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Abstract

Objective. Closed-loop auditory stimulation (CLAS) can enhance slow oscillations during non-
rapid eye movement sleep; however, its broader use has been limited by technical and temporal
constraints. We introduce and validate CLAS-hdEEG, a high-density electroencephalographic (hd-
EEG) software platform integrated within the Magstim EGI environment, capable of real-time
delta wave detection and phase-targeted auditory stimulation with low detection-to-stimulation
latency, achieved through event-based detection of delta wave extrema. Approach. The CLAS-
hdEEG software continuously streams 128-channel EEG data, applies an online moving average
filter to Fz for real-time delta wave detection, and triggers brief pink noise bursts at the detected
peak or trough of ongoing oscillations. Detection thresholds were based on established amplitude
crossings, a minimum peak-to-peak difference of 75 11V, and duration limits of 160—1700 ms.
Synchronization between neural detection and stimulus onset was verified using digital input
hardware (DIN) markers recorded by the EGI acquisition system. The system was validated in 14
healthy participants during N3 sleep under peak, trough, and sham stimulation conditions. Phase-
targeting success was defined as auditory bursts occurring within predefined 90° phase windows

of the oscillation (0°-90° for in-phase blocks and 180°-270° for anti-phase blocks). Main results.
Across all sessions, auditory stimuli were delivered with a mean detection-to-stimulation latency of
20.03 = 0.5ms and an overall phase-targeting success rate of 0.913, indicating that 91.3% of stim-
uli occurred within the predefined 90° target phase windows. Online and offline detections showed
strong agreement (F1 ~ 0.80), confirming that real-time processing preserved the fidelity of oft-
line algorithms. Significance. This study establishes the technical and temporal validity of CLAS-
hdEEG, the first hd-EEG software platform for CLAS within the EGI environment. By combining
low detection-to-stimulation latency with high-density spatial sampling, this framework provides a
robust and extensible platform for investigating how auditory stimulation interacts with large-scale
neural dynamics across diverse states of consciousness.

© 2026 The Author(s). Published by IOP Publishing Ltd
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1. Introduction

1.1. Neurophysiological constraints for closed-loop
stimulation of delta dynamics

1.1.1. Delta events as a target for real-time detection
Closed-loop stimulation of brain activity during sleep
must operate within well-defined neurophysiolo-
gical constraints. During non-rapid eye movement
(NREM) sleep, cortical activity is dominated by high-
amplitude, low-frequency slow wave activity in the
delta range (~0.5-4Hz) [1-3], reflecting alternat-
ing periods of neuronal depolarization and hyperpol-
arization across large cortical populations [1, 4, 5].
From a mechanistic standpoint, delta activity encom-
passes both slow waves (1-4 Hz; SWs) and slow oscil-
lations (<1Hz; SOs). Because of their strong asso-
ciation with sleep depth and neuronal bistability,
delta waves are widely quantified through spectral
and event-based metrics such as delta wave power,
peak-to-peak amplitude, slope, and event rate [6, 7].
Together, these metrics provide measurable features
for real-time detection and modulation.

1.1.2. Functional relevance of delta dynamics for
system validation

Delta waves provide a well-defined and technically
advantageous signal class for validating real-time
closed-loop electroencephalographic (EEG) systems.
Their large amplitude, stereotyped waveform mor-
phology, and low-frequency temporal structure make
delta activity particularly suitable for benchmarking
detection accuracy, timing precision, and phase spe-
cificity in online signal-processing pipelines. These
properties enable systematic comparison between
real-time detections and offline reference analyses,
allowing objective assessment of algorithmic fidelity
and end-to-end system performance [8, 9]. From a
systems perspective, delta waves exhibit constrained
amplitude ranges, duration bounds, and phase rela-
tionships that can explicitly be incorporated into
detection criteria. As a result, deviations in event
timing, threshold crossings, or phase alignment can
be quantified relative to known signal characterist-
ics, providing clear performance bounds for real-time
modulation architectures. This makes delta dynam-
ics a useful reference for evaluating the stability and
robustness of closed-loop operations across extended
recordings [9, 10].

Beyond its utility as a validation signal for
closed-loop system development, delta-band activ-
ity has been associated with large-scale physiolo-
gical processes related to sleep and cortical regula-
tion. Delta dynamics contribute to restorative and
mnemonic functions of sleep [11, 12], and their
amplitude and frequency have been linked to global
synaptic downscaling mechanisms that renormal-
ize cortical excitability following wakefulness [13].
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In addition, delta events support communication
during memory consolidation [14—-16]. More gener-
ally, delta-band activity correlates with homeostatic
processes and recovery [17], including metabolic
clearance [18], immune system regulation [19], and
post-sleep vigilance [20]. Decreased delta dynamics
have been reported in aging, insomnia, and clinical
populations [21-23], motivating continued interest
in approaches capable of detecting and modulating
these events with higher temporal precision. These
observations provide a broad rationale for developing
robust and generalizable closed-loop EEG platforms.

1.2. Design requirements for modulation of delta
waves

1.2.1. Existing neuromodulation approaches and
technical constraints

Several non-invasive neuromodulation modalities
have been tested to modulate delta wave dynamics.
For example, Marshall et al (2006) [24] showed that
frontally applied slow-oscillatory transcranial dir-
ect current stimulation (so-TDCS; 0.75Hz) during
NREM increased delta wave dynamics and improved
memory recall. Transcranial magnetic stimulation
(TMS), including repetitive protocols targeting pre-
frontal regions, has also been shown to transiently
induce or enhance slow oscillatory and delta activ-
ity, with associated improvements in sleep continuity
and sleep depth, particularly in insomnia populations
[25, 26]. Among sensory approaches, closed-loop
auditory stimulation (CLAS) delivers brief auditory
sounds phase-targeted to the ongoing delta wave.
The work by Ngo et al [27] demonstrated that
such stimulation synchronized with the peak of the
wave (in-phase stimulation) amplifies delta waves and
improves declarative memory. Subsequent studies
refined the timing of the algorithms and extended the
method to older adults, clinical and neurological pop-
ulations, naps, and at-home settings [28-33]. More
recent work has expanded CLAS beyond behavioral
outcomes, providing the neurophysiological evid-
ence that in-phase auditory stimulation reinforces
cortical up-states, enhances large-scale synchroniza-
tion, and modulates slow-wave propagation across
distributed cortical networks [34]. Comprehensive
methodological guidelines have since been proposed,
outlining the optimal detection, timing, and safety
parameters for CLAS [10, 35]. In parallel, both
empirical and review work have emphasized timing
precision, system latency, and validation of phase
alignment as critical determinants of CLAS efficacy
and cross-study comparability [8, 9]. Despite these
advances, reproducibility and cross-platform com-
parison remain limited by heterogeneity in system
architectures, stimulation control strategies, and the
type of timing validation performed.
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Notably, a recent meta-analytic review reported
that the magnitude of reported memory benefits from
acoustic closed-loop stimulation varies across public-
ation years and has been discussed in the context of a
potential decline effect [36]. Importantly, early land-
mark studies demonstrated robust enhancements of
slow oscillatory activity and memory performance
when stimulation was precisely timed to the targeted
phase [27, 37]. Together, these observations high-
light the need for rigorous and transparent reporting
of timing precision, end-to-end latency, and phase-
alignment validation to support cross-study compar-
ability and reproducibility across CLAS platforms.

While hd-EEG has been combined with both
open-loop rhythmic auditory stimulation (e.g.
Auditory Steady State Responses; ASSR) [38] and
CLAS protocols, these implementations typically
relied on external or wearable devices for real-time
detection, with high-density EEG (hd-EEG) used
primarily for offline analysis or validation [39-42].

1.3. System-level limitations of current CLAS
implementations

1.3.1. Restricted spatial sampling

Most CLAS studies rely on a single frontal EEG elec-
trode for online event detection [27, 32], which pre-
cludes the analysis of the spatial dynamics of delta
waves. However, delta waves are known to exhibit
marked regional variability in amplitude, slope, and
timing across the cortex, often propagating as trav-
eling waves from frontal to posterior regions [2, 43].
This spatial heterogeneity implies that a single elec-
trode may not accurately capture the global phase or
origin of a wave, potentially leading to suboptimal
stimulation timing. Furthermore, local delta waves
are common during NREM sleep [44, 45], underscor-
ing the need for high-density recordings to distin-
guish global versus local events.

hd-EEG enables precise mapping of these spa-
tial dynamics, revealing that delta activity can arise
independently across cortical regions and that wave
propagation delays vary by tens of milliseconds across
sites [7, 46]. Such a distributed characterization is
essential to determine whether stimulation at a single
site modulates only local versus global oscillatory
events. Broader spatial sampling is therefore critical
for understanding and effectively modulating the dis-
tribution dynamics of delta activity.

Beyond spatial sampling, hd-EEG offers addi-
tional advantages over classical 10/20 EEG sys-
tems for advanced analyses, including functional
connectivity, graph-theoretical measures, microstate
dynamics, and complexity and criticality analyses.
Moreover, high-density recordings allow for more
precise source localization and propagation analyses
than lower-density systems. These analyses are partic-
ularly relevant for studying alterations in large-scale
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network organization that accompany altered states
of consciousness, such as sleep, anesthesia, and dis-
orders of consciousness [47-49].

1.3.2. Latency and synchronization limitations

The efficacy of CLAS critically depends on the latency
between neural event detection and stimulus delivery.
From an engineering perspective, this imposes a strict
real-time constraint in which end-to-end latency dir-
ectly determines intervention efficacy. Several stud-
ies have demonstrated high algorithmic efficiency
and precise phase targeting using threshold-based or
adaptive phase-tracking approaches, particularly in
wearable or mobile systems [27, 50]. These works
provide important insights into algorithmic per-
formance and phase estimation accuracy. However,
these metrics primarily quantify computational or
algorithm-level delays and, in many cases, do not fully
capture the complete end-to-end latency between
neural detection and physical sound emission within
laboratory-based hd-EEG systems, where additional
delays arise from acquisition hardware, operating sys-
tem scheduling, and audio output pathways [32, 38,
50-53].

1.3.3. Reproducibility and platform-dependency
constraints

Another limitation in current CLAS systems, includ-
ing the present implementation, is the dependence on
hardware-specific EEG-based stimulation platforms,
which can complicate cross-platform reproducibil-
ity and direct comparison between implementations.
This limitation arises from reliance on manufacturer-
specific hardware and software interfaces, which
restrict direct access to low-level acquisition, tim-
ing, and stimulation components. Hardware-related
factors such as amplifier latency, sampling architec-
ture, operating system scheduling, and audio output
pathways can introduce non-negligible delays that are
rarely quantified or reported in a unified manner
across systems.

While methodological advances in delta wave
detection and phase-targeting algorithms have
improved transparency at the signal-processing
level [46], system-level validation of timing and
synchronization remains heterogeneous across plat-
forms. Recent open-source and wearable frameworks,
such as the Portiloop system [54] and other low-
channel adaptive approaches [51, 53] have made
important progress toward algorithmic transpar-
ency, benchmarking, and hardware accessibility.
However, many hd-EEG implementations have relied
on external or parallel stimulation devices for real-
time control, using hd-EEG primarily for offline
recording and post-hoc validation rather than for
integrated closed-loop operation.



10P Publishing

J. Neural Eng. 23 (2026) 026010

As a result, fully integrated hd-EEG systems that
combine real-time neural event detection, stimula-
tion control, and explicit end-to-end latency valida-
tion at the system level within a single synchronized
experimental platform remain scarce.

In parallel with these limitations, laboratory-
grade hd-EEG systems such as the Magstim EGI
environment are well established in sleep research
employing high-density recordings and provide
standardized acquisition pipelines with well-
characterized signal properties across studies [7,
38-41]. While this does not mitigate the limitations
associated with proprietary hardware architectures
or restricted hardware access, it supports that the
present framework is applicable within a commonly
adopted experimental ecosystem for hd-EEG-based
sleep research.

2. Rationale and objectives

2.1. System-design rationale

The limitations of existing CLAS systems have motiv-
ated the development of a new software framework
capable of integrating hd-EEG acquisition with low-
latency, phase-targeted auditory stimulation. The
goal was to design a platform that could operate
in real-time within the Magstim EGI environment
while minimizing the temporal gap between neural
detection and stimulus delivery, emphasizing accur-
ate phase targeting in the delta frequency range
(~0.5—4Hz).

Unlike many previous implementations restricted
to low-channel EEG or offline analyses, the present
system records 128 electrodes (expandable up to 256),
enabling the rich spatial characterization of delta
waves for subsequent analyses of propagation dynam-
ics, regional specificity, and network coherence. In
parallel, the real-time pipeline focuses on a single
frontal electrode (Fz) for online delta wave detection,
optimizing computational efficiency, and minimiz-
ing the system latency. This hybrid design preserves
the temporal precision while capturing comprehens-
ive neural data for post-hoc validation and future
multi-channel extensions.

A central aspect of this work is the reduction in the
delay between the detection of an ongoing delta wave
and the emission of an auditory stimulus. Achieving
millisecond-scale detection-to-stimulation latency
required tight synchronization between acquisition,
processing, and stimulation modules within the EGI
infrastructure (Magstim EGI, NetStation Acquisition
software, version 5.4.3, Eugene, OR, USA). This
performance enables accurate phase-specific inter-
ventions, particularly stimulation near the peak
(up-state) or trough (down-state) of the oscillatory
cycle, without phase drift or timing uncertainty.
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2.2. Engineering objectives and performance
criteria

Our overarching objective was therefore to develop
and validate a CLAS software that meets rigorous per-
formance benchmarks for recall and precision, and is
directly integrated into a hd-EEG system.

From an engineering perspective, a key object-
ive was to achieve a detection-to-stimulation latency
sufficiently short to preserve phase-specific audit-
ory stimulation within the delta frequency range
(~0.54 Hz). Based on the temporal properties of delta
oscillations, the target design criterion was an end-to-
end latency below 50 ms, corresponding to less than
approximately 20% of a delta cycle at 4 Hz, ensur-
ing that stimulation remains confined to the inten-
ded phase window despite variability in detection and
triggering latency.

Specifically, the system was designed to fulfill the
following criteria:

(1) Delta wave detection-stimulation sensitivity:
Each stimulation block (in-phase and anti-
phase) was required to achieve a detection sens-
itivity greater than 75%, as defined by the ratio
between the number of successfully stimulated
delta waves and the total number of delta waves
detected offline.

(2) Phase-targeting performance during stimula-
tion blocks (figure 1):

(a) In-phase: Auditory triggers during in-phase
blocks were expected to occur between 0°
and 90° of the oscillatory cycle for at least
60% of stimulated delta waves, and within
the broader up-slope interval (270° — 90°)
for at least 80% of stimulated delta waves.

(b) Anti-phase: Auditory triggers during anti-
phase blocks were expected to occur
between 180° and 270° of the oscillatory
cycle for at least 60% of stimulated delta
waves, and within the broader down-slope
interval (90° —270°) for at least 80% of
stimulated delta waves.

(3) Sham condition: The Sham stimulation block
was designed not to deliver any auditory triggers.

3. Methods

3.1. Algorithm

The CLAS algorithm was implemented in Python
version 3.9.6 using an asynchronous PyQt5 frame-
work to ensure real-time EEG acquisition, signal
processing, and auditory feedback. The algorithm
continuously receives EEG data from the EGI Net
Amp 300 amplifier (Magstim EGI, NetStation
Acquisition software, version 5.4.3, Eugene, OR,
USA), extracts and filters the Fz channel, detects
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Figure 1. Phase-targeted auditory stimulation and predefined phase windows. The diagram illustrates the phase angles used for
CLAS relative to the delta wave cycle. In-phase stimulation (purple) was expected to occur between 0° — 90° for at least 60% of
stimuli, and within the broader 270° — 90° up-slope for at least 80% of stimuli. Anti-phase stimulation (brown) was expected
to occur between 180° — 270° for at least 60% of stimuli, and within the broader 90° — 270° down-slope for at least 80% of
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Figure 2. The CLAS system and experimental setup. Hd-EEG was recorded using a Magstim EGI Net Amp 300 with simultaneous
data streaming to both the NetStation Acquisition software and the custom-designed CLAS application. The CLAS app per-
formed real-time detection of delta wave extrema on the Fz channel and triggered auditory pink noise stimulation via earbuds.
Each stimulation event was marked both internally and by an external Digital Input (DIN marker) trigger recorded in the EEG

delta wave extrema (peaks and troughs) based on
predefined amplitude and duration criteria, and
triggers auditory stimulation with millisecond-scale
detection-to-stimulation latency. An overview of the
complete CLAS-hdEEG system is shown in figure 2.
EEG signals from the Magstim EGI Net Amp 300
were streamed simultaneously to the NetStation
Acquisition software for recording and to a cus-
tom CLAS application for real-time processing. The
CLAS app continuously analyzed the Fz channel
to detect delta wave extrema and delivered audit-
ory stimulation through calibrated earphones. Each
event was marked by both internal and external

hardware triggers to ensure precise synchroniza-
tion between the EEG trace and sound onset. The
use of a single electrode (Fz) as the real-time con-
trol channel reflects engineering constraints inherent
to closed-loop operation. In CLAS systems, stimu-
lation timing is commonly derived from a single,
stable reference channel using event-based or phase-
referenced criteria in order to minimize computa-
tional load and ensure low-latency triggering. Hd-
EEG acquisition was nevertheless retained to allow
full-bandwidth, multi-channel signal recording for
offline processing and future use of the software
framework.
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Figure 3. Graphical user interface of the CLAS application. The CLAS app displays the continuously updated filtered Fz signal,
detected delta wave events, and stimulation progress indicators. Operators can configure stimulation type (Peak, Trough, Rest),

block duration, and audio testing directly through the interface.

3.2. Data acquisition and preprocessing

EEG packets were streamed via the AmpServer inter-
face using asynchronous I/O to prevent blocking
between acquisition and processing threads. Each
incoming packet contained short data segments (1000
samples) from all channels from which the Fz sig-
nal was extracted and down-sampled to 500 Hz for
real-time detection. The system ignored the first
100 packets from the moment of app activation
to allow the baseline and filters to stabilize before
the detection began. Two moving-average buffers
were implemented to suppress slow drifts and high-
frequency noise, while preserving the delta wave mor-

phology:

Baseline (DC) buffer: a slow sliding window (2s;
1000 samples) estimating the mean Fz amplitude
used for DC removal. This step compensates for the
electrode-dependent baseline offsets present in hd-
EEG systems using a common reference (Cz), in
which each channel exhibits a distinct DC poten-
tial due to reference configuration and impedance
differences.

Smoothing buffer: a short-term moving average win-
dow (25 samples) applied to the DC-corrected signal
to attenuate high-frequency fluctuations.

The resulting trace (filtered signal) was continu-
ously updated and displayed on a graphical inter-
face for online monitoring. Figure 3 illustrates the
CLAS app interface during an active session, in which

three stimulation blocks have been configured by the
operator. Within the interface, users can test auditory
playback, define the stimulation type (e.g. active or
sham) and duration, and organize multiple stimula-
tion blocks in a customizable order. Once the stim-
ulation is started, the app automatically progresses
through the predefined blocks sequentially, and each
completed block is marked with a green check icon,
whereas the active block in progress is indicated by an
arrow. This setup allows for a flexible experimental
design and clear visual tracking of the stimulation
status throughout the session.

3.3. Parameter optimization for online filtering
The parameter values for the DC-removal and
smoothing filters were determined through a com-
bination of theoretical considerations and empirical
validation to balance the signal fidelity, latency, and
noise suppression. The DC-removal filter estimated
the running mean of the Fz signal over a 2 s window
(1000 samples at 500 Hz) and subtracted it from the
raw signal. This operation behaves as a high-pass filter
with a cutoff frequency given by

fo= o= (1)

where T is the length of the moving average win-
dow in seconds. For T = 2s, the cutoff is approx-
imately f. ~0.25Hz. This value was chosen because
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Figure 4. Frequency and time-domain validation of online filtering. (A) Frequency responses of the DC buffer (low-pass, 2's

= 1000 samples), the smoothing buffer (low-pass, 25 samples), and their combined band-pass-like response. Subtracting the
slow DC estimate from the signal produces a high-pass component, which, when cascaded with the smoothing filter, yields a
pass-band centered in the delta range (~0.5-4 Hz). (B) Comparison of 5 s of raw, offline-filtered, and online-filtered Fz sig-
nals showing stable baseline correction, minimal delay, and effective attenuation of high-frequency and DC components. The
online-filtered signal closely follows both the raw and offline-filtered signals, confirming accurate real-time performance of the

implemented filters.

it efficiently removes very slow drifts and electrode-
dependent DC offsets that are common in hd-EEG
systems using a common reference (Cz), while pre-
serving low-frequency components associated with
delta wave activity.

A smoothing filter was implemented as a 25-
sample moving average (50 ms at 500 Hz). The the-
oretical frequency response of a moving-average filter
follows a sinc-shaped function, with its first spectral
null at

=t @)
and its —3 dB cutoff frequency approximated by

N

fom 04437 3)
where f; is the sampling frequency and N is the win-
dow length (samples). For f; = 500Hz and N =25,
the first null occurs at fo =20Hz and the effective
cutoff is f; /= 0.443 x (500/25) =8.86 Hz. This con-
figuration, therefore, acts as a low-pass filter that pre-
serves delta waves (<9 Hz) while attenuating higher-
frequency activity such as alpha rhythm and muscle
noise. A smaller window size would have allowed
residual high-frequency and 60 Hz power-line com-
ponents to remain, while a larger window would have
introduced greater delay in the online signal due to
increased filter latency.

Thus, the selected combination, a 2 s DC-removal
filter (high-pass ~ 0.25 Hz) and a 25-sample smooth-
ing filter (low-pass ~ 8.86 Hz), resulted in an effective
band-pass response between approximately 0.25 Hz
and 9 Hz, centered in the delta range ~0.5-4 Hz most
relevant for delta wave detection.

Figure 4(A) illustrates the frequency responses of
the DC buffer (low-pass, 2s = 1000 samples), the

7

smoothing buffer (low-pass, 25 samples), and their
combined response. Subtracting the slow DC estim-
ate from the signal effectively produces a high-pass
component that, when cascaded with the smooth-
ing filter, yields a band-pass-like response centered
in the delta range (~0.5-4 Hz). This configuration
attenuates both ultra-slow drifts (<0.3 Hz) and high-
frequency components (>9Hz), including 60 Hz
power-line noise, while preserving the morphology
of delta waves relevant to delta wave detection. The
final parameters of DC window = 2 s and smoothing
window of 25 samples yielded stable baseline correc-
tion, minimal latency relative to the raw signal, and
effective suppression of high-frequency artifacts and
DC offsets. Figure 4(B) demonstrates that the online-
filtered signal closely follows both the unfiltered and
offline-filtered signals, confirming accurate real-time
tracking and proper online filtering.

3.4. Online delta wave detection

The CLAS-hdEEG system operates as a real-time
closed-loop architecture in which ongoing EEG activ-
ity is continuously analyzed and directly used to trig-
ger auditory stimulation without user intervention.
Real-time detection of delta wave extrema was imple-
mented using a state-machine architecture operat-
ing on the continuously updated, filtered Fz sig-
nal. At each iteration, the algorithm processed the
most recent sample received from the amplifier and
evaluated it against predefined amplitude and tim-
ing thresholds. Two independent detection condi-
tions are available: Peak and Trough. All thresholds
were selected based on prior sleep literature, using
amplitude gates of —40 £ 354V, a minimum peak-
to-trough swing of 751V, and valid duration limits
between 160-1700 ms [7].
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Figure 5. Online detection logic for delta wave extrema. Flowchart of the real-time event-based detection algorithm used for aud-
itory stimulation delivery. Peaks and troughs of the delta wave are identified using predefined amplitude and duration thresholds
applied to the filtered EEG signal. Detected extrema directly trigger auditory stimulation in a closed-loop manner, resulting in
phase-targeted stimulation within predefined delta-cycle phase windows.

In the present work, the term phase-targeted refers
to stimulation that is delivered at reproducible and
predefined phase segments of the delta cycle (peak
or trough), achieved through real-time, event-based
detection of delta wave extrema rather than continu-
ous phase estimation.

In in-phase stimulation, a trough was first iden-
tified when the signal dropped below —404V. The
algorithm then tracked the minimum amplitude
and monitored the subsequent rise until the signal
increased by at least +75uV above the trough and
exceeded +20 pV. If the trough-to-peak duration fell
within 160-1700 ms, a peak was confirmed and an
auditory stimulus was triggered.

In anti-phase stimulation, detection proceeded
in the opposite direction. Once a positive half-
wave exceeding +20 11V was detected, the algorithm
tracked the maximum amplitude until polarity
reversed. When the waveform subsequently dropped
> 754V below the last peak and reached below
—40 11V within 160-1700 ms, a valid trough was iden-
tified and stimulation was delivered.

Zero-crossing guards of £5 1V were implemen-
ted between positive and negative phases to prevent
false detections caused by small fluctuations around
zero. The complete event-based detection logic for
both in-phase and anti-phase conditions is summar-
ized in figure 5.

At the start of each stimulation block, all detec-
tion flags (e.g. peak, trough, zero-crossing) were reset
to their default states. This reset ensured that detec-
tion logic operates independently across blocks, pre-
venting residual states or incomplete waveform trans-
itions from previous blocks from triggering false
detections.

Each confirmed detection sent a non-blocking
signal to the audio thread for stimulus playback and
logged an event code for synchronization with the

EEG recording. To ensure precise synchronization
between stimulation events and EEG recordings, each
auditory stimulus was marked through both soft-
ware and hardware triggers. When a valid detection
occurred, the CLAS application logged an internal
event code in parallel with the auditory playback and
simultaneously activated an external trigger inter-
face connected to the EGI amplifier (Digital Input
(DIN) markers in figure 2). This interface gener-
ated a DIN pulse that was recorded in the NetStation
Acquisition data stream, allowing the temporal align-
ment between detected delta wave phase and sound
onset to be verified offline. System latency was eval-
uated by comparing the timestamps of internal and
external markers, as reported in the Results section.

3.5. Auditory stimuli

Auditory stimuli consisted of short bursts of pink
noise (1/fnoise), commonly used in CLAS paradigms
(27, 29, 32, 37]. The pink noise bursts had a dura-
tion of 50 ms, with a 5ms rising and falling ramp,
respectively. Auditory playback was handled in real-
time using the PyAudio library(version 0.2.13), which
streamed preloaded pink-noise samples stored as 16-
bit mono waveforms at a 16 kHz sampling rate. This
configuration ensured low-latency output and precise
temporal alignment between the software command
and the generated sound. The headphones were con-
nected to a trigger interface (AV Device DIN Adapter,
Magstim EGI, Eugene, OR, USA), which acted as a
relay between the stimulation software and the aud-
itory output to ensure precise timing synchroniza-
tion with EEG recordings. The temporal precision of
the auditory triggers was verified using the AV Device
Tester provided by Magstim EGI, which measures the
accuracy of stimulus markers transmitted through
the Net Amps DIN port and recorded with the EEG.



10P Publishing

J. Neural Eng. 23 (2026) 026010

3.6. Participants

Nineteen healthy adults (5 males, 14 females; 5
men, 13 women, 1 non-binary; mean age = 23.79 £+
3.82 years) were recruited on a voluntary basis. Before
participation, eligibility was verified by a member
of the research team to ensure compliance with
study criteria. Inclusion criteria were: age between 18
and 40 years, and adequate comprehension of either
French or English. Exclusion criteria comprised a his-
tory of auditory disorders or hearing loss, diagnosed
sleep disorders, chronic use of psychotropic medic-
ation, shift or night work within the past month,
neurological or psychiatric conditions, and epilepsy.
Participants were also instructed to abstain from alco-
hol on the day prior to and the day of data collection,
to refrain from caffeine intake on the day of testing,
and to avoid intense physical exercise on the after-
noon preceding the recording session.

3.7. Data collection

This study has been reviewed and approved by
the Research Ethics Board of the Centre Intégré
Universitaire de Santé et des Services Sociaux du
Nord-de-I'Ile-de-Montréal (CIUSSS-NIM; MP-12-
2022-2984), and data were collected at the Center
for Advanced Research in Sleep Medicine (CARSM).
Participants arrived at the sleep laboratory about 30
to 45 min before their usual bedtime and signed
and informed consent was obtained before any fur-
ther steps were taken. Head circumference was meas-
ured to select the appropriate EEG net size. The Cz
electrode was located at the midpoint between the
nasion-inion and ear-to-ear lines, marked on the
scalp, and used to align a 128-channel gel-based EEG
net. Recordings took place in a fully darkened, sound-
attenuated bedroom. Impedances were maintained
below 50k(?2, signals were referenced online to Cz, and
data were sampled at 1000 Hz.

Sound intensity was individually calibrated: parti-
cipants listened to short pink-noise bursts and adjus-
ted the volume to a level that was clearly perceptible
but unlikely to cause arousal once asleep. This self-
selected intensity was used for all stimulation blocks.
Across participants, the final sound level typically cor-
responded to one to two volume bars on the experi-
ment computer, representing low-intensity auditory
stimulation.

Participants were then allowed to follow their
usual bedtime routine. CLAS stimulation began once
stage N3 sleep was visually identified in real-time
by a trained experimenter, indicated by prominent
delta waves (figure 2). Upon N3 detection, the CLAS
application was activated and configured for a total of
15 min of stimulation divided into three 5 min condi-
tions: In-phase, Anti-phase, and Sham. Auditory stim-
uli were presented binaurally through ER2XR insert
earphones (Etymotic Research, IL, USA). Stimulation
was paused whenever participants showed signs of
arousal or transitioned out of N3, and resumed
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from the beginning upon re-entry into stable N3.
Depending on the amount of stable delta wave activ-
ity, total stimulation time per participant ranged from
a few minutes up to 45 min across multiple N3 cycles.

3.8. Final dataset and analysis overview

Of the 19 participants initially recruited, data from
five participants were excluded from subsequent ana-
lyses because of either the use of an earlier version
of the detection algorithm (n=2) or the absence of
stable N3 sleep with detectable delta waves (n=3).
Therefore, the final dataset included 14 participants
(11 females and 3 males) who completed all three
stimulation conditions (In-phase, Anti-phase, and
Sham). All analyses reported below were conduc-
ted on this validated subset to evaluate the perform-
ance, latency, and stimulation accuracy of the CLAS-
hdEEG system. Standard classification metrics were
used to evaluate system performance, including pre-
cision, recall, and Fl-score, computed from true-
positive, false-positive, and false-negative counts as
commonly defined. Specific definitions were adapted
to each test (e.g. online/offline detection agreement
vs phase-targeting success rate) and are described in
their respective Results subsections.

4, Results

4.1. System performance
4.1.1. Latency between detection and stimulation
Previous CLAS studies have reported a variety of
timing-related metrics, including phase alignment
accuracy, stimulation efficiency, and algorithmic
or computational delay, reflecting heterogeneity in
how temporal performance is defined and evalu-
ated across systems. Because timing performance is
assessed using different operational definitions across
the CLAS literature, we distinguish three concep-
tual levels of latency reporting, algorithmic, func-
tional, and system-level, based on whether timing is
evaluated through phase estimation accuracy, post-
hoc physiological alignment, or system-level timing
characterized using component-wise delay estima-
tion or hardware-recorded event markers, ranging
from stimulus-onset verification to explicit end-to-
end quantification of detection-to-stimulation delay.
At the algorithmic level, temporal performance
is implicitly assessed through the accuracy and com-
putational efficiency of real-time phase estimation.
Methods such as phase-locked loop tracking, pre-
dictive phase models, or instantaneous phase estim-
ation algorithms quantify how precisely the phase
of ongoing oscillations can be estimated under con-
trolled signal-processing conditions. A representat-
ive example is provided by Ferster et al [53], who
benchmarked phase estimation accuracy, robust-
ness, and computational efficiency relative to off-
line ground-truth phase estimates. In this study,
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algorithm execution efficiency on embedded hard-
ware was evaluated by quantifying the number of
processor cycles required per EEG sample, reflect-
ing computational processing cost rather than phys-
ical detection-to-stimulation latency. These metrics
characterize algorithmic and computational delay,
but they do not incorporate delays introduced by
EEG acquisition hardware, data buffering, operat-
ing system scheduling, or auditory stimulus delivery,
and therefore do not provide a measure of physical
detection-to-stimulation latency.

At the functional level, temporal accuracy is
inferred indirectly by examining whether stimula-
tion effects or evoked responses occur near the
intended oscillatory phase. This includes post-hoc
phase alignment analyses, zero-crossing—based tim-
ing evaluations, and event-related potential timing
relative to stimulation. Several CLAS studies adopt
this approach by applying protocol-defined delays
or phase-targeting rules and subsequently assess-
ing whether auditory stimulation coincides with the
desired wave features [32, 50, 51, 55, 56]. While
these analyses provide valuable information about
physiological relevance and phase-targeting efficacy,
they rely on inferred timing relationships and do not
constitute a direct measurement of the physical delay
between neural event detection and auditory output.

At the system level, latency refers to the delay
between the online detection of a neural event and
the onset of the corresponding auditory stimulus,
encompassing contributions from signal acquisition,
real-time processing, operating system scheduling,
audio drivers, and digital-to-analog conversion. This
definition reflects the cumulative impact of hardware
and software components involved in real-time stim-
ulation delivery.

Several recent studies have documented system
timing by integrating stimulation triggers or auditory
onset markers into the EEG recording. For example,
Krugliakova et al [39] and Leach et al [41] recor-
ded stimulation triggers as digital inputs to the EGI
amplifier, enabling alignment of EEG activity with
stimulation timing and subsequent offline evaluation
of phase-targeting accuracy. Similarly, Hebron et al
[42] used a hardware TriggerBox to insert audit-
ory onset markers into the EEG data stream, allow-
ing precise temporal alignment between EEG sig-
nals and sound onset for phase-based analyses. These
approaches provide system-level timing information
and support validation of phase-targeted stimulation,
although they do not report a numerical detection-
to-sound delay in milliseconds. A different approach
was adopted by Valenchon et al [54], who reported
system latency in a wearable closed-loop platform by
estimating the contribution of individual processing
components, including filtering, inference, and stim-
ulation hardware delays, resulting in a total estim-
ated detection-to-stimulation delay of approximately
64 ms, derived from component-wise delay estimates
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rather than direct measurement of auditory onset.
This approach characterizes system latency through
component-wise estimation rather than through dir-
ect measurement of auditory onset timing recorded
within the EEG.

In the present study, system-level latency
was quantified by comparing internal detection
timestamps generated by the CLAS-hdEEG system
with externally generated markers corresponding to
the physical onset of auditory stimulation recorded
by the EEG amplifier. Auditory onset markers were
generated using a Magstim EGI AV device tester, a
hardware tool specifically designed for scientific veri-
fication of stimulus timing in real-time EEG exper-
iments, enabling precise and reproducible measure-
ment of detection-to-stimulation latency. This pro-
cedure enabled direct quantification of the detection-
to-stimulation delay under the implemented experi-
mental configuration. Across all stimulation blocks,
the mean latency was 20.03+ 0.5ms (range: 19.03—
21.01 ms). While absolute latency values depend on
system architecture and implementation choices, this
delay corresponds to less than 20% of a delta wave
cycle at 4Hz and remains compatible with phase-
targeted delta wave stimulation.

4.1.2. Online versus offline filtering performance

To validate the real-time moving-average implement-
ation, online-filtered Fz signals (sampled at 500 Hz)
were compared with offline zero-phase fourth-order
Butterworth band-pass filters (0.25-9 Hz) applied
after recording to the same downsampled data. After
discarding the first 2 s to exclude filter initialization
transients, correlation coefficients were computed
between the online and offline traces across all stim-
ulation blocks and averaged per subject.

Across participants (n=14), the online-filtered
signals showed high correspondence with the offline
reference (r = 0.83 +0.07), confirming that the real-
time implementation accurately reproduced the off-
line filtering behavior while maintaining stable tem-
poral characteristics. Participant-wise correlation val-
ues are presented in table 1. These results validate
the fidelity of the implemented moving-average fil-
ters for real-time EEG processing and ensure that sub-
sequent delta wave detection was based on physiolo-
gically equivalent signals.

4.2. Detection accuracy

4.2.1. Phase-targeting success rate

To evaluate the temporal accuracy of auditory stimu-
lation delivery, we computed the proportion of stim-
uli delivered within the predefined target phase win-
dows among all delivered events (phase-targeting suc-
cess rate). A stimulation was classified as successful
when the auditory burst occurred within the pre-
defined 90° phase window of the delta wave (0°—
90° for in-phase blocks; 180°-270° for anti-phase
blocks), after correcting for the measured system
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Table 1. Per-subject correlation (r) between online and offline filtered Fz signals.

Subject Mean r SDr Subject Mean r SDr
03 0.60 0.26 12 0.81 0.16
04 0.87 0.03 13 0.85 0.03
07 0.89 0.03 14 0.79 0.08
08 0.84 0.06 15 0.85 0.16
09 0.87 0.05 16 0.67 0.03
10 0.84 0.04 17 0.78 0.06
11 0.87 0.05 18 0.87 0.05
Average:  0.83£0.07

Note.Correlation coefficients (r) represent the agreement between online (real-time) and offline (zero-phase)

filtered Fz signals for each participant. Mean and standard deviation (SD) were computed across all

stimulation blocks.

Table 2. Phase-targeting success rate per participant.

Subject TP Total Success rate Subject TP Total Success rate
03 843 942 0.895 12 451 478 0.944
04 342 373 0.917 13 788 905 0.871
07 945 1019 0.927 14 458 493 0.929
08 378 437 0.865 15 823 858 0.959
09 528 575 0.918 16 411 443 0.928
10 204 247 0.826 17 651 708 0.919
11 956 1029 0.929 18 452 509 0.888
Mean + SD = 0.908 - 0.036
Total =9016 TP =8230  Pooled success rate = 0.913

Note. TP = true positives. Total = number of auditory stimulations delivered. Success rate represents the proportion of correctly

phase-targeted stimulations among all delivered auditory events. Mean =+ SD reflects between-subject variability across participants

(n=14). Pooled success rate represents the proportion computed across all stimulation events.

delay of 20 ms. Stimulations meeting these criteria
were considered true positives (TP), whereas stimu-
lations falling outside the targeted phase range were
labeled as false positives (FP). The total number of
delivered stimuli (TP + FP) was used to compute the
proportion of correctly phase-targeted stimulations,
referred to as the phase-targeting success rate.

Across participants, the mean success rate was
0.908 £0.036 (mean £ SD), with participant-level
success rates ranging from 0.826 to 0.959. The pooled
success rate across all stimulation events was 0.913,
computed as the ratio of the total number of success-
fully phase-targeted stimulations to the total number
of delivered stimulations across all participants.

This indicates that approximately 91% of all aud-
itory stimulations were delivered within the inten-
ded 90° phase window of the ongoing delta wave.
Participant-wise success rates are shown in table 2.
These results confirm stable phase-targeted perform-
ance across recording sessions and subjects.

4.2.2. Comparison with offline detection

To evaluate the reliability of the real-time detection
algorithm, offline delta wave detection was performed
on the same raw EEG segments using the same amp-
litude and duration criteria employed online. Each
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stimulation block was first band-pass filtered offline
(0.5-4Hz, fourth-order Butterworth, zero-phase)
and then segmented into individual delta waves based
on peak-to-peak amplitude 75 pV thresholds, negat-
ive and positive deflection —40 + 35 14V, and duration
of 160-1700 ms, consistent with standard delta wave
detection criteria in the literature [57].

For each offline-detected delta wave, the corres-
ponding stimulation markers from the CLAS system
were inspected to determine whether the real-time
algorithm identified and stimulated the same event.
Because stimulation triggers occurred with a fixed
hardware delay of 20 ms, the expected onset of the
auditory pulse was adjusted accordingly. A stimula-
tion was considered a true positive (TP) if its trig-
ger occurred within the temporal boundaries of the
offline-detected delta wave and matched the targeted
phase (peak or trough, depending on the stimula-
tion condition). Offline waves without a correspond-
ing stimulation were labeled as false negatives (FN),
and stimulations without a matching offline delta
wave were labeled as false positives (FP). From these
counts, we computed the precision, recall, and F1-
score for each block and stimulation condition.

Across all sessions and participants, the real-time
detection algorithm achieved a mean precision of
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Figure 6. Phase alignment of auditory stimulation. Circular histograms showing the distribution of instantaneous delta wave
phases at stimulation onset for in-phase stimulation (left) and anti-phase stimulation (right). Each blue trace represents the nor-
malized occurrence of stimulations per angular bin (20 steps). Red lines indicate the mean resultant phase across all events.
Stimulations occurred within the expected phase windows—near the positive half-wave (0° — 90°) for in-phase condition and
the negative half-wave (180° — 270°) for anti-phase condition, demonstrating consistent phase-targeted stimulation at the target

delta wave segments following event-based detection.

=~0.76, recall of ~0.85, and F1-score of ~0.80, indic-
ating a strong agreement between online and offline
detections. This confirms that the implemented real-
time algorithm closely reproduces the performance
of offline gold-standard detection, despite operating
under real-time constraints.

4.2.3. Phase alignment of auditory stimulation

To quantify the phase specificity of the stimulation
delivery, the instantaneous phase of each detected
delta wave was extracted offline from the filtered
Fz signal at the moment of auditory onset. Phases
were computed using the Hilbert transform and
expressed in degrees, where 0° corresponds to the
positive-to-negative zero crossing, 90° to the posit-
ive peak, 180° to the negative-to-positive zero cross-
ing, and 270° to the trough of the delta wave.
Circular histograms were constructed across all stim-
ulation events for both in-phase stimulation and
anti-phase stimulation, with a bin width of 20°
(figure 6).

In the in-phase condition, stimulation phases
were concentrated within 0° to 90°, with a mean
resultant phase of ~51° (circular variance ~ 0.10),
indicating that auditory stimuli occurred during the
ascending portion of the positive half-wave and near
the peak extremum.

In the anti-phase condition, stimulation phases
were concentrated within 180° to 270°, with a mean
resultant phase of ~243° (circular variance ~ 0.087),
consistent with stimulation occurring on the des-
cending portion of the negative half-wave and near
the trough extremum.

These results indicate that the CLAS algorithm
accurately targets the intended phase segment of
ongoing delta waves, while maintaining consistent
phase-targeted stimulation across conditions, as veri-
fied by offline phase analysis.
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Although phase clustering was consistent across
participants (n = 14), future studies including larger
samples may further refine variance estimates and
strengthen statistical confidence in phase-alignment
metrics.

5. Discussion

To the best of our knowledge, this study intro-
duces and validates the first CLAS-hdEEG sys-
tem designed for real-time delta wave detection
and phase-targeted sound delivery fully integrated
within the Magstim EGI environment, with expli-
cit end-to-end latency validation. This framework
integrates 128-channel EEG acquisition with low-
latency auditory stimulation, achieving millisecond-
scale detection-to-stimulation latency from neural
detection to sound onset. This demonstrates that
hd-EEG recording and real-time stimulation can be
combined without compromising temporal accuracy,
which is an important step forward given the compu-
tational and synchronization challenges traditionally
associated with high-channel count systems.

While previous studies have used open-loop
rhythmic stimulation paradigms such as the
ASSR [38] to characterize how the brain entrains to
periodic sounds, the present system enables a causal,
phase-specific modulation of endogenous delta waves
in real-time. This closed-loop framework thus trans-
itions from measuring auditory entrainment to act-
ively shaping ongoing delta wave dynamics, opening
the door to mechanistic investigations of sensory—
neural interactions during sleep and sedation.

By coupling precise temporal control with high
spatial resolution, this framework enables detailed
exploration of how delta wave activity propagates
and adapts in response to auditory stimulation
across cortical regions. Future developments may



10P Publishing

J. Neural Eng. 23 (2026) 026010

include integrating adaptive, machine learning—based
detection strategies to enhance sensitivity and context
awareness beyond classical threshold-based criteria.
Altogether, these results establish a technically robust
and temporally precise foundation for future stud-
ies investigating large-scale brain dynamics and their
modulation through phase-targeted stimulation.

Beyond its technical validation, this platform
offers the possibility of examining how phase-
targeted auditory stimulation interacts with delta
waves in different situations, such as pharmacologic-
ally induced sedation or unconsciousness. CLAS has
recently been shown to alter slow-wave homeostasis
during dexmedetomidine sedation, suggesting that
auditory neuromodulation can operate even when
delta waves are pharmacologically driven [58, 59]. In
parallel, our team has recently proposed a protocol
for the integration of CLAS during propofol general
anesthesia to directly test its impact on the anes-
thetic delta waves and nociception-related dynam-
ics [60]. The temporal precision and spatial cover-
age afforded by the present CLAS-hdEEG system
provide the necessary framework to rigorously eval-
uate such translational applications under controlled
conditions. If phase-targeted stimulation can reliably
reinforce pharmacologically induced delta waves, it
could ultimately complement balanced anesthesia
strategies by strengthening endogenous oscillatory
dynamics without increasing pharmacological drug
dosage.

In addition, the integration of hd-EEG allows us
to consider spatial organization of delta waves. Slow
oscillations are not static events, as they emerge and
propagate across cortical networks, and their spa-
tial characteristics differ between natural sleep and
anesthetic-induced unconsciousness [2, 61]. By cap-
turing whole-brain activity with high spatial resolu-
tion while maintaining millisecond-scale detection-
to-stimulation latency, this system enables the iden-
tification of consistent initiation sites or propaga-
tion pathways that may represent optimal targets for
stimulation. Determining whether specific cortical
regions serve as more effective entry points for closed-
loop modulation could refine stimulation strategies
in all clinical contexts in which slow-wave dynamics
play a central role.

6. Conclusion

This study introduces and validates a novel CLAS-
hdEEG system capable of real-time, phase-targeted
auditory stimulation using hd-EEG. When evalu-
ated during N3 sleep in 14 healthy subjects, the
CLAS-hdEEG system achieved a mean detection-to-
stimulation latency of approximately 20ms, stable
event-based targeting of delta wave extrema within
predefined 90° phase windows, and strong agree-
ment between online and offline detections, with a
mean precision of ~0.76, recall of ~0.85, and an
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F1-score of ~20.80, all criteria essential for closed-
loop paradigms. By providing a validated framework
for integrating acquisition, detection, and stimula-
tion, this work paves the way for future research
examining the neural mechanisms and clinical applic-
ations of delta wave modulation in altered states of
consciousness.
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