 11. The 5-class classification performance metrics and model size across each feature set.

Feature Set Precision [%] Recall [%] F1-Score [%] Model Size (MB)
Macro avg 76.0 81.9 78.4
Only EEG Weighted avg 92.1 89.9 90.7 2.95
Total accuracy 89.9%
Macro avg 78.2 80.7 79.3
EEG + EOG Weighted avg 924 90.7 914 3.04
Total accuracy 90.7%
Macro avg 75.7 79.9 77.5
EEG + PPG Weighted avg 91.8 90.0 90.7 3.06
Total accuracy 90.0%
Macro avg 77.3 81.1 78.9
EEG + EOG + PPG  Weighted avg 924 90.8 914 3.14
Total accuracy 90.8%
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4.2. Validation of the Staging Algorithm on Subjects External to the Training/Testing Dataset

Once the sleep staging algorithm was developed, as described in Section 3.4, it was
tested on several subjects not included in the dataset used for training and testing the
model, to verify its performance when applied to data not previously considered. There-
fore, 14 subjects were selected from the BOAS dataset who had not been selected during
the previous subject selection step performed during the construction phase of the dataset
used for training and testing the sleep staging model. The only requirement considered in
subject selection was the presence of the same set of biosignals (EEG, EOG, and PPG) as
those used to construct the training/testing dataset. Subsequently, the signals were man-
ually inspected to remove uniformly noise- and artifact-corrupted portions, staging them
both before and after removal to verify their impact on the classification algorithm’s over-
all performance. In addition, each signal was tested with two values of the “max_gap”
parameter (5 and 25), used to smooth spurious transitions in REM sleep, enabling the
evaluation of the smoothing effect on the model’s predictions and the overall performance
of the sleep staging algorithm. The performance of the classification algorithm is quanti-
fied using accuracy as the evaluation metric, defined as:

n° of correctly predicted sequences

Accuracy = (10)

n® of total sequences of the subject

Table 12 shows the accuracy values of the staging algorithm for an entire night’s
sleep, compared with the staging reported in the dataset’s annotation file, determined by
consensus among three medical experts. In detail, Table 12 reports the accuracy obtained
by the pipeline pre- and post-application of the heuristic rules (discarding W«>N3 direct
transitions and REM smoothing) and with them applied to both the full signals and sig-
nals after removing portions affected by artifacts. In this way, the impact of the heuristic
rules on the pipeline performance is established. In addition, Table 12 reports the accuracy
values for two values of the “max_gap” parameter: 5 and 25. To provide a comprehensive
quantitative validation of the proposed architecture’s impact, a comparative analysis was
performed against a probabilistic baseline using the HMM approach. Therefore, in Table
12, the HMM approach was evaluated under identical conditions using both raw and ar-
tifact-cleaned signals.

Figure 11 shows the hypnogram for subject 72, the subject for whom the model
achieved the best performance (accuracy = 91.99%). Furthermore, Figure 12 compares the
hypnogram obtained using the staging algorithm with the ground truth, represented by
the staging provided by the BOAS dataset.

Figure 13 shows the confusion matrix of the staging model’s predictions for se-
quences covering the entire night for subject 72, using the manual sleep scoring from the
BOAS dataset as the ground truth.

Table 12. Accuracy of the automatic staging algorithm, evaluated on 14 subjects not included in the
training/testing dataset, pre- and post-application of the heuristic rules (two different “max_gap”
parameters: 5 and 25) and HMM, and for different input configurations (integer signals and cleaned
signals). The test with the lowest accuracy is highlighted in orange; the one with the highest accu-

racy is indicated in green.

Accuracy Accuracy Accuracy Accuracy Accuracy
Subject (Raw-Integer (Heuristic Rules- HMM (Raw-Cleaned (Heuristic Rules- é;C:;a?’ SI_II 1\:111:1[)
Signal) Integer) (Integer Signal) Signal) Cleaned) eaned S1g

85.67% 2 83.86% =

2 .2 00 . 400 .2 00 .4 00

5 86.23% 83.16% b 88.84% 85.29% 8131% b 88.46%

o 84.57% 2 o o 84.46% 2 o
58 84.49% 81.87% b 88.76% 84.38% 76.75% 89.08%
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84.39% 83.79%
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Figure 11. An example of a hypnogram generated by the developed sleep staging algorithm for

subject 72 (with no heuristic rules), who achieved the highest accuracy score among all subjects.
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Hypnogram Comparison: Ground Truth vs. Predicted - sub_72
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Figure 12. Comparison between the hypnograms generated by the automatic sleep staging algo-
rithm (namely, the predicted hypnogram) and the ground truth represented by the sleep staging
data from dataset for subject 72, for both representation modes: (a) single-layer and (b) multilayer

hypnogram.
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Figure 13. Confusion matrix of the predictions (in terms of sequences) provided by the sleep staging

algorithm with the ground truth represented by the annotations in the BOAS dataset for subject 72.

Validation of the Staging Algorithm on Subjects of the ISRUC Datasets

To emphasize the algorithm’s performance and to demonstrate that there is no risk
of synthetic overfitting, statistical leakage, and artificial inflation of performance, we car-
ried out cross-dataset validation on a public sleep database, the ISRUC-Sleep dataset [55],
to thoroughly assess the generalization capacity of our suggested two-stage LSTM frame-
work beyond the BOAS dataset. This dataset was chosen because it provides a set of sig-
nals compatible with our complete feature set (cardiorespiratory, EEG, and EOG features).
As the dataset does not provide the PPG signal, cardiorespiratory features were extracted
from the ECG signal. The ISRUC-Sleep dataset is divided into three subgroups: Subgroup
I (5G-I) comprises 100 subjects with signs of sleep disorders (sleep apnea); Subgroup II
(SG-II) comprises data from 8 subjects with signs of sleep disorders (sleep apnea) collected
across two acquisition sessions; and Subgroup III (SG-III) comprises the control group,
comprising data from 10 healthy subjects. A set of 25 randomly selected subjects from SG-
I of the ISRUC dataset were used to test the model. Using the same preprocessing and
feature-extraction pipeline outlined in Section 3.4, we used a zero-shot evaluation tech-
nique in which the model was assessed directly on unseen target datasets. In this way, the
model’s efficacy in subjects with sleep disorders was verified. Table 13 summarizes the
performance (mean =+ std) of the proposed automatic sleep staging classifier across the
ISRUC (SG-I) dataset.

Table 13. Validation results (mean + std) of the sleep stage classifier on the ISRUC(SG-I) dataset.

Accuracy [%] Precision [%] Recall [%] F1-Score [%]
781 +55 80.3 +4.8 77.5+3.9 76.2+4.2

Specifically, the automatic sleep staging algorithm achieved a mean accuracy of
78.1%. Due to variations in recording hardware, sampling rates, electrode placement, and
population characteristics and conditions (i.e., healthy and pathologic) between the BOAS
and ISRUC datasets, the performance degradation in accuracy (-12.7%) relative to the
BOAS test set is similar to that observed when state-of-the-art models are assessed on an
external dataset. Specifically, well-known sleep staging models like TinySleepNet and
XSleepNet2 demonstrated a notable decline in performance during cross-dataset testing
compared to that during validation [56,57].
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4.3. Experimental Validation of the Proposed Sleep Quality Index

The optimal subject-specific weights, resulting from the calibration procedure de-
scribed in Section 3.5.2, are summarized in Table 14 and used to compute the SQI and the
correlation from the optimization process. As previously described, after the weight opti-
mization carried out on the first three nights, the SQI was validated on the fourth sleep
night for each subject using the optimized weights; Table 15 compares the calculated SQI
and the subjective SQI for each subject resulting from the validation (Night 4), reporting
the corresponding absolute error.

Table 14. Weights optimized for each subject on the three sleep nights (Night 1-3), derived by the

Pearson coefficient’s optimization.

ID wy w, w3 Wy Optimized Correlation
1 0.11 0.10 0.11 0.68 0.66
2 0.27 0.11 0.16 0.46 0.98
3 0.11 0.20 0.53 0.16 0.99
4 0.20 0.15 0.31 0.34 0.99
5 0.24 0.42 0.14 0.20 0.99
6 0.14 0.19 0.54 0.13 0.99
7 0.69 0.10 0.11 0.10 0.70
9 0.11 0.68 0.11 0.10 0.48
10 0.11 0.25 0.20 0.44 0.99
11 0.11 0.10 0.11 0.68 0.33
12 0.53 0.12 0.20 0.15 0.99

Table 15. Comparison between the estimated SQI (SQI Night 4 columns) and the corresponding
sleep quality scores on the Night 4 (Subj-SQI Night 4 columns).

ID SQI Night 4 Subj-SQI Night 4 Absolute Error
1 63 50 13
2 79 80 1
3 84 80
4 84 90 6
5 59 70 11
6 87 80 7
7 72 50 22
9 61 80 19

10 83 60 23

11 92 90 2

12 79 90 11

The validation results demonstrate that the proposed calibration procedure can ef-
fectively adapt the SQI to individual sleep characteristics. In the independent fourth-night
validation, the calculated SQI had a mean absolute error of 10.81 points relative to the
subjective SQI. The median absolute error on the Night-4 validation is 11, which is close
to the MAE (10.8 points), suggesting a relatively symmetric error distribution with limited
skewness and no substantial influence from extreme outliers. Although several subjects
exhibited close agreement between objective and subjective scores, larger errors observed
in some individuals indicate that further investigation on larger cohorts is necessary to
assess the robustness and generalizability of the proposed personalization strategy.”
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5. Discussion

This section analyzes and interprets the results presented in Section 4, with a partic-
ular focus on the performance of the automatic sleep classifier and the validation of the
automatic staging algorithm (Section 5.1). Section 5.2 discusses the results regarding the
SQI obtained by optimizing the weights for each subject.

5.1. Performance Evaluation of the Automatic Sleep Classifier and Validation of
Staging Algorithm

A multimodal setup comprising 56 EEG PCs, eight EOG PCs, two respiratory, and
eight cardiac PPG features was used to assess the automatic sleep classifier. With this fea-
ture set, the three-class WRN classifier achieved a 92.9% overall accuracy and a macro-
average Fl-score of 90.2% (Table 5). Wake epochs were identified with an F1-score of
87.4%, precision of 80.8%, and recall of 95.2%, indicating good separability of this state.
REM sleep classification benefited from the inclusion of EOG-related PCs capturing rapid
eye movements, yielding an Fl-score of 87.9%, precision of 81.6%, and recall of 95.2%.
NREM sleep showed the most consistent performance (F1-score of 95.4%, precision of
99.1%, recall of 91.9%), confirming robust classification. The WRN classifier has a memory
occupation of just 1.91 MB.

Using the same multimodal feature set, the three-class NREM classifier achieved an
overall accuracy of 93.3% and a macro-average Fl-score of 74.6% for classifying N1, N2,
and N3 stages, as reported in Table 6. The N1 stage exhibited the lowest performance,
with an F1-score of 46.8%, a precision of 38.2%, and a recall of 60.5%, reflecting the diffi-
culty in correctly identifying this transitional sleep stage. In contrast, the N2 stage showed
consistently high performance, with an F1-score of 96.2%, precision of 97.8%, and recall of
94.7%, indicating a robust and reliable classification. The N3 stage also showed good de-
tection of deep sleep periods, achieving an F1-score of 80.7%, precision of 74.7%, and recall
of 87.7%, indicating a slight tendency to over-predict the N3 class. Overall, the multimodal
feature set enables effective discrimination among NREM sub-stages, with particularly
strong performance for N2 and N3, while N1 is the most challenging class to identify. This
behavior is justified by the underrepresentation of N1 and N3 sequences in the training
and test datasets, as discussed in Section 3.3, which reduces the classifier's exposure to
these stages and consequently limits its ability to generalize these classes effectively. The
NREM classifier shows a lightweight memory footprint with a model size of 1.23 MB.

Finally, the cascaded five-class sleep staging classifier, implemented under the same
multimodal configuration, reached an overall accuracy of 90.8% and a macro-average F1-
score of 78.9%, as reported in Table 7, supporting the reliability of the full architecture.
The Wake stage was identified with high reliability, achieving an F1-score of 92.0%, pre-
cision of 88.9%, and recall of 95.2%. Similarly, REM sleep showed strong performance,
with an F1-score of 93.3%, precision of 91.5%, and recall of 95.2%, indicating a limited
number of misclassifications. Within the NREM sub-stages, N1 remained the most diffi-
cult class to detect, with an F1-score of 42.3%, precision of 36.1%, and recall of 51.2%, due
to its transitional nature and overlap with adjacent stages such as Wake and N2, but
mainly to the under-representation of the N1 class in the training/test dataset. In contrast,
N2, which accounted for the largest proportion of total sleep time, showed consistent per-
formance, yielding an Fl-score of 92.4%, precision of 98.0%, and recall of 87.5%. N3
achieved an Fl-score of 74.3% with a precision of 72.1% and recall of 76.5%, confirming
effective detection of deep sleep, though with a tendency toward overestimation, as indi-
cated by the high recall. The complete cascaded architecture has an overall model size of
3.14 MB. The performance across sleep stages suggests that, despite data augmentation to
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compensate for class imbalance, the less represented classes (N1 and N3) perform worse
than the majority classes, as indicated by the macro-average metrics reported in Table 7.

Furthermore, to quantify the contribution of each biosignal modality, we conducted
an ablation study (Table 11) by systematically training and evaluating the model across
four different feature sets (EEG-only, EEG + EOG, EEG + PPG, and EEG + EOG + PPG).
This experimental design allows us to assess the impact of each signal on the overall per-
formance. The results show that EEG-only provides strong performance (89.9% accuracy),
confirming it as the dominant source of discriminative information for sleep stage classi-
fication. The inclusion of EOG yields modest improvements in accuracy (+0.8%, from
89.9% to 90.7%), indicating that ocular activity provides complementary information, par-
ticularly during transitional stages such as REM. In contrast, adding PPG provides only a
limited additional benefit, suggesting a partially informative contribution, obtaining an
accuracy of 90.0% (+0.1% with respect to the only-EEG feature set). The complete multi-
modal feature set (EEG + EOG + PPG) achieves the best overall performance (90.8% accu-
racy, +0.9% over EEG-only). A similar trend is observed in model size: the EEG-only
model is 2.95 MB; EEG + EOG increases slightly to 3.04 MB (+0.09 MB); EEG + PPG in-
creases to 3.06 MB (+0.11 MB); and the full multimodal model reaches 3.14 MB (+0.19 MB
compared to EEG-only). The limited performance and model size variations across feature
sets suggest that the framework is primarily EEG-driven, with EOG providing the most
consistent complementary contribution. At the same time, PPG has a relatively small im-
pact on performance. These results suggest a limited sensitivity to the removal of individ-
ual modalities, with performance remaining largely stable when a single signal is ex-
cluded.

While the previous results highlight the effectiveness of the proposed models under
training and testing conditions, an additional validation phase was conducted to assess
their generalization performance on subjects outside the training/test dataset, as would
happen in a real-world scenario. The sleep staging algorithm achieved accuracy ranging
from 80.26% to 91.99% across the 14 selected subjects outside the training/test dataset.
Removing signal portions affected by artifacts typically improves model performance by
eliminating sections that mislead the model, thereby enhancing the algorithm’s decision-
making capabilities, as is reported in Table 12. However, for some subjects (e.g., 52, 58, 62,
and 96), signal cleaning led to a slight degradation of the sleep staging algorithm’s perfor-
mance, an effect attributable to the removal of signal portions that the algorithm was still
able to classify correctly, despite the presence of artifacts in one or more of the analyzed
biosignals. However, the phase-sequence interruption caused by the removal operation
likely led to some staging errors in those signal portions. Also, the effect of the heuristic
rules on the pipeline performance was evaluated, comparing the accuracy pre- and post-
their application; in most cases, the use of moderate smoothing (max_gap = 5) on epochs
classified as REM has a beneficial effect on model performance, leading to an increase,
even a significant one (e.g., for subjects 58, 61, 80, 81 and 96), in accuracy. However, a more
aggressive smoothing, with a max_gap parameter of 25, tends to introduce errors during
transition phases involving passage through REM sequences, thereby reducing the
model’s performance across almost all subjects.

Furthermore, Table 12 compares our heuristic rules with the HMM approach; the test
results show that across the cohort of unseen subjects, the HMM approach generally out-
performs the LSTM model regularized with heuristic rules. The behavior is primarily due
to the HMM’s inherent strength in capturing strictly probabilistic transition dependencies
between subsequent epochs over long temporal chains, allowing it to naturally smooth
out sudden, non-physiological phase transitions without relying on a rigid threshold-
based constraint. For instance, under the cleaned signal condition, the HMM achieves
91.99% accuracy for subject 72, compared with 90.74% obtained with our heuristic rules.
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This result suggests that integrating a probabilistic transition matrix into the post-pro-
cessing pipeline or exploring hybrid deep-probabilistic models represents a promising di-
rection for further enhancing the reliability of automatic sleep staging.

When comparing the hypnogram obtained from the sleep staging algorithm with the
reference one, there is excellent agreement between the predictions from the sleep staging
model and ground truth (Figure 12). The model faithfully replicates the macro-architec-
ture of sleep, accurately reflecting the duration and sequence of NREM-REM cycles, with
only minor discrepancies in phase transitions. Figure 13 shows the confusion matrix of
the staging model’s predictions over the entire sleep night, using the BOAS dataset’s sleep
scoring as the ground truth. The distribution of values highlights a good overall accuracy,
with most sequences correctly classified along the main diagonal. The best performance
is observed for the REM and N2 stages, with a high number of correct classifications. The
Wake state is also well identified, although with some errors towards N2. As previously
discussed, the N1 stage appears to be the most challenging, since most of them are con-
fused with Wake and N2. Regarding the N3 class, good detection capability is observed,
though some misclassifications toward N2 indicate an overlap between the two stages.

Tests conducted on unseen subjects demonstrated discrete variability in the algo-
rithm’s performance across the subject cohort, with values slightly lower but still in line
with those obtained in the model test (90.8%), reflecting the natural variability in signals
across subjects. In addition to unseen subject validation from the BOAS dataset (Section
4.2), a cross-dataset validation using the ISRUC dataset was performed (Section Valida-
tion of the Staging Algorithm on Subjects of the ISRUC Datasets). Both validations were
essential for assessing the model’s ability to handle unseen data.

5.2. 5QI Validation and Correlation with the Subjective Sleep Quality Index

Before discussing the performance and optimization of the proposed SQJ, it is worth
evaluating the suitability of the validation dataset, which considers conditions of shift in
the sleep-wake rhythm. Specifically, after evening matches, a significant delay in bedtime
was observed (on average, approximately 2 h and 29 min compared to pre-game nights)
with a corresponding delay in wake time (on average, approximately 9 h and 20 min).
Despite these temporal changes, the key sleep quality metrics considered within the SQI
framework, including TST, SE, sleep stage distribution, SOL, WASO, and arousal index,
did not show substantial variations between the different conditions. Similarly, perceived
recovery (TQR) scores and subjective sleep quality remained essentially unchanged [19].
These findings suggest that changes in sleep timing alone do not necessarily imply alter-
ations in intrinsic sleep quality, as captured by the proposed index, emphasizing the im-
portance of multiple-night recordings for distinguishing circadian rhythm effects from
true changes in sleep quality. These results also demonstrate the adequacy of the selected
dataset for validating the proposed SQI, enabling analysis across multiple consecutive
nights for each subject.

From the calibration process aimed at maximizing the Pearson correlation coefficient
for each subject (Table 14), it is evident that the weights (w;,i = 1,2, 3,4) differ signifi-
cantly across the 11 subjects considered. This lack of correlation in weight across subjects
is attributable to the purely subjective nature of sleep quality assessment, which is influ-
enced by each subject’s needs, sensations, and habits. This result justifies the proposed
approach of customizing the SQI for each tested subject by analyzing metrics derived from
sleep scoring and subjective sleep assessments over multiple consecutive nights to opti-
mize the SQI weights (w;) for each subject. Once these weights have been determined, the
customized SQI will be used to quantify sleep quality over subsequent nights objectively.

The calibration results in Table 14 demonstrate a successful weight optimization pro-
cess across the initial training nights (Nights 1-3). Despite the restricted calibration
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window, a robust linear relationship was achieved between the optimized SQI and sub-
jective scores for most participants. Independent testing on Night 4 confirms this perfor-
mance, with the calculated SQI yielding an MAE of 10.81 points against subjective sleep
quality profiles (Table 15). The median absolute error of 11.00 points closely matches the
MAE, indicating a symmetric error distribution unaffected by severe outliers. Although
most individuals showed strong concordance, the wider error margins in some cases em-
phasize the need to validate this subject-specific strategy in larger cohorts to assess its
broader generalizability (Table 15).

In this context, weight optimization must be intended as an initial calibration phase
for the system. In practice, before the index can be used operationally, a limited number
of nights of sleep must be collected for each subject, during which both sleep-scoring data
and subjective assessments are collected through sleep diaries and the PSQI question-
naire. The latter enables the estimation of a subjective sleep quality score, which serves as
a reference for optimizing the index weights. Once this phase is complete, the SQI can be
used to provide an objective, personalized assessment of sleep quality on subsequent
nights, without the need for further subjective input. The differences observed in some
subjects, such as Subject 7, can be attributed to both inter-individual variability in sleep
perception. The differences observed between the SQI and subjective sleep assessment
highlight that sleep quality is a complex concept, influenced not only by objective param-
eters but also by subjective factors that are difficult to model.

Overall, the results indicate that the proposed SQI is a promising tool for quantitative
assessment of sleep quality, with potential applications in personalized monitoring and
integration into wearable systems for real-world sleep analysis.

6. Conclusions

This study presents the development of a two-stage sleep staging classifier, trained
and tested on an optimized multimodal feature set including PCs/features of EEG, EOG,
and PPG signals. These data were extracted from 25 subjects from the BOAS dataset. The
test results demonstrated that the five-class classifier achieved high classification perfor-
mance (90.8% total accuracy; Table 7) while maintaining a lightweight memory footprint
(3.14 MB total memory usage), making it suitable for real-world applications. The model’s
robustness was established through LOSO cross-validation and an independent cross-da-
taset evaluation using pathological records from the ISRUC-Sleep database. The stable
performance maintained across this distinct cohort demonstrates that our feature optimi-
zation and cascading neural network maintain high diagnostic reliability when exposed
to unseen clinical populations. Then, the classifier was integrated into an automatic sleep
staging algorithm, which was validated on subjects from the BOAS dataset who were not
involved in the training or testing phases. Using heuristic post-processing rules, the auto-
matic sleep staging algorithm achieved accuracies ranging from 80.26% to 91.99% across
the 14 selected subjects excluded from the training and testing datasets. In addition, the
same validation was performed using an HMM-based approach on the same subjects,
yielding improved performance and reaching a peak accuracy of 91.99%.

Finally, an SQI based on metrics derived from sleep staging was proposed, combin-
ing different sleep domains (duration, intensity, continuity-fragmentation) and overcom-
ing the limitations of methods reported in the literature that consider only one sleep as-
pect. The SQI provides an objective, subject-specific assessment of sleep quality by requir-
ing a calibration phase in which its weights are adapted to the individual’s needs, sensa-
tions, and habits. The proposed SQI was validated on an independent dataset containing
data from 11 subjects across 4 consecutive sleep nights. A train/test approach was fol-
lowed, optimizing weights on three nights (Nights 1-3) and testing the SQI on an inde-
pendent night (Night 4). These findings confirm the effectiveness of the proposed
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calibration strategy and support the potential of the SQI for objective, personalized, and
fully automated sleep quality monitoring. Despite promising results, the main limitation
is the small number of calibration (n = 3) and validation (single night) nights per subject
due to the scarcity of datasets combining sleep staging-derived parameters with subjec-
tive sleep quality scores. A larger validation dataset is required to confirm its robustness
and generalizability across diverse populations and sleep patterns, which will be ad-
dressed in future work. Also, the next step is to integrate the proposed sleep staging algo-
rithm into dedicated software for automatic sleep scoring, analyzing biosignals acquired
from the sleep mask. In addition, while the current version operates in offline mode using
the full-night feature set, the algorithm can be adapted for online sleep staging during
signal acquisition, enabling continuous, incremental predictions throughout recording.
Furthermore, the SQI computation module is intended to be integrated into the same soft-
ware environment as the automatic sleep staging system. In this way, once sleep staging
is complete, the algorithm can automatically extract the required parameters (TST, TN3,
WASO, SFI2) and compute the corresponding SQI, enabling a fully automated pipeline
for both sleep classification and quality assessment.

Supplementary Materials: The following supporting information can be downloaded at:
https://www.mdpi.com/article/10.3390/s26134091/s1, File S1: saved_models_working_com-
plete_feature_set.zip; File S2: Sleep Staging Pipeline.py.
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The following abbreviations are used in this manuscript:

SQI Sleep Quality Index

EEG Electroencephalographic

EOG Electrooculographic

PPG Photoplethysmographic

ASI Italian Space Agency

ECG Electrocardiographic

RR Respiratory Rate

DL Deep Learning

BOAS Bitbrain Open Access Sleep
mRMR minimum Redundancy Maximum Relevance
PCA Principal Component Analysis
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LSTM Long Short-Term Memory

REM Rapid Eye Movement
NREM Non-Rapid Eye Movement
SE Sleep Efficiency

TST Total Sleep Time Sleep
WASO Wake After Sleep Onset
SFI Sleep Fragmentation Index

IRCCS Istituto di Ricovero e Cura a Carattere Scientifico
LOSO Leave-One-Subject-Out
HMM Hidden Markov Model

PSG Polysomnography

PSQI Pittsburgh Sleep Quality Index
PROMIS  Patient-Reported Outcomes Measurement Information System
ESS Epworth Sleepiness Scale

SSA Self-rating Sleep and Awakening
SL Sleep Latency

HRV Heart Rate Variability

AASM American Academy of Sleep Medicine
NSF National Sleep Foundation
SOL Sleep Onset Latency

SWS Slow Wave Sleep

MAI Micro-Arousal Index

Arl Arousal Index

NSS Number of Stage Shifts

R Regularity

S Satisfaction

A Alertness

T Timing

E Efficiency

D Duration

SRI Sleep-Related Impairment
TNR Total NREM sleep duration
NAE Number of Apnea Episodes

PT Primary posture Time

DST Deep Sleep Time

RST REM Sleep Time

TIW Time In Wake

ATS Awakenings Total Score

5QS Sleep Quality Score

IER Inspiratory-to-Expiratory Ratio
PCs Principal Components

EMG Electromyographic

TQR Total Quality Recovery

ADASYN Adaptive Synthetic Sampling
SMOTE  Synthetic Minority Over-Sampling Technique
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