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Abstract

Behavioural reports are the standard means of determining whether a stimulus is consciously perceived,
but assessing perception when patients are unable to provide such reports remains challenging. Here,
using a machine-learning approach trained on simultaneous high-density scalp and intracranial EEG
recordings during median nerve stimulation, we derived a candidate non-invasive marker of
somatosensory awareness by predicting from scalp EEG the intracranial tonic operculo-insular response
previously associated with conscious somatosensory perception. In an independent multicentre
perceptual-threshold dataset of healthy participants, the scalp estimate of tonic activity was larger for
perceived than unperceived stimuli and consistently distinguished the two conditions at the individual
level. This participant-level consistency was not observed for the Somatosensory Awareness Negativity,
the best-established scalp EEG marker of somatosensory awareness. Moreover, a decision threshold
derived from the perceptual dataset generalized without recalibration to a third, independent dataset,
separating wakefulness from deep NREM sleep across all participants despite the absence of
concurrent perceptual reports. Thus, our approach identifies an intracranially informed, non-invasive EEG
marker associated with conscious somatosensory processing that generalizes across individuals,
datasets and brain states, supporting its future evaluation in clinical settings where behavioural reports
are unavailable.

INTRODUCTION

Research on the neural correlates of consciousness has identified numerous electrophysiological
signatures associated with conscious perception’ . These signatures have been characterized using
non-invasive approaches, such as EEG>® and MEG’?, as well as invasive intracranial recordings®~ ",
which provide access to neural dynamics at markedly different spatial scales and with different
sampling characteristics compared with non-invasive methods'?'3. However, these findings failed to
provide non-invasive markers of conscious perception that are reliable at the individual subject
level*1415 at the same time reflecting the engagement of specific awareness-related neural dynamics

without relying on behavioural report'®17.

Somatosensory perception provides a well-documented scenario for testing the reliability of non-
invasive biomarkers of conscious perception. Peripheral nerve stimulation has long been known to evoke

a contralateral frontocentral negativity around 120-180 ms, historically labelled as the N140"81°.
Subsequent studies showed that this component is enhanced when somatosensory stimuli are
consciously perceived??, leading to its more recent reframing as the Somatosensory Awareness
Negativity (SAN), paralleling analogous modality-specific negativities described within the broader
Perceptual Awareness Negativity (PAN) framework?'. However, SAN latency, morphology and amplitude

vary substantially across individuals?2~24, limiting its reliability as an individual subject level marker of
conscious perception.
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Stereo-electroencephalography (SEEG) studies have provided insights into the intracranial dynamics
associated with the SAN. Early phasic responses, possibly corresponding to the scalp N20, primarily
reflect afferent processing, vanish within ~ 50 ms after stimulation and can remain detectable in the
absence of conscious perception (e.g. in anesthesia or coma patients), making them unlikely to account
for the later SAN2025727 They are followed by sustained broadband gamma activity in operculo-insular
regions lasting over 200 ms?’. This tonic activity is distributed bilaterally?, emerges around perceptual
threshold, distinguishes perceived from unperceived stimuli, and is preserved even when participants are
not required to report their perceptual experience, supporting its association with conscious perception
rather than overt reporting?°.

Simultaneous intracranial and scalp recordings provide a powerful framework for linking the
spatiotemporal specificity of invasive electrophysiology with the accessibility of non-invasive EEG®P.
Using this approach, we recently showed that the scalp SAN is temporally associated with sustained
operculo-insular activity, whose local broadband gamma activity is followed by a deflection of the local
field-potential, which is aligned with the scalp negativity (Mikulan et al., in preparation). Importantly,
simultaneous scalp—intracranial recordings can also be used to learn predictive mappings between non-
invasive and invasive signals, including during spontaneous brain activity3'32.

Given the premises above, here we wondered whether applying machine-learning on simultaneous high-
density EEG (hdEEG) and SEEG recordings during median nerve stimulation could extract from scalp EEG
an intracranially informed feature of the tonic response that, despite resembling the SAN, could mitigate
its inter-individual variability, thus providing a more reliable and generalizable index of somatosensory
awareness. Once the tool was established, in the present study we tested its generalizability across
participants, centres, acquisition systems, stimulation intensities and experimental protocols. Finally, we
examined its robustness across markedly different brain states, using wakefulness and deep NREM
sleep as a physiological use case to explore its potential future translation to bedside assessment in
patients who cannot communicate.

RESULTS

We leveraged simultaneous hdEEG—SEEG recordings combined with a machine-learning approach to
derive a non-invasive estimate of the operculo-insular tonic response to median nerve stimulation
associated with somatosensory conscious perception. Specifically, a time-delayed ridge-regression
model®3~3° was trained to predict the time-resolved intracranial response from scalp hdEEG and
evaluated in held-out participants using leave-one-subject-out cross-validation.

For subsequent scalp-only analyses, we operationally defined Scalp Estimated Tonicity (SET) as the area
under the predicted tonic-response waveform exceeding twice the prestimulus baseline standard
deviation between 60 and 250 ms. The model and SET quantification were then applied, without
adaptation or recalibration, to an independent multicentre perceptual-threshold dataset, where trial-by-
trial reports allowed us to test whether SET reliably distinguished perceived from unperceived stimuli at
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the individual-subject level and to compare its performance with the conventional SAN. We subsequently
used this dataset to derive a SET decision threshold (SET*), which was finally applied, together with the
unchanged model, to an independent wake—N3 sleep dataset acquired without concurrent perceptual
reports, providing a further test of generalization across brain states.

Scalp EEG predicts intracranial tonic responses in held-out
participants

As a first step of analysis, we trained a ridge-regression model to predict intracranial tonic responses
from the scalp EEG. We trained the model on simultaneously recorded hdEEG and SEEG (Fig. 1a, see
Methods). After training, the optimal time-delayed ridge regression model had an alpha value of 100 and
a minimum temporal lag of 0 ms and a maximum lag of 40 ms.

Prediction performance was quantified by correlating each model-predicted waveform with the
corresponding observed intracranial tonic-response waveform, taking the maximum Pearson correlation
across temporal lags of up to £ 50 ms. In leave-one-subject-out cross-validation, the median maximum
correlation across pseudo-trials from held-out participants was 0.67 (interquartile range [IQR] = 0.55—
0.75). After aggregating predictions within each participant, the median correlation was 0.61 (IQR =
0.48-0.84).

The model therefore recovered a substantial portion of the temporal structure of the intracranial
response in participants whose data had not been used for model fitting. Prediction performance
nevertheless varied across participants, with median cross-validated correlations ranging from 0.28 to
0.79 (median = 0.64, IQR = 0.48-0.73), indicating interindividual differences in the strength or scalp
expression of the intracranial tonic response. Figure 1b shows the observed and predicted intracranial
responses averaged across held-out participants. Both waveforms displayed a delayed increase after
median nerve stimulation followed by a sustained response over the subsequent post-stimulus interval.

The sensor-space distribution of the model coefficients showed its strongest contributions over
frontocentral electrodes, including AF3, F2, F4 and FC2. Following alignment to a common stimulation
side, the topography (Fig. 1c) was broadly compatible with the frontocentral distribution expected for the

SAN22—24 _

(a) Schematic of the recording setup and of the Time-Delayed Ridge model (see methods). (b)
Comparison between observed and predicted tonic responses across subjects (mean + SEM), together
with the median maximum cross-correlation across pseudo-trials from held-out participants (0.67) and
the median participant-level correlation (0.61). (¢) Topographical distribution of Time-Delayed Ridge
model weights from the temporal window selected for the final model (0-40 ms), averaged across
temporal lags and projected onto sensor space using a 64-channel BioSemi EEG montage.
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Both SAN and SET distinguish perceived from unperceived stimuli at the group level, but only SET
provides consistent individual-level separation

The multicenter perceptual-threshold dataset included 16 participants, eight recorded in Milan and eight
in Turin. On average, participants purported as perceived 48% of the stimuli (52% unperceived). The
mean number of retained trials was 115 for the perceived condition and 125 for the unperceived
condition. The average responses obtained in perceived and unperceived conditions from one
representative subject are shown in Fig. 2b. In line with previous literature??~24, at the group level, grand-
average scalp responses differed between perceived and unperceived stimuli within the expected
latency range of the SAN (Fig. 2c). Specifically, cluster-based permutation analysis identified a
significant temporal cluster extending from 125 to 230 ms after stimulation, with a scalp distribution
consistent with previous reports and a maximum negativity over the contralateral C6 electrode??~24.
Within this interval, perceived stimuli elicited a more negative response than unperceived stimuli. Mean
amplitude of SAN was - 0.655 + 0.439 pV in the perceived condition and - 0.313 £ 0.288 pV in the
unperceived condition and the difference between the two conditions was significant across subjects
(Wilcoxon signed-rank test: W =18, p =0.0076; d_z = - 0.760), confirming that the SAN contained reliable
information about somatosensory perception when responses were aggregated across participants

(Fig. 2d).

However, individual waveforms showed substantial variability in the latency, amplitude, and morphology
of the SAN. A clearly identifiable negative component was present in some participants, whereas in
others it was small, temporally dispersed, or not readily distinguishable from background activity (see
Supplementary figure S2). Consequently, despite the significant group-level effect, the within-participant
difference in N140 amplitude between perceived and unperceived condition averages was
heterogeneous and did not show a consistent pattern across individuals (Fig. 2d).

We then applied the model trained on simultaneous hdEEG—-SEEG recordings to the same multicenter
dataset. For each participant and condition, the model generated a predicted tonic response, from which
the SET was computed as the area under the curve (Fig. 2e, see methods). At the group level, SET was
markedly larger for perceived than for unperceived stimuli (Fig. 2f). Mean SET was 9.93 +3.63 z in the
perceived condition and 1.93 £ 1.94 z in the unperceived condition. This difference was significant
(Wilcoxon signed-rank test: W=0, p =3.05 x 10-5; d_z = 1.89; Fig. 2g).

Unlike scalp SAN, SET also provided clear participant-level separation between conditions. Using a
Leave-One-Out Cross-Validation (LOOCV) procedure, a participant-independent decision threshold (SET*)
was derived from the development set. The optimal thresholds obtained across the 16 iterations were
highly consistent (median SET* = 6.0, mean = 6.01 + 0.03, range = 6.0—6.1), with LOOCV classification
yielding an accuracy of 0.969 (31/32 correctly classified samples). The final SET* threshold (6.0), shown
by the red dashed line in Fig. 2g, was then applied to the entire perceptual-threshold dataset. All 16
perceived-condition averages were classified as displaying estimated tonic activity, whereas all 16
unperceived-condition averages were classified as not displaying predicted tonic activity, resulting in
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complete development-set separation (overall accuracy of 1, with both sensitivity and specificity equal to
1). Within each participant, the perceived and unperceived condition averages were correctly separated:
SET was equal to or greater than SET* for perceived stimuli and below SET* for unperceived stimuli.

(a) Schematic representation of the somatosensory perceptual-threshold paradigm. Participants
received 250 constant-intensity median nerve stimuli set close to their individual perceptual threshold.
Each trial comprised a jittered prestimulus interval (1.5 £ 0.25 s), median nerve stimulation, a 0.5-s post-
stimulus interval, and a visual cue prompting a perceived/unperceived response. (b) Single-participant
example of scalp EEG responses (Nave indicates the number of trials averaged per condition) to
perceived and unperceived stimuli, with channel C6 highlighted in black. (¢) One-sample cluster-based
permutation test (PCT) performed on the within-participant difference waveforms at channel C6. A
significant negative cluster was identified between 0.125 and 0.230 s after stimulation, corresponding to
the N140 component and highlighted in light green. The top-right panel shows the scalp distribution of
the perceived-minus-unperceived difference averaged across the significant temporal cluster, revealing
the expected contralateral frontocentral negativity centred over electrode C6. (d) Comparison of SAN
amplitude between perceived and unperceived conditions. At the group level, SAN amplitude was
significantly larger, i.e. more negative, for perceived than for unperceived stimuli (**p < 0.01). (e)
Representative examples of the tonic responses predicted for the perceived and unperceived conditions,
corresponding to the scalp EEG signals shown in panel B. Scalp Estimated Tonicity (SET) was quantified
between 60 and 250 ms as the time integral of estimated waveform exceeding a predefined baseline-
exceedance criterion of 2 x obaseline, indicated by the dashed line. (f) One-sample cluster-based
permutation test performed on the within-participant difference between the estimated waveforms
obtained for perceived and unperceived conditions. (g) Comparison of SET values between perceived
and unperceived conditions. At the group level, SET was significantly higher for perceived than for
unperceived stimuli (**p < 0.01). The SET decision threshold derived from the pooled perceptual dataset
(SET = 6; red dashed line) achieved complete development-set separation between perceived and
unperceived condition averages (accuracy = 1).

Estimated tonic activity is reduced during deep NREM sleep with
respect to wakefulness

The trained model was subsequently applied to the independent wake—sleep dataset using the same
SET quantification procedure employed in the perceptual-threshold dataset. The model was not
retrained, and SET* = 6, previously derived from the pooled perceptual dataset, was applied without
recalibration.

SET was substantially larger during wakefulness than during sleep. Mean SET was 23.4 £ 9 during
wakefulness and 0.3 + 0.4 during sleep. The within-participant difference was significant (Wilcoxon
signed-rank test: W =0, p = 0.0078) and was associated with a large effect size (dz =2.65).
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Application of SET* classified all eight wake-condition averages as displaying estimated tonic activity,
and all eight sleep-condition averages were classified as not displaying estimated tonic activity. Overall,
16 out of 16 condition averages were correctly classified, corresponding to a perfect accuracy of 1.
Notably, the model had not been trained to distinguish vigilance states and SET* had been derived from
the independent near-threshold perceptual dataset. These findings demonstrate that SET* generalized to
the wake—-sleep contrast without recalibration.

Importantly, prediction performance improved as the number of selected trials per subject increased
(Fig. 3f). Specifically, classification accuracy increased from 0.625 using 5 trials to 1 using 55 trials, after
which performance reached a plateau, indicating that reliable discrimination between wake and sleep
can be achieved with approximately 55 trials per participant.

(a) Scalp EEG responses recorded during wakefulness (Nave = 250) in one representative subject. (b)
Corresponding estimated scalp activity, yielding a SET value of 15. (¢) Scalp EEG responses recorded
during sleep (Nave = 188) in the same subject of (a). (d) Corresponding estimated scalp activity, yielding
a lower SET value of 0. (e) Comparison of SET values between wakefulness and sleep. SET* (red-dashed
line), derived from the independent perceptual-threshold dataset and applied without recalibration, is
shown by the red dashed line. All wake-condition averages and sleep-condition averages were correctly
classified, yielding an overall accuracy of 1. (f) Classification accuracy as a function of the number of
trials included in the averaged EEG response.

DISCUSSION

In the present study, we used simultaneous hdEEG—SEEG recordings to derive a non-invasive estimate of
the intracranial tonic response associated with somatosensory perception. A time-delayed ridge-
regression model recovered the temporal profile of this response in held-out participants and was
subsequently applied, without adaptation, to two independent scalp EEG datasets. In a multicentre
perceptual-threshold dataset, both the Somatosensory Awareness Negativity (SAN) and SET
distinguished perceived from unperceived stimuli at the group level, but only SET consistently separated
the two conditions across individuals. A decision threshold (SET*) derived from this dataset showed
near-perfect leave-one-out classification and, when applied without recalibration to an independent
wake—N3 sleep dataset, correctly separated all wake and sleep condition averages.

The different performance of SAN and SET may reflect the distinct information captured by the two
measures. Conventional SAN quantification reduces a spatially distributed and temporally extended
response to the amplitude of a negative deflection measured at a single contralateral electrode (as

2223 or an ROI of electrodes, as in 2%), making it sensitive to interindividual

calculated here and in
variability in latency, morphology, source anatomy and scalp projection?>2337_ By contrast, SET
integrates information distributed across all scalp channels and temporal delays through a
transformation optimized to predict a physiologically characterized intracranial response, while also

capturing its magnitude and temporal persistence above prestimulus variability. Consistently, the
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frontocentral distribution of model coefficients was broadly compatible with the expected SAN
topography. Nevertheless, SET should not be regarded simply as a more sensitive measure of the SAN,
nor as a direct reconstruction of intracranial activity, but rather as an intracranially informed scalp-
derived estimate of the tonic response.

Despite its simplicity, the time-delayed ridge-regression model proved effective in extracting participant-
level information from scalp EEG. Its linear and regularized formulation is well suited to the relatively
limited size of the simultaneous hdEEG-SEEG dataset and remains comparatively interpretable3#3°38,
Larger simultaneous EEG—SEEG datasets may eventually support more complex Al-based models
capable of capturing nonlinear or participant-specific relationships between scalp and intracranial
activity31-323%_ Still, a key feature of the present approach was its ability to generalize across recording
sites. Indeed, the model was successfully applied to perceptual-threshold data acquired at two centres
using different EEG systems and recording environments. Although all datasets were transformed to a
common montage and preprocessing framework, pooling the Milan and Turin cohorts introduced
realistic between-site variability. The resulting participant-level separation suggests that model
performance did not depend exclusively on acquisition-specific features of the simultaneous hdEEG—
SEEG dataset. This cross-centre generalization is particularly relevant given the limited transferability

that more complex deep-learning models can show across acquisition sites, a major challenge for
multicentre applications.

The transfer to the wake—sleep dataset provided a further test of generalization, as neither the model nor
SET* were developed to distinguish vigilance states and all parameters were applied without
recalibration. SET was markedly higher during wakefulness and remained below threshold during N3
sleep in all participants. However, this comparison should not be interpreted as an independent
validation of perceived versus unperceived classification. Conscious mentation can occur during NREM
sleep*1#2, and perceptual status could not be established in the absence of trial-by-trial reports. Rather,
wakefulness and stable N3 sleep provide a physiological contrast in which the likelihood of consciously
perceiving the suprathreshold somatosensory stimuli is markedly different. Moreover, sleep-related
changes in cortical excitability, synchrony and background EEG activity*3~46

independently of perception.

may influence SET

The generalization of SET across recording conditions and brain states provides a rationale for
evaluating it as a candidate bedside index of stimulus-related processing in unresponsive patients with
disorders of consciousness. In this context, SET would complement established EEG paradigms such as
the P300/P3b and mismatch negativity (MMN)?*47. P300/P3b paradigms, particularly in active or
command-following designs, depend on target detection, attention, working memory and comprehension
of instructions, making negative findings difficult to interpret in severely impaired patients*®4°. MMN can
be elicited passively, but primarily indexes the detection of violations in sensory regularities and does not
by itself establish conscious perception®?°!. By contrast, SET can be computed from the response to a
passively delivered somatosensory stimulus without target identification, stimulus regularity violations

Page 9/27



or overt responses. Behavioural reports were required here to establish its association with perception,
but are not required for its computation.

SET also provides a fixed decision threshold for identifying perception-related responses at the individual
level, rather than requiring a contrast between behaviourally defined conditions. This feature may be
particularly useful when behavioural reports are unavailable or unreliable. However, the effects of
attention and task relevance remain to be assessed in awake no-report paradigms, and a low or absent
SET in patients should only be interpreted after confirming preservation of the somatosensory afferent
pathway.

A distinctive feature of SET is its stimulus- and modality-specific nature. Most neurophysiological

measures currently applied to unresponsive patients, including the TMS—EEG Perturbational Complexity
Index®?, resting-state EEG measures of complexity>*°3, functional connectivity, and neuroimaging
indices of large-scale network integrity®*>°, primarily characterize global brain properties or the capacity
to sustain consciousness. By contrast, SET probes whether a specific somatosensory event evokes a
neural pattern associated with conscious perception. A value above threshold does not prove that the
stimulus was consciously perceived, but indicates the presence of the awareness-related neural pattern

identified in the present datasets.

This stimulus-specific perspective may potentially extend beyond somatosensation. The SAN has been
framed within the broader Perceptual Awareness Negativity (PAN) framework, which describes
analogous modality-specific negativities associated with conscious perception across sensory
systems?!. Whether intracranially informed measures analogous to SET can be derived for auditory or
visual perception remains to be established, but simultaneous scalp—intracranial recordings provide a
framework for testing this possibility (Pigorini et al 2024). Ultimately, global measures of consciousness
could be complemented by a battery of stimulus-specific indices probing how individual external events
are processed across sensory modalities.

Several limitations should be acknowledged. First, the simultaneous hdEEG—-SEEG dataset was relatively
small, with sparse, participant-specific intracranial sampling determined by clinical requirements.
Nevertheless, leave-one-subject-out validation allowed us to assess generalization across participants.
Second, the model was trained in patients with epilepsy, although contacts within the seizure-onset zone
or showing pathological activity were excluded’?°®, and the model transferred without adaptation to
healthy participants. Third, SET* was derived and evaluated in the same perceptual dataset; therefore,
the complete separation observed there reflects development-set performance rather than an unbiased
estimate of sensitivity and specificity. However, leave-one-participant-out classification was near-perfect,
and the fixed threshold transferred to the independent wake—-sleep dataset. Fourth, analyses were based
on condition averages, and the wake—-sleep dataset lacked direct perceptual reports; single-trial
performance and perceptual classification across brain states therefore remain to be established.

Finally, only somatosensory stimulation was tested, and the effects of attention and task relevance on

SET require further investigation'®.
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Despite these limitations, the present study shows that distributed scalp EEG activity can be transformed
into a non-invasive estimate of a physiologically characterized intracranial response. This intracranially
informed measure provided more consistent participant-level discrimination than the conventional SAN
and generalized across datasets, acquisition settings and physiological brain states. Following
independent perceptual and clinical validation, this approach may help assess whether specific sensory
events engage awareness-related cortical dynamics in individuals who cannot communicate. More
broadly, our findings illustrate how simultaneous invasive and non-invasive recordings can translate
intracranial physiology into subject-level scalp EEG measures with potential clinical relevance.

MATERIAL AND METHODS

Overall study design

1. Simultaneous hdEEG and SEEG recordings acquired during median nerve stimulation were used to
train a time-delayed ridge-regression model to predict the time-resolved intracranial tonic response
from scalp EEG activity (Fig. 1). Model generalization to participants not included during fitting was
assessed using leave-one-subject-out cross-validation. For subsequent scalp-only analyses, the
predicted tonic response was quantified as Scalp Estimated Tonicity (SET).

2. The trained model and SET quantification were applied without adaptation to an independent
perceptual-threshold dataset combining healthy participants recorded in Milan and Turin with
different EEG acquisition systems (Fig. 2). Participants reported whether each near-threshold
median nerve stimulus had been perceived, allowing us to test whether SET distinguished perceived
from unperceived stimuli at both the group and individual-participant levels. Performance was
compared with the conventional Somatosensory Awareness Negativity (SAN) measured directly
from scalp EEG. The pooled perceptual dataset was subsequently used to derive a single
participant-independent SET decision threshold (SET*).

3. The same trained model, SET quantification procedure and fixed SET* were applied without
retraining or recalibration to an independent wake—N3 sleep dataset acquired during suprathreshold
median nerve stimulation and without concurrent perceptual reports (Fig. 3). This final analysis
tested whether SET and its decision threshold generalized across markedly different physiological
brain states and recording conditions.

Simultaneous hdEEG-SEEG dataset

Participants. The model-development dataset comprised eight patients undergoing SEEG monitoring as
part of the presurgical evaluation of drug-resistant focal epilepsy at the Claudio Munari Epilepsy Surgery
Centre, ASST Grande Ospedale Metropolitano Niguarda, Milan, Italy.

The dataset initially included 11 recording sessions because three participants underwent separate
stimulation sessions involving the two upper limbs. To balance the number of sessions according to the
stimulation side, the right-sided stimulation session containing the lowest number of usable trials was
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excluded. The final dataset therefore comprised ten sessions, including five left-median-nerve and five
right-median-nerve stimulation sessions.

SEEG implantation sites and the number of implanted electrodes were determined exclusively according
to clinical requirements®’. No electrode was implanted for research purposes. All participants provided
written informed consent before participation. The experimental procedures were approved by the local
ethical committee (Prot.n. 348-24062020, Niguarda Hospital, Milan, Italy) and were conducted in
accordance with the Declaration of Helsinki.

Demographic and clinical information, stimulation side and the number and anatomical distribution of
the retained SEEG contacts are reported in Supplementary Table S1.

Median nerve stimulation. The median nerve was electrically stimulated at the wrist using constant-
current square-wave pulses delivered through surface electrodes. Individual pulses had a duration of 0.2
ms and were delivered at a fixed frequency of 1 Hz. Stimulation intensity was set to 110% of the
individual motor threshold (as in Avanzini et al. 2016). Each recording session comprised approximately
500 stimuli (484.5+ 166.8).

Simultaneous electrophysiological recordings. Scalp EEG was acquired using an EGI NA-400 amplifier
(Electrical Geodesics, Inc; Oregon, USA) with a 256-channel Geodesic Sensor Net. SEEG activity was
recorded simultaneously using a Nihon-Kohden Neurofax-1200 amplifier with DixiMedical intracerebral
electrodes. Both signals were sampled at 1000 Hz.

The hdEEG net was placed on the head by trained neurosurgeons using sterile technique, following a
precise step-by-step protocol: (1) sterilization of the net, (2) removal of the protective bandage from the
subject's head, (3) skin disinfection with Betadine and Clorexan, (4) positioning of the hdEEG net, and (5)
reduction of the impedances below 25-50 kOhm using conductive gel, (6) skin disinfection after net
removal®®>°. The electrical stimulator sent trigger signals recorded by the SEEG and hdEEG recordings,
thus allowing for a precise synchronization of their traces. Scalp electrodes were initially referenced to
Cz. SEEG electrodes were referenced online to a neutral couple of intracerebral contacts located in
unresponsive white matter. Each SEEG electrode consisted of a variable number of contacts (between
18 and 5), with a contact length of 1.5 mm, diameter of 0.8 mm and intercontact spacing of 2 mm. The
total number of contacts per subject was 197.5 + 25.5. Electrode localization was performed by co-
registering post-implantation computed tomography with pre-implantation structural magnetic
resonance as in Mikulan et al (2020).

Preprocessing of simultaneous EEG and SEEG recordings. Signal preprocessing was performed in Python
using MNE-Python 3. Continuous SEEG data were filtered between 0.1 and 195 Hz using a zero-phase
FIR filter with a Hamming window and automatically determined transition bandwidth. Continuous
HAEEG data were filtered between 0.5 and 40 Hz using the same filtering approach. Line noise was
attenuated using notch filters at 50 Hz and harmonics (100, 150, and 200 Hz). Epochs of both SEEG and
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hdEEG were extracted from - 0.2 to 0.5 s relative to stimulus onset and baseline corrected in the interval
-0.2to-0.05s.

Bad scalp channels were identified through visual inspection by trained neurophysiologists. These
channels were excluded temporarily and subsequently reconstructed using spherical-spline

interpolation®®.

Scalp EEG signals were transformed onto a standard 64-channel BioSemi montage. This harmonization
step was performed using spline spatial interpolation interpolation and was required to obtain a
common sensor representation across participants and across the independent datasets acquired with
different EEG systems. The electrical stimulation artifact was attenuated using a custom median-based
correction applied to a 25 ms interval centred on stimulus onset (as in Mikulan et al). Baseline correction
was performed using the interval from - 0.2 to - 0.05 s. For model fitting, signals were normalized using
the trial-specific prestimulus baseline. For SEEG data only, in addition to baseline mean subtraction, the
signal was divided by the baseline standard deviation (z-score).

Trials containing residual stimulation artifacts, epileptiform discharges, amplifier saturation, or excessive
physiological noise were rejected using the AutoReject algorithm®' with default parameters, followed by
manual inspection and rejection of residual artifacts. The mean number of retained trials was 485+ 166
per session.

Identification of tonic-responsive intracranial contacts. The intracranial target was derived from SEEG
contacts showing a sustained response following median nerve stimulation. Broadband gamma activity
was estimated in the 50-150 Hz range by averaging the power obtained from Morlet wavelet
decomposition computed at 10-Hz intervals, using a variable number of cycles equal to one-fifth of the
corresponding frequency (i.e., frequency/5). Channels exhibiting tonic responses were identified using a
k-means clustering algorithm as previously described by Avanzini et al. (2016). Gamma activity was
normalized relative to the prestimulus interval from - 200 to - 20 ms and expressed as z-score. A
contact was defined as tonic responsive when it showed a statistically significant post-stimulus increase
in gamma activity satisfying the following criteria: binwise t-test, bonferroni corrected, significance
threshold of p =0.01 and a minimum duration of 20 ms (see Avanzini et al 2016 for details).

Contacts located within the seizure-onset zone, exhibiting frequent interictal epileptiform discharges, or
showing persistent artifacts were excluded before response classification. Tonic-responsive contacts
were identified using the K-Means procedure described by Avanzini et al. (2016). For each session, the
tonic-responsive contact showing the largest gamma response was selected, and its gamma activity
was used as the intracranial tonic-response waveform. This waveform constituted the target variable for
model training.

Trial aggregation and generation of pseudo-trials. To improve the signal-to-noise ratio while preserving
within-session variability, model inputs and targets were constructed using repeated random trial
averages. For each recording session, 50 trials were randomly sampled with replacement and averaged.
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The corresponding scalp EEG and intracranial target signals were averaged using identical trial indices.
This procedure was repeated ten times, generating ten pseudo-trials for each session and 100 pseudo-
trials across the complete simultaneous-recording dataset.

All pseudo-trials generated from the same participant were assigned to the same cross-validation fold.
Thus, no pseudo-trial derived from a held-out participant contributed to model fitting.

Alignment of stimulation sides. To obtain a common anatomical representation across sessions,
recordings acquired during right median nerve stimulation were mirrored across the sagittal plane. Scalp
electrode labels and coordinates were exchanged between homologous left- and right-hemisphere
positions. SEEG contact coordinates were similarly mirrored along the left-right axis. Following this
transformation, all recordings were represented as if stimulation had occurred on the same side of the
body. This procedure preserved the distinction between ipsilateral and contralateral activity while
allowing a single model to be trained across stimulation sides.

Time-delayed ridge-regression model

Model definition. A time-delayed ridge-regression model was implemented using the ReceptiveField and
TimeDelayingRidge functions available in MNE-Python3373% The model estimated a linear
transformation between the distributed scalp EEG signal and the intracranial tonic-response waveform.
Time-shifted versions of each scalp EEG channel were included as predictors, allowing the model to
capture temporal dependencies between scalp and intracranial activity.

Let Xc(t) denote the scalp EEG activity recorded at channel ¢ and time t. The predicted intracranial tonic
response was modeled as a linear mapping from scalp EEG activity (predictors) to the intracranial tonic
response (target) by incorporating time-lagged versions of the input signals. Specifically, EEG recordings
from 64 scalp channels were transformed into a set of lagged features by including temporally shifted
copies of each channel within a predefined temporal window [t,in.tmaxl- This formulation allows the
model to capture the temporal relationships between scalp EEG activity and intracranial tonic responses
(Fig. 1a).

Hyperparameter optimization. The regularization parameter (alpha) was explored over a logarithmically
spaced range from (10" 3) to (10%).

Candidate temporal windows were constructed by combining minimum lags of - 30, -20, - 10 and 0 ms
with maximum lags of 30, 40, 50 and 60 ms.

For each combination of (alpha), minimum lag and maximum lag, model performance was evaluated
using leave-one-subject-out cross-validation. At each fold, all sessions and pseudo-trials belonging to
one participant were excluded from the training set and used exclusively for testing. Predicted and
observed intracranial responses were compared within an evaluation interval extending from 60 ms plus
the selected minimum lag to 250 ms plus the selected maximum lag. Performance was quantified as the
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maximum Pearson cross-correlation between the predicted and observed intracranial tonic-response
waveforms within a temporal displacement window of + 50 ms. This procedure accommodated modest
individual differences in response latency. Performance was summarized at two levels. (1) Pseudo-trial-
level performance was defined as the median correlation between predicted and observed waveforms
across all held-out pseudo-trials; (2) participant-level performance was defined as the median correlation
between predicted and observed waveforms after aggregating predictions within each held-out
participant. The hyperparameter combination maximizing median cross-validated performance across
subjects was selected as the final model. The final model was selected based on the hyperparameter
combination achieving the highest median performance across subjects in a leave-one-subject-out
cross-validation framework. Following hyperparameter selection, the final model was fitted using all
pseudo-trials from the simultaneous hdEEG-SEEG dataset and the selected model parameters. The fitted
model was subsequently applied, without further adaptation, to the pooled perceptual-threshold and
wake-sleep scalp EEG datasets. Before model application, all independent EEG datasets were
transformed onto the same 64-channel montage, preprocessing pipeline and signal normalization used
for model training.

Sensor-space representation of model coefficients. To describe the scalp distribution contributing to the
reconstruction, model coefficients were averaged across temporal delays within the selected model
window, yielding one summary coefficient for each of the 64 EEG channels. The resulting sensor-level
distribution was projected onto the standard BioSemi montage. Because regression coefficients are
influenced by the covariance structure of the predictors®®, they were interpreted as a description of the
information used by the model rather than as a direct estimate of the cortical generators of the
intracranial response.

Perceptual-threshold dataset

Participants and recording sites. The perceptual-threshold dataset combined recordings acquired
independently at two research centres, Milan and Turin.

Both cohorts comprised eight participants each, resulting in a final pooled sample of 16 participants.
Participants had no history of neurological or psychiatric disease. All participants provided written
informed consent. The studies were approved by the local ethics committees at Local Ethical
committees (Milan: Prot.n. 609/07/27/05/AP, Comitato Etico Milano Area 1; Turin: Prot.n. 0133259 of
20/02/2024, Comitato di Bioetica di Atene of the University of Turin).

Data acquisition for perceptual-threshold dataset. At both centres, the individual perceptual threshold was
determined before the main experiment.

Median nerve stimulation intensity was adjusted to identify the current at which participants reported
detecting five of ten consecutive stimuli. Experimental stimulation was subsequently delivered at the
perceptual threshold plus an individual increment of 5-10%. This increment was selected to minimize
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habituation to repeated stimulation and thereby obtain sufficient numbers of both perceived and
unperceived responses while maintaining constant physical stimulation across conditions. Participants
received 250 single-pulse stimulations of the median nerve at the wrist using a Digitimer DS7A constant-
current stimulator. Each stimulus had a duration of 0.2 ms. Upon each trial, participants fixated a blank
screen for a jittered pre-stimulus interval of 1.5 s (jitter range: £0.25 s). Then, a stimulus was delivered,
followed by a 0.5 post-stimulus interval. Immediately after, a visual cue prompted participants to indicate
by button press whether they had perceived the somatosensory stimulus. The visual cue remained on
screen until response, for a maximum of 1s. Trials were classified as perceived or unperceived according
to the participant’s report. The mean number of perceived trials was 121/250 in Milan, 108/250 in Turin,
and 115/250 in the pooled dataset.

EEG acquisition. In Milan, scalp EEG was recorded using a 64-channel EEG system (BrainAmp DC, Brain
Products GmbH, Germany) with a 10-10 montage layout cap. Data were collected at 1000 Hz sampling
rate, at 0.5 pV amplitude resolution and with a hardware filtering bandwidth from DC to 250 Hz.

The online reference and ground electrodes were located over the frontal forehead. Additionally, bipolar
electroculogram (EOG) was recorded in a diagonal montage. Electrode impedances were maintained
below 10k Ohm.

Stimulus presentation, event timing, and behavioural responses were controlled and recorded using E-
Prime 3.0 (Psychology Software Tools, Sharpsburg, PA, USA). Trigger markers were sent to the EEG
acquisition system via a Chronos response device (Psychology Software Tools) to ensure precise
synchronization between stimulus delivery and electrophysiological recordings.

Along the same line, in Turin, scalp EEG was recorded using a 64-channel ActiCHamp EEG system at a
sampling frequency of 1000 Hz.

The online reference PoZ, and hardware filters were set from DC to 280 Hz. Electrode impedances were
maintained below 10k Ohm.

Stimulus presentation, event timing, and behavioural responses were controlled and recorded using a
custom-made combined E-Prime 3.0 (Psychology Software Tools, Sharpsburg, PA, USA) and Arduino
(www.arduino.cc) script. Specifically, the E-Prime script coordinated the experimental timeline, by i)
displaying the appropriate screens on the PC positioned in front of the participant (50 cm), ii) sending
triggers to the Arduino board, which prompted the delivery of the tactile stimulus through the Digitimer
High Voltage Stimulator (model DS7A), iii) sending triggers to the EEG system time-locked to tactile
stimuli delivery, and iv) recording the participants’ behavioural response.

Although the experimental paradigm was comparable across centres, the acquisition systems and
recording environments differed. Pooling the two cohorts therefore introduced realistic between-site
variability into the dataset used to derive SET*.
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Preprocessing of perceptual-threshold EEG data. Data from the two centres were preprocessed using a
common pipeline matched as closely as possible to that used for the simultaneous hdEEG-SEEG
recordings. Continuous EEG was filtered between 0.5 and 40 Hz using a zero-phase, third-order
Butterworth IIR band-pass filter. Line noise was attenuated using an FIR notch filter at harmonics of the
power-line frequency (50, 100, 150, 200, and 250 Hz). Bad channels were identified by visual inspection
by trained neurophysiologists and reconstructed using spherical-spline interpolation®®. Data were re-
referenced to the average of all good channels.

The stimulation artifact was corrected using a local spline interpolation approach applied within a 25 ms
window around the stimulation onset, with a Tukey window used to smoothly blend the interpolated
signal with the original data.

Epochs were extracted from - 200 to 500 ms relative to stimulus onset and baseline corrected using the
interval from - 200 to - 20 ms.

Trials containing residual artifacts were rejected. The retained trials were separated into perceived and
unperceived conditions.

For each participant, condition-specific EEG responses were obtained by averaging all retained trials
classified as perceived or unperceived.

Before model application, EEG signals from both centres were interpolated onto the same standard 64-
channel BioSemi montage used for model training. Signals were normalized relative to the prestimulus
baseline using the same procedure applied to the simultaneous dataset.

N140/SAN quantification

The N140/SAN was quantified at the C6 electrode as a conventional scalp EEG benchmark. When
necessary, scalp EEG recordings were left—right mirrored to align all data to a common stimulation side,
ensuring that Cé was contralateral to the stimulated nerve. The latency window of the response
considered was derived from a cluster-based permutation analysis®?; Fig. 2). The most negative sample
within this interval was identified separately for each participant and condition. N140/SAN amplitude
was defined as the mean voltage within a + 5-ms interval centred on the negative peak.

Scalp Estimated Tonicity

Application of the trained time-delayed ridge-regression model to a scalp EEG response generated a
time-resolved estimate of intracranial tonic activity. To reduce the contribution of predicted fluctuations
that were not distinguishable from prestimulus variability, SET quantification included only values of the
estimated waveform exceeding twice the standard deviation of the baseline computed between - 0.2
and - 0.02 s. This criterion was applied identically across all participants, conditions, and datasets. Then,
SET was defined as the area under the curve of predicted waveform values exceeding 2STD of the
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baseline between 0.06 and 0.25 s after stimulation. This time window was selected to exclude early
responses and to maximise the probability of detecting tonic responses?’. At each time point, values not
exceeding the criterion were set to zero, whereas the remaining amplitudes were summed over time
while accounting for the sampling interval. SET therefore incorporated both the amplitude and temporal
persistence of the predicted response above prestimulus variability.

Definition of the participant-level SET decision threshold
(SET¥)

The pooled Milan—Turin perceptual dataset was used to derive a single participant-independent SET
decision threshold, denoted SET*, for separating perceived from unperceived condition averages. For
each participant, one SET value was obtained from the perceived condition and one from the
unperceived condition, yielding 32 participant-condition observations. Candidate thresholds spanning
the observed range of SET values were evaluated, and SET* was defined as the threshold that
maximized classification accuracy across these observations. SET values equal to or greater than SET*
were classified as indicating the presence of predicted tonic activity, whereas values below SET* were
classified as indicating its absence. This procedure yielded SET* = 6, which maximized accuracy,
sensitivity and specificity in the pooled perceptual dataset. The same fixed threshold was then applied,
without recalibration, to the independent wake—sleep dataset to assess its generalizability across brain
states.

Wake-sleep dataset

Participants. The wake—sleep dataset comprised 8 participants. Participants had no history of
neurological (including sleep disorders) or psychiatric disease. All provided written informed consent.
The protocol was approved by the Ethics Committee of Milano Area 1 (prot. N°609/07/05/0A).

Median nerve stimulation during wakefulness and sleep. Participants underwent continuous median nerve
stimulation during quiet wakefulness and sleep. Stimuli consisted of constant-current pulses with a
duration of 0.2 ms, delivered to the right median nerve at the wrist. Stimulation intensity was set to 110%
of the individual motor threshold and was therefore substantially above the perceptual threshold. During
wakefulness, participants were eyes open and were instructed to rest relaxed on the chair. No trial-by-
trial perceptual report was collected because stimulation was expected to be clearly perceptible at the
selected intensity. During sleep, stimulation was delivered during N3 sleep, requiring slow-wave activity
at 0.5-2 Hz with peak-to-peak amplitude > 75 pV over frontal derivations for at least 20% of a 30-s
epoch, based on AASM sleep scoring criteria 3. Stimuli associated with an electrophysiological arousal
or awakening were excluded. A total of 258 + 67 wake trials and 199 + 59 N3 trials per participant were
retained.

EEG acquisition and preprocessing. EEG was recorded using a 62-channel BrainAmp amplifier (Brain
Products GmbH, Gilching, Germany). Signals were referenced to an additional forehead electrode, band-
pass filtered between 0.016 and 1000 Hz, and digitized at a sampling rate of 5000 Hz (0.5 pV/bit
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resolution). Electrode impedances were maintained below 10 kQ throughout the recordings.
Electrooculographic (EOG) activity was simultaneously recorded using two additional electrodes to
monitor eye movements and blinks. Somatosensory stimulation was delivered using a constant-current
stimulator (DS7A, Digitimer Ltd., Hertfordshire, UK). Bipolar transcutaneous electrical stimulation was
applied at the wrist using monophasic square-wave pulses of 200 ps duration, with an inter-stimulus
interval randomly jittered between 2.0 and 2.3 s. Stimulation intensity was individually adjusted to
reliably elicit a visible thumb twitch without causing discomfort.

Preprocessing followed the same general procedures used for the perceptual-threshold datasets. Data
were filtered, epoched, baseline corrected and cleaned of stimulation and physiological artifacts.
Condition-specific responses were obtained by averaging retained wake and N3 trials separately. The
trained model was then applied to the wake and sleep condition averages. Estimated waveforms and
SET values were calculated using the same quantification procedure employed in the perceptual-
threshold dataset. SET* = 6, previously derived from the pooled perceptual dataset, was then applied
without recalibration.

Statistical analysis
Statistical analyses were performed in Python (version 3.12) using the SciPy library (version 1.14.1)%4.
All statistical tests were two-sided unless otherwise specified. Statistical significance was defined as (p

<0.05).

Model-prediction performance. Within each leave-one-subject-out fold, the predicted and observed
intracranial response waveforms were compared using Pearson cross-correlation. Prediction
performance was summarized using the median and interquartile range because the distribution of
correlation coefficients was not assumed to be Gaussian. Performance was reported separately at the
pseudo-trial and participant levels.

Cluster-based permutation analysis of perceived and unperceived scalp responses. To establish whether
the conventional scalp response differentiated perceived from unperceived stimuli at the group level, a
non-parametric cluster-based permutation analysis was performed on the pooled perceptual-threshold
dataset 2. For each participant, the unperceived condition average was subtracted from the perceived
condition average at electrode C6. The resulting within-participant difference waveform was tested
against zero. At each time sample within the post-stimulus interval from 0.06 to 0.25 s, a one-sample t
statistic was calculated across participants. Temporally adjacent samples exceeding an initial threshold
corresponding to a one-tailed p < 0.05 (t =-1.753, df = 15) were grouped into clusters. Cluster mass was
defined as the sum of the t statistics within each temporal cluster. A null distribution was generated
using 1000 random sign permutations of the participant-level difference waveforms. For each
permutation, the maximum absolute cluster mass was retained. The corrected p value of an observed
cluster was calculated as the proportion of permuted maximum cluster statistics equal to or greater
than the observed statistic. Clusters were considered significant at a cluster-corrected threshold of (p <
0.05).
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Group-level comparisons of SET and N140. Within-participant differences between perceived and
unperceived conditions were tested separately for SET and N140 amplitude using Wilcoxon signed-rank
tests. The same procedure was used to compare wakefulness and N3 sleep. Non-parametric tests were
selected because of the small sample sizes and the distribution of the measures. Effect sizes were
quantified using Cohen'’s (d_z), calculated as the mean paired difference divided by the standard
deviation of paired differences. For N140 amplitudes, effect direction was defined such that a more
negative response in the perceived or wake condition corresponded to a positive effect size.

Participant-level classification. In the pooled perceptual dataset, SET values were classified using SET*,
which was estimated from the same dataset by maximizing classification accuracy. Classification
performance was summarized using accuracy, sensitivity, and specificity. Because SET* was both
derived and evaluated in the pooled perceptual dataset, these metrics were interpreted as measures of
development-set separation. In the wake—-sleep dataset, the same fixed SET* was used to classify wake
and sleep condition averages. No model retraining, threshold recalibration, or modification of the SET
quantification procedure was performed.

Effect of the number of EEG trials on prediction performance. To assess the robustness of the model with
respect to the number of scalp EEG trials available per participant, we repeated the prediction analysis
after selecting different numbers of EEG epochs with the highest signal-to-noise ratio (SNR) from each
recording. For each participant and condition, subsets ranging from 5 to 65 epochs were retained. The
same trained Time-Delayed Ridge model was then applied to each subset, and the predicted intracranial
tonic response was quantified using the SET. For each subsampling level, classification accuracy for
discriminating between perceived and unperceived stimulation was computed across participants.
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Figure 1

Performance and spatial weights of the scalp EEG-based time-delayed ridge model.

(@) Schematic of the recording setup and of the Time-Delayed Ridge model (see methods). (b)
Comparison between observed and predicted tonic responses across subjects (mean + SEM), together
with the median maximum cross-correlation across pseudo-trials from held-out participants (0.67) and
the median participant-level correlation (0.61). (c) Topographical distribution of Time-Delayed Ridge
model weights from the temporal window selected for the final model (0-40 ms), averaged across
temporal lags and projected onto sensor space using a 64-channel BioSemi EEG montage.
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Figure 2

SET provide improved discrimination compared with the conventional SAN response and achieve
participant-level separation at the somatosensory perceptual threshold.

(a) Schematic representation of the somatosensory perceptual-threshold paradigm. Participants
received 250 constant-intensity median nerve stimuli set close to their individual perceptual threshold.
Each trial comprised a jittered prestimulus interval (1.5 + 0.25 s), median nerve stimulation, a 0.5-s post-
stimulus interval, and a visual cue prompting a perceived/unperceived response. (b) Single-participant
example of scalp EEG responses (Nave indicates the number of trials averaged per condition) to
perceived and unperceived stimuli, with channel C6 highlighted in black. (¢)One-sample cluster-based
permutation test (PCT) performed on the within-participant difference waveforms at channel C6. A
significant negative cluster was identified between 0.125 and 0.230 s after stimulation, corresponding to
the N140 component and highlighted in light green. The top-right panel shows the scalp distribution of
the perceived-minus-unperceived difference averaged across the significant temporal cluster, revealing
the expected contralateral frontocentral negativity centred over electrode C6. (d)Comparison of SAN
amplitude between perceived and unperceived conditions. At the group level, SAN amplitude was
significantly larger, i.e. more negative, for perceived than for unperceived stimuli (**p < 0.01).
(e)Representative examples of the tonic responses predicted for the perceived and unperceived
conditions, corresponding to the scalp EEG signals shown in panel B. Scalp Estimated Tonicity (SET)
was quantified between 60 and 250 ms as the time integral of estimated waveform exceeding a
predefined baseline-exceedance criterion of 2 x gbaseline, indicated by the dashed line. (f) One-sample
cluster-based permutation test performed on the within-participant difference between the estimated
waveforms obtained for perceived and unperceived conditions. (g) Comparison of SET values between
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perceived and unperceived conditions. At the group level, SET was significantly higher for perceived than
for unperceived stimuli (**p < 0.01). The SET decision threshold derived from the pooled perceptual
dataset (SET = 6; red dashed line) achieved complete development-set separation between perceived
and unperceived condition averages (accuracy = 1).
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Figure 3

SET* generalizes to participant-level wake-sleep discrimination.

(a) Scalp EEG responses recorded during wakefulness (Nave = 250) in one representative subject. (b)
Corresponding estimated scalp activity, yielding a SET value of 15. (¢) Scalp EEG responses recorded
during sleep (Nave = 188) in the same subject of (a). (d) Corresponding estimated scalp activity, yielding
a lower SET value of 0. (e) Comparison of SET values between wakefulness and sleep. SET* (red-dashed
line), derived from the independent perceptual-threshold dataset and applied without recalibration, is
shown by the red dashed line. All wake-condition averages and sleep-condition averages were correctly
classified, yielding an overall accuracy of 1. (f) Classification accuracy as a function of the number of
trials included in the averaged EEG response.
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