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ABSTRACT: Automated sleep staging is a fundamental
application of passive Brain-Computer Interfaces (pBCI),
decoding spontaneous neural states to enable closed-loop
interventions independent of user intent. This study eval-
uates criticality features derived from Detrended Fluctua-
tion Analysis (DFA) for the specific identification of deep
sleep (N3).

We analyzed 347,232 EEG epochs from 290 older
women using UMAP manifold learning to visualize state
transitions. Subsequently, six classifiers were bench-
marked via 10-fold cross-validation, using balanced ac-
curacy to determine the optimal "state-sensing" engine
for neurofeedback.Naive Bayes achieved the highest
mean balanced accuracy (87.17% =+ 0.24%), significantly
outperforming a fully connected deep neural network
(FNN: 81.58%) and Random Forest (80.97%). Lin-
ear models (LDA: 57.21%; SVM: 51.01%) performed
poorly, indicating that DFA-derived criticality features
reside on a distinct, non-linear manifold.

Probabilistic decoding of EEG criticality provides a high-
accuracy sensing mechanism for pBCls. This robust
classification pipeline supports the development of state-
dependent neurofeedback, such as targeted auditory stim-
ulation, to enhance cognitive recovery.

INTRODUCTION

The conceptualization of Brain-Computer Interfaces
(BCI) has traditionally been dominated by "active"
paradigms [1, 2], where users exert conscious effort to
modulate neural activity for external control. However,
as the field shifts toward everyday neurotechnology, the
Passive BCI (pBCI) has emerged as a superior framework
for state-monitoring and autonomous intervention [3, 4].
Perhaps the most robust, yet underappreciated, "textbook
example" of a pBCl is automated sleep staging [5, 6]. Un-
like active BClIs that require task-related intent, a sleep-
based pBCI monitors the brain’s spontaneous, ongoing
neural oscillations to infer physiological state without any
voluntary participation from the user [7].

By definition, a BCI is classified as "passive" when it sat-
isfies three core criteria: the use of spontaneous brain
activity as input, the absence of conscious intent from
the user, and the output being a state estimation rather
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than a direct command [3]. Sleep staging maps perfectly
to this architecture. During sleep, the user is uncon-
scious and unable to voluntarily modulate neural patterns.
The system, therefore, must decode "hidden" physiologi-
cal markers—such as sleep spindles, K-complexes, and
slow-wave activity—to classify the internal state (e.g.,
N3 vs. REM) [8].

In recent years, the utility of sleep staging has
evolved from retrospective clinical diagnosis to real-time,
"closed-loop" intervention [7]. This transformation is
best exemplified by Closed-Loop Auditory Stimulation
(CLAS) [9-11]. In these systems, a pBCI architecture
acquires EEG signals in real-time, identifies the spe-
cific "up-state”" of a slow oscillation during deep sleep
(N3) [8], and triggers a millisecond-long auditory pulse.
This intervention is designed to enhance the amplitude
of slow waves, thereby improving memory consolidation
and metabolic health [7]. In this context, the staging algo-
rithm is the "decoder" of the BCI, providing the necessary
state-inference to trigger a neurofeedback loop entirely
below the level of conscious awareness [9-11].

The Critical Brain Hypothesis [12] describes the idea that
our nervous system organizes itself to be near a phase
transition between order and disorder, a point analogous
to the boundary between a solid and a liquid in physical
systems. At this critical point, neural networks exhibit a
characteristic set of emergent properties: optimal infor-
mation processing, scale-free architecture (both in time
as well as space), high sensitivity to external stimuli and
flexibility in transitioning between states. Based on this
we can predict that healthy brains will be closest to crit-
icality with disease moving us away from this [13]. Fur-
thermore, criticality has been shown to diminish during
waking hours and to be restored during sleep [14].
While neural signals often exhibit complex heterogene-
ity, DFA provides a robust framework for quantifying
long-range temporal correlations (LRTC) by identifying
a single scaling exponent that governs signal fluctuations
across time scales, which serve as a proxy for signal
criticality. Previous studies indicate that disease states,
specifically Alzheimer’s disease and related dementias,
are associated with a breakdown in the brain’s capacity to
maintain flexible, long-range correlations, often resulting
in a shift of the scaling exponent toward values indica-
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tive of decreased physiological complexity [15-17]. By
quantifying these shifts, we can evaluate the predictive
utility of EEG criticality in identifying early-stage cogni-
tive decline.

The current study builds upon the pBCI framework by
leveraging EEG signal criticality [15, 18, 19] as a pri-
mary feature set for deep sleep classification. Critical-
ity—the study of neural systems operating at a phase
transition between order and disorder—offers a unique
window into the brain’s self-organization during the de-
scent into deep sleep [20]. By utilizing criticality-derived
metrics—specifically channel-wise DFA—as features for
machine learning, we propose a high-accuracy, auto-
mated pipeline for the detection of N3 sleep stages. We
further employ UMAP manifold learning to character-
ize the geometric structure of the resulting feature space,
and benchmark six classifiers spanning linear, probabilis-
tic, ensemble, and deep learning paradigms. This ap-
proach serves as the foundational "sensing" component
for a subsequent sleep-improvement neurofeedback sys-
tem, aiming to optimize the timing and efficacy of state-
dependent interventions for the enhancement of human
recovery and, ultimately, long-term cognitive health [7].

MATERIALS AND METHODS

The research dataset was acquired following proper au-
thorization from the National Sleep Research Resource
(NSRR) [21], drawing upon a selected portion [22] of
the Study of Osteoporotic Fractures (SOF) records [23].
SOF participants were American women at least 65 old,
with precise age unavailable due to de-identification.
Overnight polysomnography (PSG) assessments were
carried out in subjects’ homes employing Compumedics
P-Series equipment, which captured four electroen-
cephalography (EEG) channels from 461 subjects. To
establish a more uniform baseline and allow meaning-
ful comparison, the present investigation included only
those participants who obtained a Mini-Mental State Ex-
amination (MMSE) [24] score exceeding 24 during PSG
administration and who also attended a subsequent evalu-
ation five years later (N = 290). This cohort was divided
into three groups according to their results on the Teng-
modified Mini-Mental State Examination (3MS) [25] ad-
ministered at follow-up. Individuals obtaining a score of
88 or above were designated as cognitively normal, those
scoring between 78 — 88 were identified as having Mild
Cognitive Impairment (MCI), and those scoring below 78
were classified as having dementia. The polysomnogra-
phy electrode configuration comprised C3, C4, Al, and
A2 channels (representing central and mastoid sites) with
a sampling frequency of 128 Hz.

Subsequently, these recordings were divided into 30-
second epochs and hand-scored by qualified technicians
to classify wakefulness, rapid eye movement (REM)
sleep, or non-REM phases (N1, N2, N3 and N4), follow-
ing Rechtschaffen and Kales scoring standards [26]. For
this study, N3 and N4 stages as originally scored in SOF
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were merged into a unified N3 stage consistent with con-
temporary clinical practice [27]. In addition, the awake
state was partitioned into pre-sleep - starting from the first
epoch until the first recorded sleep stage and post-sleep -
the last awake state not followed by any more sleep. For
six participants, a singular last sleep epoch was removed
from analysis.

The following analysis received ethical approval from the
Nicolaus Copernicus University in Toruii, Poland, Fac-
ulty of Philosophy Research Ethics Committee (Decision
No. 60/2025).

EEG Criticality Estimation with Detrended Fluctua-
tion Analysis (DFA): DFA captures how signal fluctua-
tions scale across time, yielding a single exponent that
reflects the degree of long-range temporal correlations
(LRTC) in EEG signal. In the context of sleep, this scal-
ing exponent serves as a proxy for criticality: as the brain
transitions into N3, theory predicts a characteristic shift
toward long-range ordered dynamics, distinct from the
activity during other sleep stages. We also aimed to verify
whether the differences in criticality remain a reliable in-
dicator of N3 regardless of cognitive status across healthy
aging, early-stage cognitive decline and dementia. The
DFA procedure for each 30-second EEG epoch was im-
plemented in four primary steps:

1. Integration: The original time series x(i) is trans-
formed into an integrated profile ¥ (i) = ¥i _, [x(k) —
(x)] to convert the noise-like signal into a random
walk-like profile, revealing underlying scaling prop-
erties.

2. Segmentation: The integrated profile is partitioned
into N, = int(N/n) non-overlapping segments of
equal length n.

3. Local Detrending: For each segment v, a local
polynomial trend yy , (of order k = 1) is calculated
via least-squares fitting and subtracted from the in-
tegrated profile to remove non-stationary "drifts."

4. Fluctuation Function Calculation (q=2): The
root-mean-square fluctuation is computed by aver-
aging the variance over all segments:

1 2N

o LIF(vm)

ny=1

F(n) (1

The output is characterized by the scaling exponent o
(equivalent to the Hurst exponent H), determined as the
slope of log F(n) versus logn. A value of o 2 0.5 indi-
cates white noise (randomness), while o ~ 1.0 suggests
1/ noise, characteristic of healthy, self-organized criti-
cality. Significant deviations from these values serve as
primary metrics for pathological decline and loss of sig-
nal complexity.

Manifold Visualization of Sleep Dynamics: To visu-
alize the manifold structure of the DFA scaling fea-
tures and assess their distribution across sleep architec-
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H(q = 2) with Bonferroni-corrected Significance for Biploar EEG C4A1
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Figure 1: The Hurst exponent distributions (¢ = 2) obtained from Detrended Fluctuation Analysis (DFA) of the EEG amplitude envelope
for all sleep stages and cognitive groups. The four panels show values calculated from electrode pairs C3A2, C4A1, C3A1 and C4A2.
Above the plots there are Bonferroni-corrected pairwise significance bars showing that the N3 stage exhibits significantly elevated H
values relative to all other sleep stages across all channels and cognitive groups (xxx** : p < 0.0001).

ture, we applied unsupervised Uniform Manifold Ap-
proximation and Projection (UMAP) [28]. Unlike su-
pervised variants that rely on categorical labels, unsu-
pervised UMAP constructs a low-dimensional embed-
ding based solely on the underlying topological struc-
ture of the data. This allows for an unbiased observation
of how neural scaling properties naturally cluster across
different sleep stages. Data for this visualization were
derived from the sleep polysomnography subset [22] of
the Study of Osteoporotic Fractures (SOF) database [21,
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23]. The resulting embedding highlights a clear topo-
logical separation of the N3 sleep stage from the con-
tinuum of awake, N1, N2, and REM sleep. Mathemat-
ically, UMAP optimizes a low-dimensional fuzzy simpli-
cial set to match the high-dimensional topology. In our
analysis, the N3 stage—characterized by high-amplitude
delta activity and distinct long-range temporal correla-
tions—occupies a restricted, high-density region of the
manifold. This isolation reflects the unique "criticality"
of deep sleep compared to the more stochastic or frag-
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Unsupervised Clustering 3D UMAP Embedding (347232 data points)
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Figure 2: Unsupervised Uniform Manifold Approximation and
Projection results for all 347,232 epochs, where yellow rep-
resents the N3 stage and purple non-N3 stages. The three-
dimensional projection of the high-dimensional feature set cre-
ated from DFA analysis of four-channel EEG sleep data reveals
a distinct cluster of N3 epochs. The non-linear, curved topol-
ogy of the embedding indicates that the N3 stage is not linearly
separable from the rest of the sleep stages.

mented dynamics of lighter sleep stages. By examining
these clusters, we can visualize how the breakdown of
q = 2 scaling exponents specifically impacts the N3 sig-
nature in the context of cognitive decline, where the once-
distinct N3 cluster typically begins to merge with or shift
toward less complex sleep states.

Machine Learning Framework and Model Selection:
To evaluate the discriminative power of the DFA scal-
ing exponents across different sleep stages, we imple-
mented a comparative machine learning framework. We
selected a diverse ensemble of six classifiers to ensure
that our findings were robust to specific algorithmic bi-
ases, spanning linear, instance-based, probabilistic, and
connectionist architectures:

Linear Models: Linear Discriminant Analysis (LDA)
and Linear Support Vector Classification (Linear
SVC) were employed to establish a baseline for lin-
ear separability in the feature space.

Non-Linear & Ensemble Models: Random Forest
(100 estimators, max depth of 10) was used to
capture hierarchical feature interactions, while
K-Nearest Neighbors (KNN, k = 5) assessed local
topological clustering.

Probabilistic & Neural Models: Gaussian Naive Bayes
was employed to provide a baseline for condi-
tional probability-based classification. Additionally,
a four-layer Feedforward Neural Network (FNN)
consisting of three 100-neuron hidden layers and
a final 50-neuron layer with ReL.U activation was
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Classifier Comparison: 10-Fold Balanced Accuracy
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Figure 3: Balanced accuracy results from 10-fold cross-
validation for binary classification of N3 versus non-N3 sleep
across six evaluated classifiers: Random Forest, Linear SVM,
K-Nearest Neighbors, Naive Bayes, Linear Discriminant Anal-
ysis (LDA), and a fully connected deep neural network (FNN).
The highest score was achieved by Naive Bayes with accuracy
of 87.17%(40.24%). The full list of values can be seen in Ta-
ble 1.

implemented. This latter architecture was designed
to capture high-dimensional, non-linear dependen-
cies, following the successful application of a simi-
lar model in prior work [15].

Validation and Performance Metrics: To mitigate the
risk of overfitting and ensure the generalizability of
the results, we employed a 10-fold Stratified Cross-
Validation (10x SKF) scheme. Stratification was used
to preserve the class distributions (e.g., N3 versus non-
N3 sleep) across each fold. Given the potential for class
imbalance in sleep stage distribution and clinical diag-
nostic groups, model performance was quantified using
Balanced Accuracy. This metric is defined as the arith-
metic mean of class-specific recall:

1 TP N
Balanced Accuracy = 2\TPXFN + TN+FP)’

2
where TP, FP, TN, and FN represent true positives, false
positives, true negatives, and false negatives, respectively.
All features were standardized using a StandardScaler
within the cross-validation pipeline to ensure zero mean
and unit variance, preventing models like SVC and FNN
from being biased by differing feature scales.

RESULTS

Analysis of the Hurst exponent from DFA analysis of the
EEG envelope (H,q = 2) across all 347,232 epochs re-
vealed a consistent and statistically robust elevation of
H values during the N3 sleep stage relative to all other
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Table 1: Ten-fold cross-validation balanced accuracy results

Model Mean balanced accuracy
Naive Bayes 0.871667 +0.002397
FNN 0.815764 +0.006825

0.809687 +0.004126
0.80351240.003902
0.572146 +0.001600
0.5101124+0.001382

Random Forest
K-Nearest Neighbors
LDA

Linear SVM

recorded states. As illustrated in Figure 1, this pat-
tern was observed uniformly across all four bipolar EEG
derivations (C3A2, C4A1, C3A1, and C4A2) and across
all three cognitive groups (cognitively normal, MCI, and
dementia). Bonferroni-corrected pairwise comparisons
confirmed that N3 H values were significantly elevated
compared to pre-sleep wakefulness, N1, N2, REM, noc-
turnal wakefulness, and post-sleep wakefulness (all p <
0.0001).

Unsupervised UMAP applied to the full 347,232-epoch
DFA feature set produced a three-dimensional embed-
ding that revealed a geometrically distinct cluster cor-
responding to N3 sleep epochs (Figure 2). N3 epochs
(shown in yellow) occupied a compact, high-density re-
gion sharply separated from the broader manifold of non-
N3 sleep stages (shown in purple), which formed a more
diffuse, curved continuum.

Six classifiers were evaluated on a binary N3 ver-
sus non-N3 classification task using ten-fold strati-
fied cross-validation with balanced accuracy as the pri-
mary performance metric. Results are summarized
in Table 1 and visualized in Figure 3.  Gaussian
Naive Bayes achieved the highest mean balanced ac-
curacy of 87.17% (1+0.24%), substantially outperform-
ing all other evaluated models. The Feedforward Neu-
ral Network (FNN) attained the second-highest perfor-
mance at 81.58% (£0.68%), followed closely by Ran-
dom Forest at 80.97% (£0.41%) and K-Nearest Neigh-
bors at 80.35% (+0.39%). These four non-linear and
probabilistic classifiers reached higher accuracy rela-
tive to the linear models. Linear Discriminant Anal-
ysis (LDA) achieved only 57.21% (40.16%) balanced
accuracy, while Linear SVM performed the worst at
51.01% (£0.14%).

DISCUSSION

This study investigated the utility of EEG signal critical-
ity as a feature set for automated deep sleep (N3) classifi-
cation within a passive BCI (pBCI) framework. The find-
ings demonstrate that criticality-derived features provide
a high-accuracy, robust sensing mechanism for N3 de-
tection, achieving a mean balanced accuracy of 87.17%
with Naive Bayes classification. The elevated Hurst ex-
ponent values observed specifically during N3 sleep, con-
sistently across all four EEG channels and all three cog-
nitive groups, provide strong empirical support for the
theoretical prediction that deep sleep serves a criticality-
restorative function. Notably, this discriminative signa-
ture was preserved across cognitive status groups, sug-
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gesting that DFA-derived criticality remains a robust in-
dicator of N3 sleep even in the presence of cognitive
decline. While the exclusive inclusion of older women
represents a demographic limitation that constrains the
generalisability of these findings to the broader popula-
tion, it simultaneously constitutes a strength in the con-
text of the study’s future aims - this cohort closely mir-
rors the target demographic for home-based sleep inter-
vention and dementia prevention, where older women
are both disproportionately represented and at elevated
risk. The UMAP embedding provided a critical insight
that directly motivated and subsequently validated the
classifier selection strategy. The geometrically distinct
but topologically curved cluster occupied by N3 epochs
in the three-dimensional embedding demonstrates unam-
biguously that deep sleep is not linearly separable from
other stages in the DFA feature space. This curvature im-
plies that the decision boundary required for accurate N3
detection is non-linear, which explains the failure of both
linear models evaluated. The poor performance of the
Linear SVM (51.01%) and the LDA (57.21%) models
are indicative of a mismatch between model architecture
and feature geometry.

CONCLUSIONS

The findings of this study reinforce the conceptualiza-
tion of automated sleep staging as a premier use case
for pBCI. By leveraging neural criticality—specifically
through channel-wise DFA—we have demonstrated that
spontaneous, unconscious oscillations contain high-
fidelity signatures of physiological state. The robust
performance of non-linear classifiers, such as the Naive
Bayes model (87.17% balanced accuracy), validates that
these criticality-derived features can reliably decode the
"hidden" markers of N3 sleep across diverse cognitive
profiles. This architecture satisfies the definitive crite-
ria of a pBCI: it utilizes spontaneous brain activity with-
out conscious intent to produce a state estimation rather
than a direct command. Our results show that the geo-
metric complexity of the DFA feature space, as revealed
by UMAP manifold learning, necessitates non-linear de-
coding strategies to accurately capture the brain’s transi-
tion into deep sleep. Ultimately, this pipeline provides
the necessary “sensing” foundation for closed-loop inter-
ventions. By accurately identifying the N3 stage in real-
time, such a system can trigger neurofeedback or auditory
stimulation entirely below the level of conscious aware-
ness. This study thus moves the field closer to a seamless,
autonomous neurotechnology capable of monitoring and
restoring neural criticality, thereby optimizing human re-
covery and long-term cognitive health.
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