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Abstract

Sleep is a scalable target for digital health, but real-world sleep phenotyping remains chal-
lenging, especially in autism spectrum disorder (ASD), where laboratory polysomnography
(PSG) is difficult to deploy longitudinally. We study ambulatory sleep sensing in the Si-
mons Sleep Project, a multimodal dataset of 200 children recorded over 14 nights using
dry-electrode electroencephalography (EEG) headbands and wrist-worn sensors (photo-
plethysmography (PPG), inertial measurement units (IMU), temperature). We first show
that EEG headband compliance declines systematically overnight and is associated with
behavioral measures, introducing structured missingness and biasing sleep estimates. In
contrast, wrist-worn sensors maintain near-complete adherence. We then demonstrate a
substantial domain shift: sleep-staging models trained on clinical-grade data show limited
off-the-shelf transfer to wearable recordings. However, this shift is learnable with lim-
ited supervision. For EEG, zero-shot models perform near chance, while fine-tuning on
30–50 participants (270-450 nights) recovers performance; fine-tuning the public SleepFM
foundation model on 102 participants (∼9 nights per participant) achieves a macro F1
of 0.776. For PPG, the public PaPaGei foundation model achieves only 0.375 macro F1
out-of-the-box, whereas supervised models trained on PPG features reach 0.710, further
indicating limited off-the-shelf transfer from clinical-grade pretraining to wearable record-
ings. Watch sensor ablations identify PPG as the most informative standalone peripheral
signal, with PPG+IMU capturing most staging information from the wrist. EEG channel
analysis further shows that frontal–occipital derivations outperform prefrontal channels,
informing minimal-channel designs. Together, these results establish a modality hierarchy
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for ambulatory sleep phenotyping: wrist-worn PPG+IMU provides a scalable backbone
for longitudinal monitoring, while EEG remains valuable for micro-architectural analysis
when tolerated. We anticipate these lessons on compliance-aware design, domain adap-
tation, and principled sensor selection to generalize to other vulnerable populations and
at-home deployment of digital health studies.

Keywords: sleep phenotyping, ambulatory study, autism spectrum disorder, digital phe-
notyping, PPG, EEG

1. Introduction

Sleep is a fundamental component of human health, reflecting coordinated changes across
neural, autonomic, metabolic, and thermoregulatory systems. Because it unfolds over ex-
tended periods in a quiescent state, it provides a uniquely informative window into resting
physiology and overall health, making it well-suited for digital health and wearable-based
biomarkers (Perez-Pozuelo et al., 2020). This opportunity is particularly important in
autism spectrum disorder (ASD), where sleep disturbances affect 50–80% of individuals
and are associated with behavioral difficulties, cognitive function, and quality of life (Mi-
ano et al., 2007; Devnani and Hegde, 2015). However, polysomnography (PSG), the gold
standard for sleep assessment, is expensive, intrusive, and largely confined to laboratory
settings, making multi-night recordings impractical. These limitations are exacerbated in
neurodevelopmental populations, where sensory sensitivities and poor tolerance of obstruc-
tive sensors reduce participation and data quality. Together, these constraints limit reliable
longitudinal sleep phenotyping and motivate the need for sensory-aware, machine learn-
ing–based approaches that enable multi-night assessment under real-world conditions.

Wearable sleep monitoring has shown promise, particularly through multimodal systems
that combine motion and peripheral physiology (Mahato et al., 2024; Kucukosmanoglu et al.,
2025). However, many sleep studies in ASD populations are conducted in laboratory set-
tings and focus on aggregate staging accuracy (Hodge et al., 2012), with less attention to the
practical factors that determine whether a sensing modality remains useful under repeated
home use. At the same time, commercial always-on devices such as the Apple Watch (Apple
Inc., 2025), Oura ring (Svensson et al., 2024), and Whoop band (Miller et al., 2020) illus-
trate the practicality of continuous sleep monitoring in real-world settings. In ambulatory
studies of clinically heterogeneous populations, the value of a sensor depends not only on its
theoretical information content, but also on whether it remains tolerable, available, and ro-
bust across the night and across repeated nights. Home-based sleep monitoring is therefore
not simply a deployment of laboratory methods, but a distinct machine learning problem
involving sensor degradation, selective missingness, and domain shift between clinical and
wearable acquisition settings.

We study these challenges in the Simons Sleep Project (SSP) dataset (Hacohen et al.,
2026), a unique ambulatory multimodal dataset of 200 participants with up to 14 overnight
recordings per participant. SSP includes dry-electrode EEG from a DREEM headband (Bea-
con Biosignals, 2026), together with wrist-based photoplethysmography (PPG), inertial
measurement unit (IMU), and peripheral temperature sensing from an Empatica wrist-
band (Empatica, 2026). This setting enables a systematic study of wearable sleep pheno-
typing in a pediatric ASD cohort, spanning compliance, domain adaptation, and sensor
selection. Our work makes the following contributions.
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Compliance is structured rather than random. We show that headband EEG signal
quality declines progressively over the course of the night, disproportionately underrepre-
senting late-night sleep stages, and that data loss is systematically associated with par-
ticipant behavioral traits. In contrast, wrist-worn sensing maintains near-complete compli-
ance. These findings motivate a compliance-aware filtering pipeline and show that nominally
information-rich modalities can become selectively unavailable in precisely the participants
for whom scalable monitoring is most needed.

PSG-trained models do not generalize to wearable EEG, but the domain shift is
learnable. We evaluate standard PSG preprocessing pipelines, conventional sleep-staging
models, and recently introduced sleep foundation models on DREEM EEG recordings, and
find limited transfer from laboratory PSG to wearable EEG across all settings. PSG-
oriented preprocessing pipelines often fail on DREEM recordings, while automatic stag-
ing models ranging from YASA (Vallat and Walker, 2021) and LUNA (Purcell, 2024) to
SleepFM (Thapa et al., 2026) show poor zero-shot generalization. This gap can be reduced
with modest in-domain supervision: fine-tuning on as few as 30–50 participants improves
performance to approximately 0.710 macro F1, while end-to-end fine-tuning of SleepFM
with 102 participants reaches 0.776. These results indicate that the lab-to-wearable gap
reflects a structured, learnable domain shift rather than a complete absence of usable
EEG signal. Per-channel analysis further shows that frontal-to-occipital derivations are
more informative for sleep staging than prefrontal channels, offering practical guidance for
minimal-channel wearable EEG design.

Wrist-worn PPG supports DREEM-referenced sleep staging, but foundation
models remain sensitive to acquisition setting. Given the limited overnight compli-
ance of headband EEG, we next examine whether sleep stages can be approximated from
wrist-worn sensors alone. Supervised models trained on wearable PPG-derived features
reach 0.710 macro F1, with performance already reaching 0.680 using data from only 30
participants, indicating that wrist-worn PPG contains substantial sleep-stage information
in this ambulatory setting. However, PaPaGei (Pillai et al., 2025), a PPG foundation model
pre-trained on clinical-grade transmission PPG, reaches only 0.375 macro F1 on wrist-worn
reflective PPG. Fine-tuning partially recovers performance, suggesting that this gap reflects
acquisition-domain mismatch rather than a fundamental absence of useful physiological sig-
nal. Together with the EEG results, these findings show that foundation models trained on
laboratory or clinical-grade biosignals require explicit in-domain adaptation before deploy-
ment in ambulatory wearable settings.

PPG is the most informative wrist-worn signal, defining a practical modality
hierarchy. We finally compare the information contributed by each wrist-worn sensor
through systematic ablations. Among peripheral modalities, PPG is the strongest stan-
dalone signal for sleep staging, outperforming both IMU and peripheral temperature. Com-
bining PPG with IMU captures most of the staging information available from the wrist,
reaching 0.708 macro F1. Taken together with the compliance analysis, these results suggest
that wrist-worn PPG+IMU provides the most scalable basis for longitudinal monitoring,
while EEG remains valuable for micro-architectural analysis when tolerated.

Methodologically, we frame ambulatory sleep phenotyping as a deployment-centered ML
problem rather than a standard sleep-staging benchmark. We evaluate each sensing and
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modeling strategy along three practical axes: sensor availability, transfer across acquisition
regimes, and the sleep information retained by reduced sensor sets. This perspective pro-
vides a framework for wearable ML studies in which missingness, tolerability, and domain
shift are central rather than incidental challenges. Our study also benchmarks publicly
released physiological foundation models (SleepFM, PaPaGei) on the SSP dataset, charac-
terizing their failure modes under realistic sensing, different sensors and population shift.
We further test whether these failures persist across cohorts through external validation on
the DREAMT public wearable-PPG dataset (Wang et al., 2024). To assist the reader, fol-
lowing a notation summary in Table B.1, we provide a summary of the research questions,
experimental designs, and key findings in Table C.1. A detailed discussion of related work
on automated sleep staging, wrist-worn PPG sensing, and physiological foundation models
is provided in Supplementary A.

Figure 1: Multimodal ambulatory setup for real-world sleep phenotyping in ASD.
The figure illustrates the Simons Sleep Project recording configuration, showing a partici-
pant equipped with a DREEM dry-electrode EEG headband and an Empatica wristband
for overnight home monitoring. The EEG montage (Fp1, F7, F8, O1, O2) forms multi-
ple bipolar derivations used for sleep staging, alongside representative EEG spectrograms
and corresponding sleep-stage annotations. Complementary wrist-worn signals, including
photoplethysmography (PPG), inertial measurement unit (IMU), and temperature, are vi-
sualized with their respective spectrograms and activity traces, highlighting the multimodal
nature of the dataset used for scalable, real-world sleep analysis.

Generalizable Insights about Machine Learning in the Context of Healthcare

This work offers insights that extend beyond ASD sleep monitoring. First, when deploying
wearable-based ML systems in vulnerable and young populations, compliance is not merely
a data quantity problem but a source of structured missingness. Participants who lose the
most data may also be those with the most clinically relevant traits, creating a selection
bias that standard missing-data assumptions do not address. Ignoring this structure can
produce false discoveries. In our cohort, unfiltered wake-after-sleep-onset (WASO) appeared
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to differ between autistic and typically developing participants, but this difference did not
survive compliance-aware filtering, and both off-head propensity and the compliance score
track behavioral dysregulation and autism-severity scores. Compliance-aware analysis is
therefore a prerequisite for valid group-level inference in vulnerable cohorts, independent of
the specific staging model used. Second, physiological ML models trained on laboratory or
clinical-grade signals, such as PSG-based EEG or transmission PPG, can exhibit substantial
domain shift when applied to consumer-grade wearable data. However, this shift is struc-
tured and recoverable with modest in-domain fine-tuning, suggesting that cross-acquisition
validation is a prerequisite for deploying pre-trained physiological models at scale. Finally,
sensor selection for ambulatory monitoring should be evaluated jointly on information con-
tent and real-world tolerability. In our setting, EEG is the richest modality but has the
weakest compliance, whereas wrist PPG is highly tolerated and captures much of the stag-
ing information. This reframes the design problem from maximizing signal fidelity alone to
maximizing deployable accuracy.

2. Simons Sleep Project (SSP) Dataset

The SSP dataset (Hacohen et al., 2026) is, to the best of our knowledge, the largest
multimodal, multi-night sleep study in a pediatric autism cohort. It comprises 200 chil-
dren aged 10–17 years, recruited as sibling pairs in which one sibling is diagnosed with
autism and the other is either typically developing (TD) or diagnosed with attention-
deficit/hyperactivity disorder (ADHD). ASD diagnosis was established using the Social
Communication Questionnaire (SCQ), derived from the gold-standard Autism Diagnostic
Interview-Revised (ADI-R) (Lord et al., 1994). The groups are age-matched (p = 0.120),
but differ in sex ratio, consistent with the well-established male predominance in ASD
(Zhang et al., 2020). In addition, 57% of autistic participants carry the frequently co-
occurring ADHD diagnosis (Ghirardi et al., 2018). Each participant was recorded for up
to 14 nights at home, enabling the study of night-to-night variability that single-night lab-
oratory PSG cannot resolve. Recordings were synchronously collected using two wearable
devices. The first was a Beacon Biosignals DREEM 3S dry-electrode EEG headband (Ar-
nal et al., 2020; Beacon Biosignals, 2026), which provides 7 bipolar derivations from 5 scalp
electrodes together with AASM-compliant automatic sleep staging. The second was an
Empatica Embrace Plus wristband (Garbarino et al., 2014; Empatica, 2026), which pro-
vides photoplethysmography (PPG), 3-axis accelerometry (IMU), and peripheral tempera-
ture (Figure 1). Although the DREEM has FDA 510(k) clearance (K223539) and achieves
agreement with expert-scored PSG comparable to human inter-scorer performance (83.5%
accuracy) (Arnal et al., 2020), this validation was performed in adults aged 22–65 rather
than in pediatric populations. Full cohort demographics are reported in Table D.1. The mis-
match between the DREEM-validated cohort and the SSP cohort motivates the in-domain
fine-tuning experiments presented in this paper. Because expert-scored PSG is unavailable
for validating the SSP cohort, we further assess DREEM label reliability indirectly by com-
paring its stage proportions against normative pediatric AASM-PSG values (Scholle et al.,
2011) and expected developmental trends. For example, N2 and REM proportions match
closely, with small opposite-signed biases on N1 and N3, and the age-related N3 → N2
redistribution is reproduced (Supplementary E).
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3. Wearable EEG compliance is structured and biases sleep estimates

A central challenge in home-based EEG monitoring is that signal availability cannot be
taken for granted across the night. Unlike wrist-worn sensors, headband EEG is susceptible
to electrode displacement, poor contact, and voluntary removal during sleep, making com-
pliance a core determinant of data quality. We therefore begin by characterizing overnight
EEG availability, asking both how signal quality changes over the sleep window and whether
these losses are systematically associated with participant characteristics.

Biased EEG signal quality declines over the sleep window. The DREEM head-
band is susceptible to electrode displacement and voluntary removal during sleep, resulting
in progressive signal degradation over the night. To quantify within-night signal loss, we de-
fine a per-participant compliance score as an exponential moving average of on-head epochs
(Eq. (F.1)), summarized as a per-participant mean (Eq. (F.2)); see Supplementary F for full
derivation. Of the 200 enrolled participants, 193 wore the DREEM headband and 196 wore
the Empatica wristband for at least one valid night. Across the valid DREEM population,
mean compliance declines to approximately 77% before the final wake period, whereas the
Empatica wristband remains near 100% throughout (Figure 2(A)). This progressive loss
of EEG signal has direct implications for sleep feature estimation. For example, Rapid
eye movement (REM) sleep would be underestimated while slow-wave (N3) sleep over-
represented because their durations vary systematically across the night (Carskadon and
Dement, 2011). These patterns suggest that sleep features derived from the early portion
of the sleep window, where signal quality is most consistently preserved, are likely to be the
most reliable for phenotyping. Although the compliance score is defined from DREEM’s
binary on-/off-head labels, independent DREEM-agnostic probes confirm that raw signal
quality itself degrades across the night. Amplitude clipping, electrode-jump, and artifact
rates increase from early to late sleep, and recordings with lower compliance carry system-
atically more raw contamination (Supplementary M). The compliance score is therefore a
conservative lower bound on raw signal quality.

Compliance is also associated with participant characteristics. To assess whether
compliance is structured rather than random, we examined its association with partici-
pant characteristics. Older children tolerate the headband better, with compliance scores
positively associated with age (ρ = 0.36, p < .001), as shown in Figure 2(B). This pos-
itive correlation is present across the full cohort and within most diagnostic groups, but
is weaker in the ASD subgroup (Figure 2(C)). Female participants show a weak negative
trend in overnight compliance (Figure F.1) that may reflect signal degradation from dry-
electrode contact with longer or thicker hair, but this trend is not statistically conclusive
and no definitive conclusions can be drawn. Because younger participants lose more data,
studies targeting early childhood are likely to face the greatest EEG attrition. Beyond these
macro characteristics, the per-participant compliance score is also associated with autism
core-severity measures spanning the social, repetitive, and sensory DSM-5 domains, most
notably the Social Responsiveness Scale (ρ = 0.21, p < .01); these associations remain
significant after adjusting for age and sex (Figure G.1). We emphasize that all such associ-
ations are correlational and, although adjusted for age and sex, are not fully adjusted for
the other partially collinear behavioral and diagnostic variables in this cohort.
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A B C

Figure 2: EEG compliance declines overnight while wrist-worn sensing remains
stable, with systematic variation across participants. (A) Mean on-head compli-
ance score (Eq. (F.1)) over the normalized time from sleep onset to final awakening for the
DREEM headband (n = 193, blue) and the Empatica wristband (n = 196, orange). Thin
lines show individual participants; solid bold lines show group means, with standard error of
the mean shaded. Mean on-head compliance for the DREEM EEG headband decreases pro-
gressively across the normalized sleep window, whereas the Empatica wristband maintains
near-constant adherence. (B) Average DREEM compliance score per-participant increases
with age, indicating improved tolerance in older participants. (C) Spearman ρ , p-values,
and number of participants (n) are annotated for the cohort and each diagnostic group.
Compliance varies across diagnostic groups, suggesting that data availability is structured
and should be considered when deploying wearable sensors in real-world settings.

Off-head events are structured and linked to behavioral traits. By cross-referencing
DREEM with concurrent Empatica signals, we observe cases in which a participant removes
the headband while continuing to sleep, which we refer to as off-head periods (Figure 3(A)).
Participants with greater off-head time tend to score higher on measures of behavioral dys-
regulation, including Child Behavior Checklist (CBCL) Attention Problems, CBCL Total
Problems, Aberrant Behavior Checklist (ABC) Hyperactivity, and sensory processing scores,
as shown in Figure 3(C). These associations are descriptive and should not be interpreted
causally. In particular, behavioral scores, diagnosis, age, sex, and ADHD status are partially
correlated in this cohort, and future work should quantify their independent contributions
using multivariable models. Our main conclusion does not rely on attributing compliance
loss to any single factor, but rather on the observation that missingness is structured and
associated with participant characteristics. We note that off-head propensity and the com-
pliance score capture the same underlying phenomenon through different filters. Off-head
propensity isolates prolonged removals during which the concurrent Empatica signal indi-
cates ongoing sleep (that is, volitional non-adherence), whereas the compliance score is also
sensitive to transient dry-electrode slippage. Across the cohort the two are almost perfectly
anti-correlated (ρ ≈ −0.997), so analyzing either yields the same conclusion that adherence
is trait-correlated (Supplementary G, Figure G.2).

Poor compliance degrades EEG-derived sleep metrics. Participants with lower
compliance show greater disagreement between DREEM- and Empatica-derived estimates
of total sleep time (TST) (Figure 3(B)). When nights with a high off-head percentage are ex-
cluded, the two modalities show improved agreement in their independently estimated sleep
windows (Figure H.1). This observation motivates a compliance-aware filtering pipeline
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A

B C

Correlation with DREEM off-head propensity

Figure 3: Off-head events are systematic, linked to behavioral traits, and re-
duce the reliability of EEG-derived sleep estimates. (A) A representative partici-
pant’s EEG spectrogram (top), DREEM sleep stages (middle), and Empatica sleep/wake
detection (bottom) show headband removal during ongoing sleep (an off-head period). (B)
DREEM-derived total sleep time (TST) versus Empatica TST shows moderate agreement,
with points colored by DREEM off-head %; larger deviations track higher off-head %, and
the highlighted region marks nights where the headband came off, causing DREEM to un-
derestimate sleep relative to Empatica. (C) Off-head propensity correlates more strongly
with dysregulation-related scores (e.g., CBCL, ABC, sensory processing), indicating that
off-head events are linked to behavioral traits rather than random.

and highlights that compliance in real-world settings is not merely a problem of reduced
data quantity, but also a potential source of systematic bias that is seldom considered in
machine learning for healthcare.

The effect of EEG headband on sleep. Beyond signal loss, the headband may itself
affect sleep. Because participants wore DREEM on only a subset of Empatica-recorded
nights, we compared Empatica-derived sleep metrics within participants between headband
and Empatica-only nights, restricting to participants with at least three Empatica-only
nights. TST was higher and restfulness lower on headband nights, whereas WASO and sleep
efficiency showed no difference (Figure J.1); all effects were small to moderate (|dz| ≤ 0.39).
Given the limited sample size and observational design, these results should be interpreted
cautiously, but they highlight that sensing devices may influence the physiology they aim
to measure.
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Simons sleep cohort

Valid hypnograms
(corrected DREEM staging)

200 participants

189 participants, 2525 nights

DREEM quality filters
(nightly off-head % ≤ 20%)

179 participants, 1521 nights

Empatica available

Empatica quality filters
(worn ≥ 50%, classified sleep ≥ 50%)

≥3 nights per participant

176 participants, 1462 nights

161 participants, 1184 nights

126 participants, 1134 nights

126 participants, 1134 nights

Filtered cohort

11 participants
no DREEM data

1004 nights
poor DREEM contact

59 nights
No Empatica file

278 nights
not worn during sleep

50 nights
35 participants

Figure 4: Compliance-aware data filter-
ing for downstream multimodal anal-
ysis. The figure shows a sequential filter-
ing pipeline that removes participants and
nights based on EEG signal quality, wrist-
band availability, and minimum data re-
quirements. Counts at each stage illus-
trate how quality control reduces unreliable
recordings.

4. Compliance-aware filtering for reliable cross-sensor analysis

The compliance issues described above affect not only EEG feature quality, but also the
reliability of cross-sensor comparisons. Because this progressive signal loss cannot be reliably
imputed without fabricating physiological state transitions, we first construct a compliance-
aware filtering pipeline to retain nights for which EEG remains sufficiently available for
meaningful multimodal evaluation.

Principled quality filtering retains a balanced cohort for longitudinal analysis.
The compliance-aware filtering pipeline, summarized in Figure 4, was designed to retain
recordings with sufficient overlapping EEG and wrist-sensor coverage for reliable epoch-level
comparison, while preserving a longitudinal cohort with multiple nights per participant.
These thresholds were chosen as pragmatic quality-control criteria and were not optimized
to maximize downstream model performance. After filtering, the retained cohort comprised
128 participants and 1,147 nights across all four diagnostic groups, with a mean compli-
ance score of 95% and balanced ASD versus TD representation (Table K.1). Cross-device
validation showed that filtering substantially improved agreement between DREEM- and
Empatica-derived sleep timing metrics: TST agreement increased from r = 0.43 to r = 0.73
by Pearson correlation and from ρ = 0.46 to ρ = 0.73 by Spearman correlation. Sleep onset
and final awakening were also well aligned between the DREEM headband and Empatica
wristband after filtering (Figure H.1). These results indicate that, after compliance-aware
quality control, downstream analyses of sleep duration and timing can treat either device as
a reliable reference, while also highlighting the importance of explicit compliance analysis
in scalable real-world data acquisition.

EEG captures sleep architecture that wrist actigraphy cannot resolve. After
compliance-aware filtering, the retained EEG data still preserve sleep-architecture informa-
tion that the wristband cannot directly access. DREEM EEG differentiates N1, N2, N3,
and REM, whereas the Empatica wristband natively provides only proprietary Wake/Sleep
labels; the WASO estimates reported here are derived from those labels. Relative to EEG,
Empatica overestimates WASO by 16.7 min and sleep fragmentation by 0.74 transitions/hr
(Supplementary H). As shown in Figure 2(A), the wristband sometimes reports extended
wake periods that DREEM resolves as brief arousals within sustained sleep. This is consis-
tent with known limitations of actigraphy for resolving within-sleep wake boundaries in ASD
cohorts (Yavuz-Kodat et al., 2019), and poor WASO agreement was also reported in the
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initial SSP analysis (Hacohen et al., 2026). Notably, whereas prior actigraphy validations
often found WASO underestimation due to quiet wakefulness being classified as sleep (Pa-
quet et al., 2007), Empatica shows the opposite pattern here, likely inflating disruption by
classifying brief motor restlessness as wake. These discrepancies motivate the two modeling
analyses that follow: adapting PSG-trained sleep-staging models to dry-electrode wearable
EEG (Section 5) and evaluating whether wrist sensors alone can support staging when
headband EEG is impractical (Section 6).

5. PSG-based sleep models do not generalize to wearable EEG signals

Sleep staging algorithms are overwhelmingly developed on gold-standard PSG, which uses
conventional clinical electrodes applied with conductive paste or gel in a full 10–20 montage
with mastoid references and dedicated EOG and EMG channels, yielding signals typically
in the ±100–200 µV range (Berry et al., 2017; Keenan and Hirshkowitz, 2011). By contrast,
the DREEM headband records 7-channel EEG from a reduced bipolar dry-electrode mon-
tage (Figure 1(B)). In our data, the raw DREEM signals also contain large clipped regions
at ±50,000 µV (Figure L.1(A)), likely reflecting contact instability and amplifier saturation
associated with dry-electrode recording rather than physiological EEG amplitude. Together,
these differences in sensor technology, montage, and signal characteristics create a substan-
tial domain mismatch between PSG and wearable EEG. We therefore first characterize
whether standard PSG-oriented preprocessing remains usable on DREEM recordings, and
then assess whether the resulting domain mismatch can be mitigated with machine learning.

Label provenance and training splits. Because expert-scored PSG labels are not
available for the SSP recordings, we use the DREEM headband’s automatic sleep-stage
annotations as a wearable-EEG reference throughout this work. Accordingly, our modeling
experiments should be interpreted as predicting or approximating DREEM-derived sleep
architecture, rather than as estimating absolute PSG ground truth. This distinction is es-
pecially important for the wrist-sensor experiments in the sequel, where models are trained
to recover EEG-derived labels from a more scalable peripheral sensing configuration. All
supervised experiments in this work use participant-level splits: nights from the same par-
ticipant are assigned to only one of train, validation, or test folds. This prevents models
from exploiting participant-specific sleep patterns or device artifacts across repeated nights.
All reported fine-tuned metrics, including those in Section 5 and Section 6, are computed
on held-out participant-level test folds under 5-fold cross-validation and never on training
or validation data.

Spectral artifact rejection indicates that most DREEM EEG remains usable.
To characterize the PSG-to-wearable mismatch at the signal-processing level, we applied
LUNA’s spectral artifact rejection procedure (Purcell, 2024), based on the method of Buck-
elmüller et al. (2006). This procedure relies on frequency-domain features and is therefore
better suited to the atypical amplitude distributions observed in dry-electrode wearable
EEG. Using this approach, mean artifact rates remained below 15% across all four diagnos-
tic groups, with no substantial between-group differences (Figure L.1(B)). Detected artifacts
were typically sparse and transient rather than clustered in sustained blocks, suggesting
brief contact disruptions or electrode adjustment events rather than prolonged off-head
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non-compliance. These results indicate that, despite clipped segments and dry-electrode
artifacts, the DREEM EEG signal remains largely usable for downstream modeling af-
ter appropriate artifact handling. We also attempted to process the DREEM signals using
HAPPE (Gabard-Durnam et al., 2018; Lopez et al., 2022), a widely used automated pipeline
for EEG analysis in developmental and autism research. However, HAPPE’s wavelet-based
method did not produce artifact-free waveforms in this setting, likely because severe sig-
nal clipping (Figure L.1(A)) and the reduced bipolar montage violate assumptions inherited
from standard PSG-style EEG preprocessing (further details are provided in Appendix L.1).

Figure 5: Fine-tuning bridges the
lab-to-wearable domain shift. Macro
F1 improves substantially after adapt-
ing PSG-trained sleep-staging models to
DREEM EEG.

Pretrained sleep staging models perform
poorly on DREEM data. We evaluated two
widely used PSG-trained sleep staging models,
YASA (Vallat and Walker, 2021) and LUNA
(Purcell, 2024), together with the recently intro-
duced sleep foundation model SleepFM (Thapa
et al., 2026). YASA and LUNA classify 30 sec-
ond epochs into sleep stages using engineered
spectral and temporal EEG features, including
band power, entropy, and Hjorth parameters,
followed by gradient-boosted tree classifiers, al-
though the specific feature sets differ between
the two methods. SleepFM, by contrast, is
a multimodal foundation model pre-trained on
large-scale laboratory PSG recordings.

Zero-shot performance was poor across all
models (Figure 5). On the standard 5-class stag-
ing task (Wake, N1, N2, N3, REM), all mod-
els scored below 0.400 macro F1: LUNA per-
formed best at 0.399, followed by SleepFM at
0.269 and YASA at 0.249. Confusion matrices
revealed systematic error patterns rather than
random misclassification (Figure N.1). YASA tended to over-predict Wake, whereas LUNA
was biased toward N3, consistent with prior observations that the two models show weak
agreement in epoch-level predictions and may therefore fail in different ways (Luna, 2026).
For YASA, many errors were concentrated in fine-grained sub-stage confusions, while the
coarser wake-versus-sleep distinction was largely preserved. Consequently, summary met-
rics such as total sleep time (TST) and wake after sleep onset (WASO) remained reasonably
well estimated, as also noted by Hacohen et al. (2026). By contrast, LUNA and SleepFM
performed poorly even on the binary wake-versus-sleep distinction.

Fine-tuning recovers performance. To test whether poor zero-shot performance re-
flects a fundamental signal deficit or a correctable domain shift, we adapted each model
to DREEM recordings using the headband’s built-in staging labels. For SleepFM, we first
considered a shallow adaptation setting, Classifier Fine-tuned (SleepFM-FT), in which the
pre-trained encoder and temporal encoder are frozen and only the downstream classifier is
updated. Adaptation substantially improved performance (Figure 5): on the 5-class task,
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LUNA reached 0.648 macro F1, YASA reached 0.668, and SleepFM-FT reached 0.708 (Ta-
ble N.1). Similar gains were observed for both 4-class (Wake, Light, Deep, REM) and
6-class (Wake, N1, N2, N3, REM, Artifact) staging tasks (Figure N.2).

We next asked whether the remaining gap reflected limitations of shallow adaptation
or of the signal itself. To address this, we evaluated two stronger SleepFM settings in
addition to SleepFM-FT (Supplementary O). In End-to-End Pretrained (SleepFM-PT), the
encoder, temporal encoder, and classifier were jointly fine-tuned, allowing the representation
itself to adapt to the DREEM domain. In End-to-End Randomized (SleepFM-Rand), the
same architecture was trained from random initialization using SSP data only. End-to-
end adaptation achieved the best results: SleepFM-PT reached 0.776, while SleepFM-Rand
reached 0.771. The small difference between these settings suggests that PSG pre-training
provides only modest benefit here relative to training directly on in-domain DREEM data.
Two observations reinforce this point. Handcrafted feature-based LUNA outperforms the
pre-trained SleepFM zero-shot (0.399 vs. 0.269 macro F1), and end-to-end fine-tuning from
random initialization (0.771) nearly matches fine-tuning from pre-trained weights (0.776).
Together these indicate that a better in-domain representation exists and that the recovered
performance stems from in-domain adaptation rather than from the pre-trained prior.

Despite these gains, N1 remained the most difficult stage, with recall of approximately
42–55% (Figure N.1), consistent with the known difficulty of N1 discrimination even in lab-
oratory PSG settings (Vallat and Walker, 2021). Through sample size ablation, we observed
that performance saturated quickly, with only 30–50 participants required to approach the
final accuracy plateau (Figure N.3). Because sleep stages are intrinsically imbalanced and
this imbalance shifts across adolescence (Table E.1), we report macro F1, the mean of per-
class F1 scores, which weights every stage equally and is therefore not dominated by the
majority N2 class. To avoid overfitting given the modest cohort, the foundation models
are fine-tuned rather than trained from scratch, and the sample-size ablations show that
30–50 participants already suffice, well below the full training pool. These results indicate
that DREEM recordings contain sufficient information for sleep staging and that the PSG-
to-wearable gap is substantial and is learnable. In addition, Supplementary P shows that
prefrontal channels contribute relatively little discriminative information compared with
frontal-to-occipital derivations, suggesting that a more comfortable headband with fewer,
strategically selected channels may achieve similar performance.

6. DREEM-referenced sleep staging from wrist-worn sensors

Wrist-worn sensors offer a potential alternative to headband EEG for sleep staging in pop-
ulations with limited headband tolerance. Although such devices are becoming increasingly
common in consumer settings, including the Apple Watch, Fitbit, and Oura, their use for
sleep staging in ASD and other vulnerable populations remains relatively understudied. To
the best of our knowledge, the SSP dataset is the largest public ambulatory corpus with
aligned EEG and PPG recordings, enabling direct comparison between EEG-derived and
peripheral-sensor-based staging. It also provides a unique opportunity to train models that
predict EEG-level sleep stages from wrist-worn physiological signals under real-world con-
ditions. If such sensors can approximate EEG-based staging, they may offer a practical
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path to retaining participants who cannot tolerate the headband, thereby mitigating the
compliance-related loss described in Section 3.

A B C

D E

Sleep staging from wrist-worn sensors Sensor ablation Sample complexity

PaPaGei – linear probing, temporal classifier, full-finetuning PaPaGei – temporal context

Figure 6: Wrist-worn sensors support DREEM-referenced sleep staging, but
PPG foundation models require domain adaptation and temporal context. (A)
Wrist-worn sensors achieve strong DREEM-referenced performance, with PPG-based mod-
els approaching full-sensor performance; however, PPG foundation models do not general-
ize off-the-shelf and, even after fine-tuning, struggle to match hand-crafted features derived
from Empatica signals, highlighting the need for careful PPG processing. (B) Ablation
shows PPG as the most informative sensor, with PPG+IMU close to optimal. (C) Training
on as few as 10–20 participants yields reasonable performance, with variance decreasing as
data increases. (D) Linear probing on PaPaGei performs poorly, suggesting domain shift be-
tween gold-standard transmission PPG (on which PaPaGei is trained) and wearable PPG,
as well as limitations from the short native embedding context; incorporating temporal
classifiers improves performance, and full fine-tuning with temporal context yields the best
results. (E) Increasing context length further boosts performance under full fine-tuning,
emphasizing the importance of long-range temporal structure for sleep staging.

PPG is the most informative wrist-worn signal for sleep staging. Identifying
which wrist-worn sensors carry the most sleep-stage information is important for designing
recording configurations that are minimal, affordable, and well tolerated. Using the filtered
cohort described in Section 4, we trained XGBoost classifiers to predict DREEM-derived
sleep stages from wrist-based features (Figure Q.1) and performed a systematic sensor
ablation. Specifically, we trained models using PPG alone, IMU alone, EDA alone, and all
pairwise and three-way combinations. Among individual modalities, PPG was the strongest
standalone signal, achieving a macro F1 of 0.683 and outperforming even the combined
IMU+EDA configuration (0.620; Figure 6(A,B)). This distinction was especially clear for
REM sleep, which was captured more accurately by PPG than by IMU, whereas IMU
contributed chiefly to sleep-wake discrimination. Combining PPG with IMU yielded the
best two-sensor configuration (0.708), and adding EDA provided only a marginal additional
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gain (0.710). These results indicate that cardiovascular and motion signals capture most
of the DREEM-referenced sleep-stage information available from the wrist, and that EDA
can be omitted with little loss in performance (full metrics in Table Q.1).

Wrist-based models also exhibited rapid sample-efficiency saturation, with performance
plateauing at around 40 participants (Figure 6(C)), suggesting that modest sample sizes
are sufficient to learn effective feature-based staging models in this setting. We further
evaluated variants of the PPG foundation model PaPaGei (Pillai et al., 2025) (Figure Q.2)
to test whether large-scale PPG pretraining transfers to wrist-worn reflective PPG. Across
linear probing, temporal classification, and full fine-tuning, PaPaGei underperformed the
feature-based XGBoost baseline: frozen linear probing reached 0.375, while full fine-tuning
with a temporal classifier reached 0.647, compared with 0.710 for XGBoost (Figure 6(A,D)).
Longer temporal context improved fine-tuned performance (Figure 6(E)), indicating the im-
portance of long-range structure for PPG-based sleep staging. However, stage-dependent
degradation remained (Figure Q.3), suggesting that off-the-shelf PPG foundation models re-
main difficult to deploy for clinically meaningful sleep characterization without acquisition-
specific adaptation. To test whether such in-domain adaptation actually generalizes, we
evaluated cross-cohort transfer to DREAMT (Wang et al., 2024), a second public wearable-
PPG dataset with expert-scored PSG. In-domain performance did not translate into reliable
external transfer. An SSP fine-tuned PaPaGei transferred to DREAMT with a Cohen’s κ
of only 0.069, collapsing onto deep sleep (assigning 63.5% of epochs to deep sleep against
a true rate of 3.4%). This indicates that fine-tuning on one wearable cohort does not, by
itself, solve the domain-shift problem (Supplementary R). This comparison should be in-
terpreted as a deployment-pipeline comparison rather than a pure architecture comparison.
The XGBoost model uses one-minute Empatica summaries, including heart rate, heart-rate
variability, motion, temperature, and related features derived from proprietary preprocess-
ing. In contrast, PaPaGei operates on raw PPG waveforms, where denoising, beat detection,
artifact rejection, and temporal aggregation must be learned by the model or handled sep-
arately. Thus, the stronger feature-based performance likely reflects both the information
content of wrist-worn physiological signals and the importance of robust preprocessing for
noisy reflective PPG. Full PaPaGei analyses are provided in Appendix Q.

7. Discussion

Ambulatory wearable sensing promises scalable, longitudinal measurement of sleep physiol-
ogy outside the clinic. However, our findings show that the central challenges of real-world
deployment differ from those emphasized in laboratory-based benchmarking, where the fo-
cus is often on dataset scale and marginal gains in model accuracy. A summary of our
findings is provided in Supplementary Table C.1.

Compliance is a major factor to consider in designing and analyzing ambulatory studies
with wearables. In our study, DREEM headband compliance declined to approximately
77% before the final wake period, whereas the Empatica wristband remained near 100%.
Importantly, this data loss was not random, but systematically associated with behavioral
measures, meaning that participants for whom scalable monitoring may be most clinically
important may also be more likely to lose EEG data. To support more reliable downstream
analyses, we developed a compliance-aware filtering pipeline that retained an enriched co-
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hort of 128 of 200 participants. These lessons extend beyond sleep and ASD: any ambulatory
digital health study that deploys sensors with differing tolerability should expect and quan-
tify compliance-trait confounding before building predictive models. Ignoring this issue
risks developing tools that perform best in the populations that need them least.

This structured missingness has concrete implications for downstream modeling, and
its effect depends on the type of task. Because distinguishing missing-at-random (MAR)
from missing-not-at-random (MNAR) mechanisms is difficult in ambulatory neurodevel-
opmental data, the safe default is to treat the missingness as informative. Local tasks,
such as per-epoch sleep staging, operate within retained segments and depend only on a
short surrounding window, so they are comparatively robust to progressive dropout. Global
tasks, such as night-level aggregates and cross-group comparisons, are far more vulnerable,
because missingness skews the aggregate before any comparison is made. Since compliance
declines steadily across the night, this bias is also non-uniform. Early-night measures such
as sleep-onset latency are relatively protected, whereas late-night and within-sleep mea-
sures such as WASO and late-night REM are more exposed. This mirrors the original SSP
analysis (Hacohen et al., 2026), in which the objective measure separating autistic chil-
dren from siblings was the early-night sleep-onset latency, while objective WASO showed
no reliable group difference. Respecting this structure motivated our decision to predict
DREEM-derived stages from the higher-adherence wrist signals (Section 6) rather than
impute missing EEG or restrict phenotyping to the compromised modality.

A consistent finding across both EEG and PPG experiments is that physiological foun-
dation models pre-trained on laboratory or clinical-grade data show limited off-the-shelf
transfer to wearable-acquired data of the same nominal modality. Using macro F1 as the
evaluation metric, SleepFM, pre-trained on over 100,000 hours of PSG, scored below 0.270
on DREEM EEG, while PaPaGei, pre-trained on clinical transmission PPG, reached only
0.375 on wrist reflective PPG. These failures arise from structured domain gaps, including
differences in electrode technology, montage configuration, and signal conditioning, rather
than from model architecture limitations alone. Fine-tuning recovered substantial perfor-
mance in both cases. End-to-end adaptation of SleepFM on the full cohort reached 0.776,
while supervised wrist-worn models using PPG- and IMU-derived features reached 0.710;
the EEG domain shift was bridgeable with as few as 30–50 participants. These results
suggest that the effective deployment domain of physiological foundation models is strongly
conditioned on acquisition regime, including sensor type, montage, signal conditioning, and
population. Cross-device evaluation should therefore accompany deployment on hardware
different from that used during pre-training. Although device- and domain-specific adapta-
tion is possible, as demonstrated here, this requirement may limit the deployment of current
foundation models in real-world clinics and studies that lack the technical infrastructure or
expertise to adapt models to their own acquisition settings. More fundamentally, the core
foundation-model promise of label-efficient, broad generalization is not yet met in this set-
ting. A randomly initialized SleepFM nearly matches its pre-trained counterpart given the
same labels, and an SSP fine-tuned PaPaGei fails to transfer to the external DREAMT co-
hort. We therefore position SSP, together with cross-cohort evaluations such as DREAMT,
as a benchmark for testing whether physiological foundation models genuinely generalize to
pediatric, wearable, and clinically relevant sleep data, rather than only after within-cohort
fine-tuning.
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Combining the compliance and modeling results yields a practical modality hierarchy for
ambulatory phenotyping. For macro-sleep measures that are robustly captured by periph-
eral sensing, such as total sleep time and broad sleep-wake timing, wrist-worn PPG+IMU
may be preferable to EEG in large longitudinal studies because it avoids compliance-driven
bias. However, wrist-worn wearables remain less reliable than EEG for estimating wake af-
ter sleep onset (WASO), an important metric in its own right and a contributor to derived
measures such as TST. Improving WASO estimation in compliant peripheral modalities
is therefore an important direction for future work. For micro-architectural phenotyping
(spindle density and stage-specific spectral features), EEG remains necessary but researchers
and clinicians must accept a biased subsample, and bias due to compliance issues must be
accounted for. A practical deployment strategy would therefore use PPG+IMU as the
backbone for longitudinal monitoring across all participants when using current technology,
reserving headband EEG for targeted sleep analysis in participants who tolerate it. More
broadly, translating staging models into clinical tools will require robustness to modality
dropout, traceable label provenance, and evidence that improved staging accuracy leads to
improved clinical outcomes.

8. Limitations

Several limitations should be considered when interpreting these results. First, all EEG
staging labels come from the DREEM headband’s built-in algorithm, which has been val-
idated against expert-scored PSG in adults aged 22–65 (Arnal et al., 2020), but not in
pediatric populations. All staging results should therefore be read as DREEM-referenced
rather than as expert-PSG ground truth; we partially mitigate this by validating DREEM
labels against normative pediatric stage proportions and developmental trends (Supplemen-
tary E), but direct expert-PSG validation in this cohort remains unavailable. All results
are specific to the DREEM 3S headband and Empatica Embrace Plus wristband. Different
dry-electrode EEG devices or PPG wristbands may exhibit different domain shifts, com-
pliance patterns, and signal quality profiles. Our findings therefore emphasize the need
for acquisition-specific validation and adaptation before deploying pretrained physiological
models on new wearable systems. Finally, the compliance-trait associations reported here
are correlational and cross-sectional. It is possible that compliance improves with habitu-
ation over the 14-night recording protocol, and that the observed behavioral associations
reflect first-night effects rather than stable trait-level predictors. Although we additionally
verified that the associations between compliance and severity persist after adjusting for
age and sex (Supplementary G), the behavioral, diagnostic, age, and sex variables remain
partially collinear in this cohort, so residual confounding cannot be excluded and these
associations should not be interpreted causally.

Data and Code Availability This study uses the Simons Sleep Project (SSP) dataset (Ha-
cohen et al., 2026), a multimodal ambulatory sleep dataset available to qualified researchers
through SFARI Base. All code, hyperparameters, environment specifications, and replica-
tion details used to produce our analyses and figures are available at https://github.com/s
ankethvedula/sleep-mlhc2026.
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Supplementary A. Related work

Sleep staging, the classification of sleep into discrete physiological states, is a core task in
both clinical sleep medicine and sleep research. The American Academy of Sleep Medicine
(AASM) standard (Berry et al., 2017) defines five stages (Wake, N1, N2, N3, and REM)
scored from polysomnography (PSG), which integrates EEG, electrooculography (EOG),
and electromyography (EMG). Because manual scoring is time-consuming and subject to
inter-scorer variability (Rundo and Downey, 2019), numerous automated approaches have
been proposed, including feature-based machine learning classifiers such as YASA (Vallat
and Walker, 2021) and LUNA (Purcell, 2024), to recent deep learning foundation models
such as SleepFM (Thapa et al., 2026), which is pre-trained on more than 100,000 hours of
PSG. Dry-electrode EEG headbands such as DREEM have shown staging accuracy compa-
rable to inter-scorer agreement under controlled laboratory conditions (Arnal et al., 2020).
However, most automated sleep staging methods are developed and validated on laboratory-
grade data, leaving open whether they generalize to the distinct signal characteristics and
recording conditions of wearable EEG collected outside the lab.

Wrist-worn sensing offers a scalable alternative, with consumer devices typically estimat-
ing sleep stages from accelerometry and photoplethysmography (PPG) (Mahato et al., 2024;
Kucukosmanoglu et al., 2025; Apple Inc., 2025). Earlier work has shown that sleep stag-
ing from transmission PPG is feasible in clinical or otherwise controlled settings (Kotzen
et al., 2022; Fonseca et al., 2017; Radha et al., 2021). At the same time, although con-
sumer devices can reliably distinguish sleep from wake, their ability to resolve individual
NREM and REM stages, which are critical for characterizing sleep quality, often remains
limited relative to EEG-based approaches (Paquet et al., 2007; de Zambotti et al., 2024;
Birrer et al., 2024). More recently, Constantin et al. (2026) showed that reflective PPG
can support sleep staging in naturalistic home environments, although validation there was
performed against actigraphy rather than EEG-based staging. Our setting differs in two
important respects: we study wrist-worn reflective PPG under real-world home conditions,
and we validate against dry-electrode EEG recorded from the DREEM headband. This
provides a rare evaluation of wrist-worn reflective PPG sleep staging against concurrently
recorded wearable EEG in a pediatric cohort. In parallel, recent foundation models such
as PaPaGei (Pillai et al., 2025) have been trained on large clinical-grade PPG datasets,
including MIMIC-III (Johnson et al., 2016), VitalDB (Lee et al., 2022), and MESA (Chen
et al., 2015), with the goal of learning general-purpose physiological representations. In this
work, we further assess the transfer of such representations to wrist-worn reflective PPG in
this setting.

Prior ASD sleep studies (Miano et al., 2007; Devnani and Hegde, 2015) have relied pri-
marily on parent-reported questionnaires or single-night laboratory PSG, both of which have
important limitations. Questionnaires are subjective and coarse, whereas single-night PSG
cannot capture night-to-night variability and may itself alter sleep through the first-night
effect and the unfamiliar recording environment. The SSP dataset (Hacohen et al., 2026),
which we use here, was designed to address this gap through multi-night home recordings
that combine EEG with wrist-worn sensors in a large ASD cohort. More broadly, this
work lies at the intersection of digital phenotyping and wearable-derived biomarkers, both
of which have shown promise in ASD as complements to traditional clinical assessment.
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For example, computer vision applied to home videos can identify behavioral markers of
ASD (Carpenter et al., 2021), and mobile and wearable sensors can capture clinically mean-
ingful behavioral signatures in everyday environments (Nazaret and Sapiro, 2023). Beyond
behavior, wrist-worn PPG features have been shown to predict biological age and cardiovas-
cular risk (Miller et al., 2025), underscoring that peripheral signals captured by consumer
wearables can reflect broader aspects of systemic health. Within this broader context, the
present study examines sleep as a target for wearable phenotyping in ASD, focusing on
which modalities support staging, whether pre-trained models transfer across acquisition
settings, and how compliance shapes both.

Supplementary B. Glossary of Acronyms

Table B.1: Glossary of acronyms. Abbreviations used throughout the paper.

Acronym Definition

AASM American Academy of Sleep Medicine
ABC Aberrant Behavior Checklist
ADHD Attention Deficit/Hyperactivity Disorder
ASD Autism Spectrum Disorder
BVP Blood Volume Pulse
CBCL Child Behavior Checklist
CSHQ Children’s Sleep Habits Questionnaire
EDA Electrodermal Activity
EEG Electroencephalography
EMA Exponential Moving Average
EMG Electromyography
EOG Electrooculography
FA Final Awakening
FDA Food and Drug Administration
FT Fine-Tuning
HAPPE Harvard Automated Processing Pipeline for EEG
IMU Inertial Measurement Unit
LSTM Long Short-Term Memory
ML Machine Learning
NREM Non-Rapid Eye Movement (sleep)
PPG Photoplethysmography
PSG Polysomnography
RBS-R Repetitive Behavior Scale–Revised
REM Rapid Eye Movement (sleep)
SCQ Social Communication Questionnaire
SE Sleep Efficiency
SO Sleep Onset
SRS-2 Social Responsiveness Scale, Second Edition
SSP Simons Sleep Project
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Table B.1 (continued)

Acronym Definition

TD Typically Developing
TIB Time in Bed
TST Total Sleep Time
WASO Wake After Sleep Onset

Supplementary C. Summary of Experiments

Table C.1: Experimental overview. Summary of key research questions, experimental
designs, main takeaways, and supporting evidence.

Question Experiment Design Takeaway Evidence

1. Does EEG
compliance de-
cline overnight?

Compute EMA-based com-
pliance score across the nor-
malized sleep window for
DREEM (Arnal et al., 2020)
(n=193) and Empatica (Gar-
barino et al., 2014) (n=196).

DREEM declines to ∼77% before final
wake; Empatica remains near 100%.
Late-night loss disproportionately un-
derrepresents stages like REM that
change as the night progresses (Buck-
ley et al., 2010; Carskadon and De-
ment, 2011).

Fig. 2(A)

2. Is compli-
ance associated
with participant
characteristics?

Correlate per-participant
DREEM compliance with
age, sex, and diagnostic
group via Spearman rank
correlation.

Compliance increases with age
(ρ=0.36, p<.001) across most groups
but weakly in ASD. No conclusive
sex difference; should be investigated
again with a larger cohort.

Fig. 2(B,C),
Fig. F.1

3. Are off-head
events linked
to behavioral
traits?

Correlate off-head fraction at
varying removal thresholds
with CBCL, ABC, and sen-
sory scores.

Behavioral dysregulation (attention
problems, hyperactivity, sensory
scores) predicts earlier headband
removal.

Fig. 3

4. Does wear-
ing the EEG
headband alter
sleep?

Within-subject comparison
of Empatica-derived TST,
WASO, SE, and restfulness
on DREEM+Empatica vs.
Empatica-only nights (≥3
nights per condition).

TST was higher on headband nights
(dz=0.39, p<.001) and restfulness
lower (dz=−0.27, p=0.037). WASO
and SE showed no difference. Effect
sizes small to moderate (|dz| ≤ 0.39);
limited sample precludes strong con-
clusions.

Fig. J.1

5. Can
compliance-
aware filtering
improve data
quality?

Sequential 5-step filtering
pipeline based on off-head
rate, concurrent Empatica
availability, and minimum
night count.

Retains 128 participants and 1,147
nights. TST cross-device correlation
improves from r=0.43 to r=0.73 with
average compliance score of 95%.

Fig. 4, Ta-
ble K.1
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Table C.1 (continued)

Question Experiment Design Takeaway Evidence

6. Does wrist
actigraphy agree
with EEG on
within-sleep
metrics?

Compare DREEM and Em-
patica sleep metrics (TST,
SO, FA, WASO, SE, frag-
mentation) across n=1,141
concurrent nights.

Strong agreement on gross timing
(TST r=0.73, SO ρ=0.89). Weak
agreement on within-sleep disrup-
tion: Empatica overestimates WASO
by 16.7 min and fragmentation by
0.74 transitions/hr

Fig. H.1

7. Do stan-
dard PSG
pre-processing
pipelines work
on wearable
EEG?

Apply HAPPE (Gabard-
Durnam et al., 2018)
wavelet-based pipeline and
LUNA (Purcell, 2024)
spectral-method artifact
detection to DREEM record-
ings.

HAPPE fails likely due to signal clip-
ping and unfamiliar montage. LUNA
artifact detection succeeds; median ar-
tifact rates 11–13%, below 15% across
all groups.

Fig. L.1

8. Do PSG-
trained staging
models general-
ize to wearable
EEG?

Evaluate YASA (Vallat and
Walker, 2021), LUNA (Pur-
cell, 2024), and SleepFM
(Thapa et al., 2026) zero-
shot on DREEM 5-class stag-
ing against built-in DREEM
labels.

All models achieve macro F1 be-
low 0.400 zero-shot (YASA 0.249,
SleepFM 0.269, LUNA 0.399). Sys-
tematic biases: YASA over-predicts
Wake; LUNA biased toward N3. Af-
ter fine-tuning, SleepFM End-to-End
Pretrained achieves the best macro
F1 of 0.776. Domain gap, not signal
deficit.

Fig. 5,
Fig. N.1

9. Can fine-
tuning recover
EEG staging
performance?

Fine-tune YASA, LUNA,
and SleepFM (Classifier FT,
End-to-End Pretrain, and
End-to-End Random) on
DREEM with 5-fold CV.
Vary training set size.

Fine-tuned models converge to macro
F1 ∼0.710–0.730. SleepFM End-to-
End achieves macro F1 of 0.776 (pre-
trained) and 0.771 (random init). Per-
formance plateaus at 30–50 partici-
pants.

Fig. 5,
Figs. N.2,
N.3

10. Which EEG
channels are
most informa-
tive for staging?

Apply fine-tuned YASA to
each of 7 DREEM bipolar
channels independently on 6-
class staging. Evaluate per-
channel macro F1 and off-
head rate.

Frontal-to-occipital derivations (F7–
O1, F7–O2, F8–O1, F8–O2) consis-
tently outperform prefrontal channels.
Off-head rates uniformly low across
all channels, underpredicted relative
to the DREEM headband’s own off-
head detection.

Fig. P.1

11. Which wrist-
worn sensor is
most informa-
tive for sleep
staging?

Train XGBoost classifiers on
all single, pairwise, and
three-way Empatica sensor
combinations (PPG, IMU,
EDA) to predict DREEM 4-
class stages. Vary training
set size.

PPG is the strongest standalone signal
(macro F1 0.683). PPG+IMU is op-
timal (macro F1 0.708). Adding EDA
yields only marginal improvement (
0.710). Performance saturates at ∼40
participants.

Fig. 6(A–C),
Fig. Q.1
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Table C.1 (continued)

Question Experiment Design Takeaway Evidence

12. Do PPG
foundation
models transfer
to wrist-worn
reflective PPG?

Evaluate PaPaGei (Pillai
et al., 2025) with linear
probes and end-to-end
fine-tuning with temporal
classifiers on Empatica re-
flective PPG. Vary temporal
context length.

Linear probing achieves only macro
F1 0.375. Full fine-tuning with tem-
poral context recovers to 0.647 but
remains below the supervised base-
line (macro F1 0.710). Longer con-
text improves performance, confirm-
ing that long-range temporal struc-
ture matters. Domain mismatch be-
tween clinical transmission and wear-
able reflective PPG.

Fig. 6(D,E),
Fig. Q.3

13. Does raw
EEG signal
quality decline
independently
of DREEM’s
labels?

DREEM-agnostic probes
(amplitude clipping,
electrode-jump rate) and
four artifact detectors
(YASA variance/covariance,
LUNA time/spectral) com-
puted per 30 s epoch across
the sleep window and by
compliance quartile.

All probes worsen across the night
and within on-head epochs; lowest-
compliance nights carry 3.9× more
clipping and 1.7× more jumps, and
more LUNA artifact (ρ=−0.25).
Compliance is a conservative lower
bound on signal quality.

Suppl. M

14. Is com-
pliance asso-
ciated with
nuanced behav-
ioral/severity
traits?

Correlate per-participant
compliance score with
autism core-severity scores
(e.g., SRS-2), with and
without adjusting for age
and sex; relate off-head
propensity to compliance.

Compliance tracks severity (SRS
ρ=0.21, p<.01), surviving age/sex
adjustment; off-head propensity
and compliance are anti-correlated
(ρ≈−0.997).

Suppl. G

15. Are DREEM
labels reliable
in this pediatric
ASD cohort?

Compare DREEM stage pro-
portions against normative
pediatric AASM-PSG val-
ues (Scholle et al., 2011) and
expected age trends.

N2/REM match norms; N1 under-
and N3 over-estimated (opposite-
signed); the N3→N2 redistribution
with age is reproduced.

Suppl. E, Ta-
ble E.1

16. Does in-
domain fine-
tuning gen-
eralize across
cohorts?

Cross-cohort train/test
transfer between SSP and
DREAMT (Wang et al.,
2024) (wearable PPG with
expert PSG); evaluate the
SSP fine-tuned PaPaGei on
DREAMT.

In-domain performance does not
transfer. SSP fine-tuned PaPaGei
reaches κ=0.069 on DREAMT, col-
lapsing onto deep sleep. Fine-tuning
alone does not solve domain shift.

Suppl. R, Ta-
ble R.1
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Supplementary D. SSP Cohort Characteristics and Recording Setup

The SSP dataset (Hacohen et al., 2026) comprises 200 children aged 10–17 years recruited
as sibling pairs, one with autism (ASD; n = 102, 86M/16F, 13.94± 2.13 yr) and one either
typically developing (TD) or with attention deficit/hyperactivity disorder (ADHD) (n = 98,
52M/46F, 13.46 ± 2.16 yr), age-matched across groups (p = 0.120) but imbalanced in sex
ratio consistent with male predominance in ASD (Zhang et al., 2020); 57% of autistic par-
ticipants carry a co-occurring ADHD diagnosis (Ghirardi et al., 2018), and ASD severity
scores (SRS-2: 73.71±10.01 vs. 47.89±7.14; RBS-R: 24.52±14.05 vs. 4.15±6.76) separate
the two groups (Table D.1). Each participant was recorded over up to 14 nights at home
with a Beacon Biosignals DREEM 3S (Arnal et al., 2020) dry-electrode EEG headband
and an Empatica Embrace Plus wristband (Garbarino et al., 2014). The DREEM 3S pro-
vides 7 bipolar derivations from 5 dry scalp electrodes (Fp1, F7, F8, O1, O2), comprising
four frontal-to-occipital channels (F7–O1, F7–O2, F8–O1, F8–O2), two prefrontal channels
(Fp1–F7, Fp1–F8), and one cross-hemispheric channel (F8–F7), with AASM-compliant au-
tomatic scoring of 30-second epochs; it has FDA 510(k) clearance (K223539) and achieves
83.5% staging accuracy against expert-scored PSG in adults aged 22–65 (Arnal et al., 2020),
motivating the in-domain fine-tuning experiments reported in this paper. The Empat-
ica Embrace Plus records 64Hz photoplethysmography (PPG), 64Hz 3-axis accelerometry
(IMU), and peripheral temperature. The wearing configuration and bipolar montage are
shown in Figure 1 of the main text.

Table D.1: Participant characteristics of the SSP dataset (Hacohen et al., 2026). Values
are mean ± SD or n (%).

Variable Autism (n=102) Siblings (n=98)

Demographics
Age (years) 13.94± 2.13 13.46± 2.16
Sex (M/F) 86 / 16 52 / 46

Autism severity
SRS-2 total 73.71± 10.01 47.89± 7.14
RBS-R total 24.52± 14.05 4.15± 6.76

Sleep (parent-reported)
CSHQ total 46.19± 8.05 43.31± 6.67

Co-occurring diagnoses
ADHD 58 (56.86%) 30 (29.41%)
Depression 33 (32.35%) 23 (23.47%)
Anxiety 16 (15.68%) 11 (11.22%)
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Supplementary E. DREEM label reliability against pediatric norms

Expert-scored PSG is unavailable for the SSP cohort, so we assess DREEM label reliabil-
ity indirectly by comparing DREEM-derived stage proportions against normative pediatric
AASM-PSG values (Scholle et al., 2011) and against expected developmental trends. Ta-
ble E.1 reports the stage distribution (percent of total sleep time) for each diagnostic group
alongside the Scholle normative ranges.

In the neurotypical (TD) subgroup, N2 and REM proportions match the age-matched
norms almost exactly, while N1 is modestly underestimated and N3 modestly overestimated
(opposite-signed biases consistent with some lighter-sleep epochs being scored as deeper).
The proportions are stable across TD, ASD, ADHD, and ASD+ADHD, indicating the
imbalance reflects normal adolescent sleep architecture rather than a diagnosis- or device-
specific artifact. Aggregating to one value per participant, the proportions move in the
expected developmental directions with age (N3 declining, ρ = −0.23; N2 rising, ρ = +0.26;
N1 and REM flat), reproducing the known N3 → N2 redistribution. That DREEM repro-
duces both the normative composition and the developmental trajectory gives confidence
that its labels are physiologically plausible in this pediatric cohort.

Table E.1: Distribution of sleep-stage proportions by diagnostic group versus
pediatric norms. Percent of total sleep time per stage. Normative bases from Scholle et
al. (2011) (Scholle et al., 2011) are the observed group means (ages 11.5–16.9) and regression
predictions (ages 10–17). DREEM-derived proportions are shown for each diagnostic group
and the full filtered cohort.

Group / Source Participants N1 (%) N2 (%) N3 (%) REM (%)

Scholle (2011), observed ages 11.5–16.9 6.9–7.9 42.2–49.4 22.9–28.9 19.0–20.3
Scholle (2011), regression ages 10–17 7.1–7.5 40.2–48.0 24.5–30.1 18.6–21.1

TD 37 5.2 43.9 30.5 20.4
ASD 34 5.2 42.3 31.5 21.0
ADHD 17 4.9 41.4 32.3 21.4
ASD+ADHD 40 5.4 40.4 33.6 20.6
All 128 5.3 42.0 32.0 20.8
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Supplementary F. Compliance Score

We define a per-participant compliance score to quantify how EEG signal availability evolves
across the sleep window. Rather than computing a simple proportion of on-head epochs
(which would treat all gaps equally regardless of timing), we use an exponential moving
average (EMA) that gives greater weight to recent epochs. This captures the trajectory of
signal availability over the night: a headband that stays on for the first half and then falls
off produces a qualitatively different compliance profile than one with intermittent brief
gaps throughout.

Let hi ∈ {0, 1} denote whether epoch i is on-head, where i = 1, . . . , N indexes 30-second
epochs within the sleep window. The compliance score at epoch i is defined as,

Ci = αhi + (1− α)Ci−1, C0 = 1, (F.1)

where α ∈ (0, 1] controls the smoothing window. The initialization C0 = 1 assumes the
headband is on-head at sleep onset. Smaller α produces a smoother trajectory reflecting
sustained trends, while larger α tracks rapid fluctuations.

The per-participant mean compliance score summarizes overall signal availability,

C̄ =
1

N

N∑
i=1

Ci. (F.2)

This statistic captures both total on-head time and the temporal pattern of data loss, since
a participant whose headband falls off abruptly mid-night will have a lower C̄ than one with
the same total on-head time distributed as brief intermittent gaps, reflecting the greater
impact of sustained signal loss on sleep staging continuity.

Compliance shows no conclusive sex difference. Compliance shows no conclusive
difference by sex for the DREEM headband, stratified by diagnostic group (Figure F.1).
Male and female participants have comparable DREEM compliance (Male: n = 99, mean
= 81.5; Female: n = 93, mean = 81.5; p = 0.12). The age-related compliance decline
reported in the main text is therefore not confounded by sex.
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Figure F.1: DREEM and Empatica compliance show no conclusive difference by
sex. Mean per-participant compliance score by sex, with DREEM compliance on the left
and Empatica compliance on the right. The statistics are annotated in the text box below
the plot.
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Supplementary G. Compliance versus behavioral and diagnostic severity

Our main-text analysis relates compliance to macro characteristics (age, sex, diagnostic
group). Here we relate the per-participant compliance score directly to nuanced behavioral
and autism-severity measures across the 193 participants who wore the headband. The com-
pliance score is significantly associated with several autism core-severity measures spanning
the social, repetitive, and sensory DSM-5 domains, most notably the Social Responsiveness
Scale (SRS-2; ρ = 0.21, p < .01). These associations remain significant after adjusting for
age and sex (Figure G.1), indicating that behavioral variation contributes to compliance
beyond the macro characteristics analyzed in the main text.

We also relate the compliance score to off-head propensity, a physiologically interpretable
form of non-compliance that isolates prolonged headband removal while the concurrent
Empatica signal indicates ongoing sleep (i.e., volitional non-adherence). The two quantities
are almost perfectly anti-correlated across the cohort (ρ ≈ −0.997; Figure G.2), so analyzing
off-head propensity is effectively an analysis of compliance expressed on a more behaviorally
interpretable scale. Both lenses yield the same conclusion. Device adherence is trait-
correlated and must be treated as potential structured missingness. All associations are
correlational and are not fully adjusted for the collinear behavioral, diagnostic, age, and sex
variables.

Figure G.1: Compliance score versus autism-severity measures. Spearman correla-
tions between the per-participant DREEM compliance score and behavioral/severity scores
(left), and the same associations after adjusting for age and sex (right). The Social Re-
sponsiveness Scale shows the strongest association (ρ = 0.21, p < .01), which persists after
adjustment.
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Figure G.2: Compliance score and off-head propensity are near-perfectly anti-
correlated. Per-participant compliance score (n = 193) versus three off-head propensity
definitions: off-head fraction (Spearman ρ = −1.000), sustained-removal fraction (ρ =
−0.997), and late-night off-head fraction (ρ = −0.911); all p < .001. Dashed lines are OLS
fits with 95% confidence bands. The near-perfect anti-correlation shows the compliance
score and off-head propensity capture the same underlying non-adherence through different
filters.
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Supplementary H. Cross-Device Sleep Metric Validation

We compared sleep metrics from the DREEM headband and Empatica wristband across
n = 1,141 concurrent recording nights from 128 participants to validate cross-device agree-
ment after compliance-driven filtering (Figure H.1). Both devices agree well on gross sleep
timing, with TST (r = 0.73, ρ = 0.73), sleep onset (r = 0.65, ρ = 0.89), and final awakening
(r = 0.79, ρ = 0.82) all showing strong agreement, confirming that both sensors reliably
detect when participants fall asleep and wake up. Disagreement emerges for within-sleep
disruption metrics. WASO (r = 0.23, ρ = 0.47), sleep efficiency (r = 0.30, ρ = 0.33), and
sleep fragmentation (r = 0.33, ρ = 0.37) show substantially weaker agreement with a direc-
tional bias, namely Empatica overestimates WASO by 16.7 minutes on average and detects
0.74 more sleep-to-wake transitions per hour. This is consistent with IMU-based actigra-
phy misclassifying brief motor restlessness during sleep as wakefulness, inflating apparent
disruption.

Figure H.1: DREEM and Empatica agree on gross sleep timing but diverge on
within-sleep disruption metrics. DREEM versus Empatica sleep metrics across n =
1,141 concurrent recording nights (128 participants) prior to compliance-based filtering.
Each point is one night, colored by DREEM compliance score (lighter = lower compliance);
the red line is the identity. Top row (total sleep time (TST), sleep onset, final awakening)
shows strong agreement. Bottom row (wake after sleep onset (WASO), sleep efficiency, sleep
fragmentation) shows weak, systematically biased agreement, with Empatica overestimating
wake.
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Supplementary I. Sleep Metric Definitions

Sleep Efficiency. Sleep efficiency (SE) is defined as the proportion of time in bed spent
asleep,

SE =
TST

TIB
, (I.1)

where Total Sleep Time (TST) is the total duration of epochs scored as sleep and Time in
Bed (TIB) is the total duration of the recording window, both in minutes. For the DREEM
headband, TST is taken from the EEG-based staging and TIB = tend − tstart from the
recorded sleep window. For the Empatica watch, TST is the count of epochs classified as
sleep between sleep onset (SO) and final awakening (FA), and TIB is the total number of
epochs in the SO→FA window (1min/epoch).

Restfulness (IMU-based mean power). Restfulness quantifies nocturnal motor activ-
ity from the Empatica wristband accelerometer, where lower values indicate more restful
sleep. First, for each accelerometer axis k ∈ {x, y, z}, a 4th-order Butterworth high-pass
filter with cutoff fc = 0.5Hz removes the gravitational component,

âk = HPFfc=0.5Hz(ak). (I.2)

The instantaneous power is the sum of squared filtered accelerations,

P (t) = âx(t)
2 + ây(t)

2 + âz(t)
2, (I.3)

and the restfulness metric is defined as the mean power over all samples, namely

P̄ =
1

N

N∑
t=1

P (t), (I.4)

where N is the total number of accelerometer samples at 64Hz, and P̄ is in units of g2.
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Supplementary J. Effect of Headband on Sleep

Because participants wore the Empatica watch on all study nights but the DREEM head-
band on only a subset, we use Empatica-derived sleep metrics to compare headband versus
non-headband nights within the same participant. We restricted the analysis to partici-
pants with at least 3 nights in each condition (n = 526 DREEM+Empatica nights, n = 334
Empatica-only nights).

TST was higher on DREEM nights (µ = 5.22 vs. 4.79 hrs, dz = 0.39, p < .001)
and restfulness was lower (µ = 50.48 vs. 54.16, dz = −0.27, p = 0.037), while WASO
(dz = 0.09, p = 0.305) and sleep efficiency (dz = −0.12, p = 0.325) showed no difference.
All effect sizes are small to moderate (|dz| ≤ 0.39). The limited sample size and the
non-randomized assignment of conditions preclude definitive conclusions about whether the
headband causally affects sleep (Figure J.1).

Figure J.1: Within-subject comparison of Empatica-derived sleep metrics on
headband versus non-headband nights. Four Empatica-derived sleep metrics, namely
total sleep time (TST), wake after sleep onset (WASO), sleep efficiency, and restfulness,
compared between DREEM+Empatica nights and Empatica-only nights, restricted to par-
ticipants with at least 3 nights in each condition (n = 526 DREEM+Empatica, n = 334
Empatica-only). The Cohen’s effect size (dz) and the two-sided Wilcoxon signed-rank test
p-value are annotated in each panel.
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Supplementary K. Compliance-aware cohort filtering

This supplementary section describes the compliance-driven filtering pipeline introduced in
Section 4 and illustrated in Figure 4, along with the demographic, sleep, and compliance
characteristics of the resulting cohort. The pipeline was designed to balance signal quality
against sample size, and proceeds in five sequential steps:

1. Participants with no DREEM recordings on any night are excluded.

2. Nights with more than 20% off-head epochs are excluded.

3. Nights lacking concurrent Empatica data are excluded.

4. Nights failing Empatica artifact and sleep-classification checks are excluded.

5. Participants with fewer than three surviving nights are excluded.

After applying these criteria, 128 of the 200 enrolled participants and 1,147 nights are
retained for downstream analysis. Table K.1 reports the characteristics of this filtered
cohort, stratified by the four diagnostic groups used throughout the paper.

Table K.1: Filtered cohort characteristics (128 participants, 1,147 nights). Values are mean
± SD or n (%).

ASD (n=34) ASD+ADHD (n=40) ADHD (n=17) TD (n=37)

Age (years) 12.9± 2.0 13.4± 2.2 13.4± 2.4 12.7± 2.3
Sex (M/F) 28/6 38/2 10/7 19/18
CSHQ total 42.6± 7.8 44.1± 6.8 44.4± 5.0 39.5± 5.7
Nights per participant 10.1± 4.5 8.9± 4.9 9.1± 3.1 8.0± 3.4
Total nights 343 355 154 295
DREEM Compliance (%) 95.5± 4.0 94.2± 4.0 95.5± 2.5 95.5± 3.4
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Supplementary L. EEG signal quality and artifact analysis

Raw DREEM recordings contain large regions clipped at approximately ±50,000 µV, far
exceeding the ±100–200 µV amplitude range assumed by standard laboratory-grade PSG
pipelines. These clipped segments constitute approximately 4–5% of each recording and
arise from the high-impedance characteristics of dry-electrode contact without conductive
gel. Because HAPPE (Gabard-Durnam et al., 2018) assumes PSG-grade amplitude distri-
butions, its internal thresholds and artifact-rejection criteria are incompatible with these
signals, causing the pipeline to fail on DREEM data.

(A)

(B)

Figure L.1: EEG artifacts are sparse and remain below 15% across all diag-
nostic groups. (A) Raw EEG amplitude traces for a representative night with LUNA-
detected artifact epochs shaded in red, showing sparse temporal distribution consistent
with transient electrode adjustments rather than sustained off-head events. (B) Distribu-
tion of LUNA-detected artifact percentages per recording night, stratified by diagnostic
group (ASD, ASD+ADHD, ADHD, TD); the horizontal line marks the 15% threshold. All
groups have median artifact rates near 11–13%, well below 15%.
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L.1. HAPPE preprocessing on DREEM EEG

We additionally evaluated whether DREEM EEG recordings could be processed using
HAPPE (Gabard-Durnam et al., 2018; Lopez et al., 2022), an automated preprocessing
pipeline widely used for developmental and autism EEG studies. HAPPE is designed to
handle high-artifact EEG and low-density recordings, making it a natural candidate for pe-
diatric wearable EEG data. However, in our setting, HAPPE did not produce artifact-free
waveforms from the DREEM recordings when using its wavelet-based artifact correction
procedure.

The main failure mode was driven by the mismatch between DREEM dry-electrode
recordings and the assumptions of standard EEG preprocessing pipelines. The raw DREEM
signals contain large clipped regions at ±50,000 µV, likely reflecting contact instability or
amplifier saturation rather than physiological EEG activity. In addition, the DREEM
montage consists of a reduced set of bipolar dry-electrode derivations, rather than a con-
ventional referential PSG or 10–20 EEG montage. These properties make amplitude-based
and wavelet-based artifact correction difficult, because large non-physiological excursions
dominate the decomposition and can propagate into the reconstructed signal.

For this reason, we did not use HAPPE-preprocessed waveforms for downstream sleep
staging experiments. Instead, we used LUNA’s spectral artifact rejection procedure, which
operates on frequency-domain features and was more robust to atypical amplitude distri-
butions in the DREEM recordings.
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Supplementary M. Independent signal-quality analysis of DREEM EEG

The compliance score is derived from DREEM’s binary on-/off-head labels. To verify that
it reflects genuine signal-quality degradation rather than a coarse binary heuristic, we char-
acterize raw EEG quality using probes that are independent of DREEM’s proprietary al-
gorithm.

DREEM off-head status reflects electrode-level degradation. We trained YASA-
based staging predictors to classify each of the seven raw bipolar channels independently as
sleep-stage or off-head. Each channel independently flagged approximately 1.5% of epochs
as off-head, and a simple “any-channel” aggregation rule recovered DREEM’s headband-
level off-head labels at 83% balanced accuracy and 83% sensitivity. Representing each
epoch by YASA’s 65 staging features per channel, concatenated across all seven channels
(455 dimensions) and projected to 2D with UMAP, epochs move progressively away from
the clean-sleep manifold as more channels degrade, with the most degraded epochs (those
with 6–7 channels flagged) forming a distinct lobe (Figure M.1), and a classifier on these
features distinguishes DREEM off-head epochs at AUC ≈ 0.80 at the true ∼4% prevalence.
DREEM’s binary off-head label thus tracks graded, electrode-level degradation rather than
a single global signal.

Figure M.1: Per-channel feature geometry tracks graded electrode-level degra-
dation. UMAP of per-epoch 455-dimensional per-channel YASA features. (Left) Epochs
colored by DREEM’s binary on-/off-head label (n = 57,471 on-head, n = 2,529 off-head).
(Right) Epochs colored by the number of channels independently flagged off-head (0–7), re-
vealing a graded dose-response lobe. Epochs move progressively away from the clean-sleep
manifold as more channels degrade.

DREEM-agnostic quality metrics decline across the night. We define two raw-
signal probes. The first is an amplitude-clipping rate (fraction of each 30 s epoch clipped
at ±50,000µV), and the second is an electrode-jump rate (sample-to-sample jumps above
300µV, capturing dry-electrode slippage). Both worsen as the night progresses (amplitude
clipping 4.1×, electrode jumps 1.7×), and the same upward trend holds within on-head
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epochs alone (Figure M.2), so the decline reflects genuine degradation rather than the
headband simply coming off.

Low compliance coincides with high raw contamination. Nights in the lowest com-
pliance quartile carry an amplitude-clipping rate of 1.16% versus 0.30% in the highest quar-
tile (3.9×), and an electrode-jump rate of 2.46% versus 1.48% (1.7×). Across all 2,497
nights, compliance is negatively correlated with clipping (Spearman ρ = −0.58) and jumps
(ρ = −0.29), so low compliance and high raw contamination identify the same recordings.

Artifact detectors flag contamination even within on-head epochs. Applying
YASA variance (single-channel) and covariance (multi-channel) detectors and LUNA time-
domain and spectral detectors, within scored on-head epochs the LUNA spectral detector
flags 14.3% of epochs on average, LUNA time-domain 4.5%, YASA variance 2.9%, and
YASA covariance 0.6%. Contamination grows across the sleep window for all four detectors,
and participants with lower compliance carry more LUNA-detected on-head artifact (LUNA
spectral ρ = −0.25, p < 0.001, n = 192). The compliance score therefore captures a
conservative lower bound on the true signal quality, yet still reveals a systematic, structured
decline across the night that is routinely overlooked in machine-learning studies of wearable
physiological data.

Figure M.2: Raw signal quality degrades across the night, independently of
DREEM’s off-head labels. Amplitude-clipping rate (left) and electrode-jump rate (right)
as a function of elapsed sleep time, for all epochs (solid) and for on-head (“scored”) epochs
only (dashed). Both rates rise across the night and the trend persists within on-head epochs
alone, so the decline reflects genuine signal degradation rather than the headband coming
off; the binary compliance score is therefore a conservative lower bound on raw signal quality.
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Supplementary N. EEG-based Staging Details

Confusion matrices. Per-stage confusion matrices for YASA, LUNA, and SleepFM in
both zero-shot and fine-tuned settings (5-class) are shown in Figure N.1. In the zero-shot
setting, YASA over-predicts Wake across all true stages, LUNA shows a strong bias toward
N3, and SleepFM exhibits distributed misclassification. After fine-tuning, all three models
correctly classify over 74% of N2 epochs and over 86% of N3 epochs. N1 remains the most
difficult stage (∼42–55% recall), consistent with known difficulties in N1 discrimination even
in PSG settings (Vallat and Walker, 2021).

Figure N.1: Fine-tuning resolves systematic zero-shot staging biases across all
three EEG models. Row-normalized 5-class EEG staging confusion matrices for YASA,
LUNA, and SleepFM-FT against DREEM ground-truth stages (Wake, N1, N2, N3, REM).
For each pair of figures, the left column shows zero-shot performance, while the right column
shows performance after fine-tuning (FT) on DREEM data. YASA zero-shot over-predicts
Wake and LUNA zero-shot is biased toward N3; fine-tuning resolves these biases across all
three models.

YASA and LUNA accuracy across staging granularities. Fine-tuned YASA and
LUNA accuracy and Cohen’s κ across three staging granularities (4-class, 5-class, 6-class)
alongside zero-shot results are shown in Figure N.2. Both models improve substantially after
fine-tuning at every granularity. Performance decreases modestly as the number of classes
increases, consistent with the greater difficulty of resolving finer-grained stage boundaries.

Sample efficiency of DREEM fine-tuning. We varied the number of participants used
for fine-tuning from 1 up to the full training pool and measured 5-class staging accuracy
and Cohen’s κ on held-out participants. Both models achieve rapid performance gains
with small training sets, reaching near-plateau accuracy and κ with approximately 30–50
participants (Figure N.3). Despite LUNA’s superior zero-shot performance, YASA overtakes
it after fine-tuning on as few as 10 participants, and maintains higher accuracy across all
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Figure N.2: Fine-tuning improves EEG staging accuracy at every classification
granularity. YASA and LUNA accuracy and Cohen’s κ across three staging granu-
larities (4-class = Wake/Light/Deep/REM; 5-class = Wake/N1/N2/N3/REM; 6-class =
Wake/N1/N2/N3/REM/Artifact), comparing zero-shot and fine-tuned (FT) variants of
each model. Bars show the mean across 5-fold cross-validation; error bars are 1 std. Both
models improve substantially after fine-tuning at every granularity, and performance de-
creases modestly as class count increases.

subsequent training set sizes. These results indicate that the domain shift can be bridged
with a modest pilot cohort, a practical consideration for deploying PSG-trained models in
new wearable EEG settings.

Summary of zero-shot and fine-tuned EEG staging metrics. Table N.1 summarizes
the 5-fold cross-validation performance of YASA, LUNA, and SleepFM in both zero-shot
and fine-tuned settings on the 4-class, 5-class, and 6-class staging tasks. Values are reported
as mean ± half-range (max−min)/2 across folds. SleepFM is reported on the 5-class task
only, as fine-tuning was not performed at the other granularities. Zero-shot metrics at
4-class and 6-class evaluate the pre-trained 5-class outputs under the corresponding label
space (4-class via label mapping; 6-class with the Artifact class treated as a never-predicted
positive, which lowers Macro F1).
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Figure N.3: EEG staging performance plateaus with as few as 30–50 fine-tuning
participants. Sample efficiency of DREEM fine-tuning: 5-class staging accuracy (circle)
and Cohen’s κ (square) as a function of the number of training participants for YASA and
LUNA. Both models plateau around 30–50 participants.

Table N.1: Accuracy, Cohen’s κ, and Macro F1 for zero-shot and fine-tuned EEG
staging models on DREEM. Mean ± half-range across 5-fold cross-validation. Class
definitions: 4-class = (Wake, Light Sleep, Deep Sleep, REM); 5-class = (Wake, N1, N2, N3,
REM); 6-class = (Wake, N1, N2, N3, REM, Artifact). Zero-shot rows apply the pre-trained
model (YASA defaults, LUNA POPS s2, SleepFM) without DREEM fine-tuning; fine-tuned
rows correspond to the models after fine-tuning on DREEM. SleepFM was evaluated only
on the 5-class task.

Task Model Setting Accuracy Cohen’s κ Macro F1

4-class

YASA Zero-shot 0.362± 0.012 0.108± 0.015 0.310± 0.012
YASA Fine-tuned 0.740± 0.011 0.628± 0.011 0.737± 0.009
LUNA Zero-shot 0.521± 0.020 0.336± 0.025 0.491± 0.020
LUNA Fine-tuned 0.729± 0.008 0.613± 0.008 0.729± 0.008

5-class

YASA Zero-shot 0.315± 0.013 0.115± 0.013 0.249± 0.010
YASA Fine-tuned 0.714± 0.010 0.613± 0.010 0.668± 0.010
LUNA Zero-shot 0.475± 0.022 0.310± 0.024 0.399± 0.019
LUNA Fine-tuned 0.702± 0.008 0.596± 0.007 0.648± 0.009
SleepFM Zero-shot 0.351± 0.029 0.141± 0.033 0.269± 0.021
SleepFM Classifier FT 0.743± 0.006 0.659± 0.006 0.708± 0.006
SleepFM End-to-End Pretrained 0.820± 0.016 0.757± 0.019 0.776± 0.014
SleepFM End-to-End Random 0.815± 0.017 0.752± 0.019 0.771± 0.017

6-class

YASA Zero-shot 0.301± 0.011 0.108± 0.012 0.203± 0.007
YASA Fine-tuned 0.686± 0.008 0.584± 0.008 0.585± 0.003
LUNA Zero-shot 0.475± 0.022 0.310± 0.024 0.333± 0.015
LUNA Fine-tuned 0.675± 0.006 0.568± 0.007 0.573± 0.003
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Supplementary O. Fine-tuning SleepFM

We adapted SleepFM (Thapa et al., 2026) to DREEM data using three configurations
(Figure O.1). Classifier FT freezes the pre-trained encoder and trains only an LSTM clas-
sification head on DREEM embeddings. End-to-End Pretrain jointly updates the encoder
and LSTM classifier, allowing the learned representations to adapt to the dry-electrode
DREEM domain. End-to-End Random uses the same architecture but with randomly ini-
tialized weights trained only on SSP data, serving as a control for whether PSG pre-training
is necessary.

a Zero-shot

DREEM
EEG

SleepFM
Encoder

e1 . . . eT
LSTM

Classifier
Stage

epoch embeddings
frozen frozen

b Classifier Fine-tuning

DREEM
EEG

SleepFM
Encoder

e1 . . . eT
LSTM

Classifier
Stage

epoch embeddings
frozen

c End-to-End FT (pretrained)

DREEM
EEG

SleepFM
Encoder

e1 . . . eT
LSTM

Classifier
Stage

epoch embeddingsd End-to-End FT (random init)

DREEM
EEG

SleepFM
Encoder

e1 . . . eT
LSTM

Classifier
Stage

epoch embeddings
random weights

Frozen Trained

Figure O.1: SleepFM adapts PSG-pre-trained representations to wearable EEG
via three configurations. The model is pre-trained via contrastive learning on multi-
modal PSG data and adapted to DREEM recordings using either a frozen encoder with an
LSTM head (Classifier FT), end-to-end updates to both encoder and classifier with pre-
trained weights (End-to-End Pretrain), or the same end-to-end architecture trained from
randomly initialized weights (End-to-End Random).
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Supplementary P. Per-channel EEG staging accuracy

This supplementary section presents the per-channel staging analysis that informs the ar-
gument in Section 5 that prefrontal channels contribute relatively little discriminative in-
formation compared to frontal-to-occipital derivations.

Because we fine-tuned YASA to operate on DREEM data, we applied the model to all 7
bipolar channels independently, enabling a per-channel evaluation of staging accuracy and
off-head compliance. The 5 electrodes making up the 7 channels connect different regions
of the head (Figure 1(B)), carrying different brain signals. This opens the possibility for
some channels to be more informative with respect to sleep staging.

Channel configuration has a marked effect on classification accuracy. Frontal-to-occipital
derivations (F7–O1, F7–O2, F8–O1, F8–O2) outperform prefrontal derivations (Fp1–F7,
Fp1–F8) on 6-class staging (Figure P.1). In contrast to the difference in accuracy, off-
head rates remain uniformly low across all channels, with no single channel standing out as
notably worse. While the compliance-based filtering (Section 4) reduced the overall off-head
percentage, the off-head predictions are underpredicted relative to the DREEM headband’s
own off-head detection, suggesting that the EEG-derived features used by YASA do not
fully capture device-level off-head events, which likely cross-validate signals across multiple
channels. Taken together, these results suggest that prefrontal channels contribute relatively
little discriminative information compared to frontal-to-occipital derivations, raising the
possibility that a more comfortable headband with fewer, strategically chosen channels
could achieve comparable accuracy.
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Figure P.1: Frontal-to-occipital EEG channels consistently outperform prefrontal
derivations for sleep staging. Per-channel macro F1 (left) and off-head epoch percent
(right) for fine-tuned YASA on 6-class staging across the seven DREEM bipolar derivations.
Frontal-to-occipital channels (F7–O1, F7–O2, F8–O1, F8–O2) consistently outperform pre-
frontal channels (Fp1–F7, Fp1–F8), while off-head rates are uniformly low and well below
the DREEM system’s overall off-head rate (dashed line) across all channels.
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Supplementary Q. Sleep staging from wrist-worn sensors

Sample efficiency. A practical question for deploying wrist-based sleep staging is how
many labeled participants are needed to train a reliable model. We varied the number of
training participants for the PPG+IMU model and measured accuracy and κ as a function
of cohort size. Performance increased with the number of participants and began to saturate
around 40 subjects, with diminishing returns beyond that point (panel (C) of Figure 6 in
the main text). This suggests that a modest labeled cohort is sufficient to train effective
feature-based wrist-staging models in this setting, and that the SSP dataset provides enough
labeled data for benchmarking wrist-worn sleep staging models.

Additional PaPaGei adaptation experiments. We next evaluated whether PaPaGei (Pil-
lai et al., 2025), a PPG foundation model, could provide a transferable representation for
wrist-worn sleep staging. This is a challenging transfer setting because PaPaGei was pre-
trained on clinical-grade transmission PPG from MIMIC-III (Johnson et al., 2016), Vi-
talDB (Lee et al., 2022), and MESA (Chen et al., 2015), whereas our target data consist
of wrist-worn reflective PPG from Empatica devices. Compared with clinical PPG, wrist
reflective PPG is more affected by motion artifacts, variable sensor contact, and differences
in acquisition geometry.

We evaluated both frozen-backbone and end-to-end fine-tuned PaPaGei variants. In the
frozen-backbone setting, PaPaGei was used as a fixed feature extractor. We tested linear
probing on 30-second PPG windows, average pooling of embeddings from three 10-second
windows, and attention pooling over the same within-epoch embeddings. In these models,
only the pooling and classification layers were trained. These frozen variants performed
poorly, suggesting that PaPaGei embeddings do not directly provide a sleep-stage-separable
representation for wrist PPG. The 10-second variants were particularly limited, indicating
that such short PPG windows provide insufficient temporal context for reliable sleep-stage
discrimination.

We then evaluated end-to-end fine-tuned variants in which the PaPaGei backbone was
updated jointly with a temporal classifier. Because sleep staging depends on temporal
structure beyond a single epoch, these models used sequences of PaPaGei embeddings from
neighboring windows. We considered three temporal heads: a Transformer encoder, an
LSTM, and a Transformer followed by an LSTM. Fine-tuning improved performance, es-
pecially when longer temporal context was included, indicating that temporal structure is
important for PPG-based sleep staging. However, even the best fine-tuned PaPaGei model
remained below the XGBoost model trained on Empatica-derived feature summaries.

One reason for this gap is the difference in input representation. PaPaGei operates
directly on raw wrist PPG waveforms, where denoising, beat detection, artifact rejection,
and temporal aggregation must be learned or handled by the model. In contrast, the
XGBoost baseline uses one-minute Empatica summaries, including heart rate, heart-rate
variability, motion, temperature, and related features, which are derived from proprietary
preprocessing pipelines. Thus, the stronger performance of feature-based wrist models
likely reflects both the informativeness of wearable physiology and the value of robust
preprocessing for noisy wrist PPG.
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PaPaGei transfer and per-stage performance. Paralleling the EEG domain-shift
analysis (Section 5), PaPaGei transfer was limited across adaptation strategies. Frozen
linear probes, within-epoch pooling, and end-to-end fine-tuning all underperformed the
supervised PPG+IMU feature-based model (panel (D) of Figure 6 in the main text). These
results likely reflect several compounding factors: the mismatch between transmission PPG
pre-training data and Empatica reflective PPG, the limited temporal context of short raw
PPG windows, the difficulty of extracting reliable morphology from 64Hz wrist PPG, and
the known susceptibility of raw wrist PPG to motion artifacts. In particular, feature-
extraction tools such as pyPPG (Goda et al., 2024) are designed around the recovery of
morphological landmarks, which may be difficult to estimate robustly from lower-resolution
wearable PPG.

The degradation was not uniform across sleep stages. The supervised PPG+IMU model
achieved per-stage F1 scores of 0.760 for Wake, 0.650 for Light, 0.650 for Deep, and 0.780 for
REM. Fine-tuned PaPaGei, by contrast, reached 0.470 for Wake, 0.190 for Light, 0.220 for
Deep, and 0.440 for REM. The largest declines occurred for Light and Deep sleep, whereas
Wake and REM retained roughly half of the supervised model’s performance. One possible
explanation is that Wake and REM produce larger physiological changes in heart rate,
movement, and autonomic state that remain partially detectable from noisy wrist PPG,
while distinguishing NREM sub-stages depends on subtler cardiac signatures that may
require higher-fidelity preprocessing, longer temporal context, or complementary modalities
such as EDA or EEG.
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Figure Q.1: PPG and IMU capture complementary aspects of sleep staging,
with comparable overall performance. (A–C) Feature importance shows that PPG
emphasizes heart rate variability and pulse dynamics, while IMU captures activity-driven
signals; in the combined model, both contribute meaningfully. (D–F) Confusion matrices
for PPG-only, IMU-only, and PPG+IMU models show similar overall performance, with
PPG better resolving REM and IMU excelling at sleep–wake discrimination. The combined
model leverages both strengths, yielding improved balance across sleep stages.
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Figure Q.2: PaPaGei PPG foundation model adapted for wrist-worn sleep staging
via fine-tuning. Modification of the PaPaGei foundation model (Pillai et al., 2025) for
fine-tuning.
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Figure Q.3: PPG-based models approach multimodal performance, while PPG
foundation models require adaptation. Confusion matrices compare (A) XGBoost
with all sensors, (B) XGBoost with PPG-only, (C) fine-tuned PaPaGei, and (D) linear-probe
PaPaGei. PPG-only models achieve performance close to multimodal models, indicating
that PPG captures most of the sleep staging signal. Fine-tuned PaPaGei partially recovers
performance, while linear probing performs poorly, highlighting both domain shift and the
need for task-specific adaptation.
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Table Q.1: Accuracy, Cohen’s κ, and Macro F1 for wrist-worn sleep staging mod-
els. Mean ± std across 5 leave-subjects-out folds. XGBoost uses handcrafted features from
Empatica summarized data (1-min resolution) aligned to 30-s DREEM epochs. PaPaGei-
S is an end-to-end finetuned PPG foundation model with Transformer+LSTM temporal
aggregation over 60-epoch context windows. Classes: Wake, Light (N1+N2), Deep (N3),
REM.

Method Modality Accuracy Cohen’s κ Macro F1

XGBoost

PPG + IMU + EDA 0.703± 0.013 0.586± 0.016 0.710± 0.013
PPG + IMU 0.700± 0.012 0.584± 0.015 0.708± 0.012
PPG + EDA 0.685± 0.015 0.561± 0.018 0.689± 0.014
PPG 0.678± 0.014 0.554± 0.018 0.683± 0.015
IMU + EDA 0.611± 0.004 0.462± 0.009 0.620± 0.008
IMU 0.595± 0.007 0.446± 0.012 0.608± 0.009
EDA 0.532± 0.009 0.352± 0.012 0.525± 0.012

PaPaGei-S PPG 0.640± 0.015 0.493± 0.015 0.647± 0.015
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Supplementary R. External validation on the DREAMT cohort

To test whether in-domain fine-tuning solves the domain-shift problem or merely fits the
adaptation cohort, we evaluated cross-cohort transfer between SSP and DREAMT (Wang
et al., 2024). DREAMT contains 100 adults (median age 59 years) with one overnight gold-
standard PSG recording per participant, expert-scored sleep-stage labels, and simultaneous
wearable PPG from the Empatica E4. The task remains sleep staging from physiologi-
cal signals, but the population, acquisition setting, and wearable data distribution differ
substantially from SSP.

As shown in Table R.1, in-domain performance does not translate into reliable external
transfer. Models evaluated within the same cohort substantially outperform models trans-
ferred across cohorts. SSP→SSP reaches κ = 0.555 whereas SSP→DREAMT falls to 0.220,
and DREAMT→DREAMT reaches 0.325 whereas DREAMT→SSP falls to 0.109. The
SSP fine-tuned PaPaGei transfers worst of all (κ = 0.069), with a dominant failure mode
of severely overpredicting deep sleep, assigning 63.5% of DREAMT epochs to deep sleep
against a true rate of only 3.4%. A model can therefore improve on its adaptation cohort
while still failing under external validation, which is why the benchmark is not invalidated
by the observation that in-domain fine-tuning recovers performance; rather, it quantifies
when such adaptation fails to generalize.

Table R.1: Cross-cohort sleep-staging transfer between SSP and DREAMT.
Within-cohort cross-validation versus cross-cohort transfer. In-domain performance does
not translate into reliable external transfer; the SSP fine-tuned PaPaGei collapses onto
deep sleep on DREAMT.

Train → Test Accuracy
Balanced

Acc.
Macro F1 Cohen’s κ

SSP → SSP
(within-cohort CV)

0.680 0.710 0.685 0.555

DREAMT → DREAMT
(within-cohort CV)

0.665 0.404 0.421 0.325

SSP → DREAMT
(multimodal)

0.449 0.532 0.388 0.220

DREAMT → SSP
(multimodal)

0.423 0.365 0.277 0.109

SSP → DREAMT
(PaPaGei fine-tuned)

0.164 0.348 0.188 0.069
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