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Abstract

Accurate prognosis of coma emergence is difficult because
bedside behavioral scales can fail to detect residual con-
sciousness. Auditory oddball event-related potentials (ERPs)
offer a physiological readout, but single-component mark-
ers (e.g., MMN or P3) have limited sensitivity and general-
izability. We present CORE-Coma, a deep learning frame-
work for full-waveform ERP analysis, trained exclusively
on healthy controls and evaluated zero-shot in coma pa-
tients. We analyzed ERPs from 39 healthy controls and 8
coma patients in the intensive care unit (ICU), segmenting
EEG recordings into ~5-minute sub-blocks to capture tem-
poral fluctuations. We define two complementary, model-
derived metrics: a time-resolved ERP Separability Score
(ESS) and a subject-level Global ERP Separability Index
(GESI). Controls showed near-ceiling standard—deviant sep-
arability (ROC AUC=0.99), while separability was reduced
in coma (ROC AUC=0.68). CORE-Coma identified all pa-
tients who emerged from coma (3/3; sensitivity 100%) and
4/5 patients who did not emerge (specificity 80%), yield-
ing accuracy=87.5% (7/8). ESS revealed temporal fluctua-
tions (waxing—waning) of responsiveness in coma at ~5-
minute resolution, absent in controls. SHAP explanations lo-
calized influential features, including frontocentral electrodes
and time windows consistent with canonical oddball compo-
nents: 100-150ms (N1/MMN) and 270-370 ms (P3a/P3b).
By combining bedside-feasible scalp EEG with time-resolved
and subject-level metrics, CORE-Coma offers an etiology-
agnostic approach to coma prognosis. Prospective multicen-
ter studies are needed to validate performance and support
clinical deployment.

Introduction

Coma is a deep state of prolonged unconsciousness with a
complete absence of wakefulness and volitional behavior.
Detecting and characterizing consciousness in comatose pa-
tients is challenging due to the lack of reliable verbal and
motor output, yet doing so is essential for goal setting and
family counseling, rehabilitation planning, and resource al-
location. Current bedside assessments based on behavior,
such as the Glasgow Coma Scale (GCS) (Teasdale and Jen-
nett 1974) and the Coma Recovery Scale—Revised (CRS—
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R) (Giacino, Kalmar, and Whyte 2004), can misclassify pa-
tients, with misdiagnosis rates approaching 40% (Schnakers
2020; Wannez et al. 2017; Bodien et al. 2020; Donnelly and
McCulloch 2014; Turgeon et al. 2011).

Data-driven approaches aim to enhance prognosis by un-
covering latent structures in neurophysiology. Initial stud-
ies utilized classical machine learning techniques, such
as linear discriminant analysis (LDA), to identify mis-
match negativity (MMN) as a predictor for recovery, but
sensitivity remained low despite MMN’s prognostic rel-
evance (Fischer et al. 1999; Naccache et al. 2004). Re-
cent EEG research employs supervised models, including
random forests for reactivity/continuity and ERP compo-
nents (Claassen et al. 2019), as well as convolutional neural
networks (CNNs) for analyzing continuous EEG and audi-
tory paradigms (Tjepkema-Cloostermans et al. 2019; Aellen
et al. 2023). However, the reliance on narrow hand-crafted
markers, limited interpretability, and etiology-specific co-
horts hinders generalization. Beyond EEG, neuroimaging
pipelines using support vector machines (SVMs) with in-
dependent component analysis (ICA) on resting-state func-
tional MRI (fMRI) have identified connectivity signatures of
disorders of consciousness (Zhang et al. 2022), and graph-
based ML has extended this line of work (Di Gregorio et al.
2022). Multimodal models combining EEG and fMRI or
behavioral data with multi-layer perceptrons (MLPs) show
promise (Amiri et al. 2023; Rohaut et al. 2024), but intensive
care unit (ICU) deployment is hindered by cost, throughput,
and single-subject reproducibility challenges (Marek et al.
2022). These constraints motivate EEG-first solutions that
are interpretable, temporally resolved, and scalable at the
bedside.

The auditory oddball paradigm, repetitive standard tones
interspersed with infrequent deviants, is well-suited to co-
matose patients because it elicits ERPs without active atten-
tion or motor output (Duncan et al. 2009). Canonical compo-
nents include N1 (~100 ms) and MMN (~150 ms) reflecting
sensory memory and change detection (N#itidnen, Gaillard,
and Maintysalo 1978; Néitidnen et al. 2007; Naétidnen, Ku-
jala, and Light 2019), and later P3a/P3b (~300 ms) index-
ing novelty and higher-order attentional processes (Blain-
Moraes et al. 2016; Tavakoli et al. 2019). Critically, sev-
eral of these components depend on residual consciousness,



making them attractive physiological readouts.

MMN presence correlates with emergence and recov-
ery (Morlet and Fischer 2014; Fischer et al. 1999; Ar-
manfard et al. 2018). Fischer et al. (1999) reported >
91% return to consciousness with MMN and > 90% non-
awakening without MMN, yet only ~ 30% of emergent pa-
tients expressed MMN (low sensitivity). Subsequent stud-
ies confirmed high specificity and positive predictive value
(PPV) (Fischer et al. 2004) but persistent sensitivity limits
(~ 56% at 1 month (Naccache et al. 2004), ~ 32% at 12
months (Luaute et al. 2005)). Thus, approaches that use the
full ERP waveform and its temporal dynamics, rather than a
single component, may yield more sensitive biomarkers.

We hypothesize that standard—deviant distinguishability
in auditory ERPs reflects residual neural responsiveness
and can inform prognosis. To address the limited sensi-
tivity of single-component markers, we adopt control-only
training with zero-shot evaluation (source-only domain gen-
eralization) on coma patients, modeling the entire ERP
waveform rather than hand-crafted features. Our proposed
framework, the Control-trained Responsiveness Estimator
for Coma (CORE-Coma), quantifies this distinguishability
across channels and deviant types via two metrics: the time-
resolved ERP Separability Score (ESS) and the subject-
level Global ERP Separability Index (GESI). To capture
temporal dynamics, recordings are segmented into non-
overlapping ~5-minute sub-blocks for tracking responsive-
ness. For interpretability, we use SHAP to attribute contribu-
tions across time, channels, and stimulus type. Unlike prior
ERP prognosis centered on MMN/P3 or hand-crafted EEG
features, CORE-Coma learns full-waveform representations
from controls and produces time-resolved and subject-level
metrics suitable for bedside use.

Methods
EEG Data and Preprocessing

The study was approved by the Hamilton Integrated Re-
search Ethics Board (HiREB), no. 4840, and conducted in
accordance with the Declaration of Helsinki. This research
is part of an initiative aiming to develop a point-of-care sys-
tem for automated coma prognosis (Connolly et al. 2019).
We used a dataset consisting of 39 control subjects and 8
coma patients in the ICU. EEG data were recorded from 64
channels for controls and 8 to 64 channels for patients using
the BioSemi ActiveTwo system. A reduced number of elec-
trodes was used when the presence of surgical wounds, skull
defects, or surgical drains (e.g., extraventricular drain) in-
terfered with electrode placement. Bilateral mastoids served
as a reference. Interelectrode impedances were kept below
10k€2. EEG activity was band-pass filtered online between
0.01-100 Hz. The physiological data were digitized contin-
uously at a 512 Hz sampling rate.

For patients, a 24-hour ERP recording session was con-
ducted immediately following informed consent by the sub-
stitute decision maker at the patient’s bedside in the ICU
at Hamilton General Hospital, a regional neurotrauma cen-
ter. For controls, ERP sessions of up to 12 hours were con-
ducted at McMaster University’s Language, Memory, and
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Brain (LMB) Lab. Informed consent from each subject was
provided before the collection of data.

Auditory stimuli were presented binaurally using Et-
ymotic ER-1 insert earphones and Presentation software
(Neurobehavioral Systems). Given the dynamic nature of
brain states in coma, extended recording periods were used
to capture temporal fluctuations in brain state. Stimuli con-
sisted of standard tones (0.8 probability of occurrence,
800 Hz, 80 dB SPL, 75 ms duration, 5 ms rise—fall time), and
three deviant types: (1) duration deviants (Dur; 0.14 proba-
bility, 30 ms duration), (2) the subject’s own name (SON;
0.03 probability), and (3) environmental novel sounds (Env;
0.03 probability; e.g., dog bark, doorbell). In a subset of con-
trols, novel sounds consisted only of a dog bark; in the other
subset, a different novel sound was presented on each trial
(e.g., 60 in total). Independent-samples t-tests revealed no
significant differences in MMN or P3a amplitudes across
these subsets (p > 0.05), so data from all controls were
combined. SON was synthesized using the ReadSpeaker
software to simulate a female native speaker of American
English in a neutral voice. Stimuli were presented pseudo-
randomly with the constraint that each deviant or novel stim-
ulus was preceded by at least two standard tones. EEG was
recorded in blocks of 2000 stimuli, with a stimulus onset
asynchrony (SOA) of 800 ms for standards and 1220 ms for
deviants, yielding block durations of approximately 25 min.

Table 1 summarizes the clinical and demographic char-
acteristics of the coma patients, including the number of
recording blocks collected for each patient. Glasgow Coma
Scale (GCS) scores were obtained from patient records and
used to summarize responsiveness. The GCS is based on
eye-opening, motor, and verbal responses, with scores rang-
ing from 3 (unresponsive) to 15 (fully responsive). The
GCS scores at the time of recording are reported in this ta-
ble. Clinical outcomes were assessed 6—7 weeks post-injury.
Emergence from coma was defined according to the guide-
lines presented in (Young 2009). We refer to patients by
anonymized IDs PO1-P08 throughout.

Data were processed using Brain Products Analyzer 2
(Brain Products GmbH). Continuous EEG was band-pass
filtered between 2—20 Hz (24 dB/octave slope). For controls,
an infomax independent component analysis (ICA) (Chau-
mon, Bishop, and Busch 2015; Makeig et al. 1996) was used
to identify eye movement artifacts that were statistically
independent of the EEG activity and then removed from
the EEG traces. Visually noisy channels were replaced via
spherical spline interpolation of the surrounding electrode
sites (Perrin et al. 1989). The continuous data were recon-
structed into discrete single-trial 700-ms ERPs, beginning
100 ms before stimulus onset. The average activity in the
100 ms pre-stimulus period served as a zero-voltage base-
line. Epochs in which EEG activity exceeded +100 pV rel-
ative to baseline were excluded. There was little variation in
the rejection of trials across stimuli.

After exporting single-trial ERP epochs from Analyzer 2,
subsequent analyses were implemented in Python using
MNE, scikit-learn, and TensorFlow/Keras. For modeling,
we used the 0-500 ms post-stimulus window (256 samples
at 512 Hz).
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Figure 1: Workflow of CORE-Coma. Auditory oddball ERPs are preprocessed and averaged in non-overlapping ~5-minute
sub-blocks. A multi-branch 1D CNN trained on healthy controls outputs a time-resolved ERP Separability Score (ESS) per
sub-block; aggregating across sub-blocks yields the subject-level Global ERP Separability Index (GESI). Model selection uses
leave-one-subject-out (LOOCYV) on controls; coma data were held out for inference only.

Data Preparation FEach block was divided into non-
overlapping sub-blocks of approximately 5 minutes. Tradi-
tional ERP studies average across the entire block to im-
prove signal-to-noise ratio (SNR). In our approach, aver-
aging within shorter sub-blocks captures temporal fluctua-
tions in brain activity that can be obscured by long-interval
averaging, which is particularly relevant in dynamically
changing ICU brain states. This retains the SNR benefits of
conventional ERP averaging (Luck 2014) while providing
substantially finer temporal resolution and enabling time-
resolved tracking of neural responsiveness.

To ensure stable averages, sub-block durations were ad-
justed so that at least 10 deviants of each type occurred
within each sub-block. Single-trial ERP responses of the
same deviant type and channel within a sub-block were av-
eraged, yielding one standard and three deviant averaged
waveforms per sub-block per channel. As shown in Table 1,
the number of recorded blocks varied over patients due to
clinical procedures and/or excess noise induced into the
recordings as a consequence of gel drying or patient move-
ment. Due to the random occurrence of the deviant stimuli,
the number of sub-blocks per block varies slightly around a
nominal value of five. The number of available channels var-
ied from 8 to 64. We restricted analyses to the eight channels
common across all subjects: Fz, F3, Cz, C3, C4, Pz, P3, and
P4. These electrodes are salient for standard—deviant distin-
guishability: MMN typically appears strongly over fronto-
central regions (Duncan et al. 2009); N1 is reliably detected
at Fz and Cz (Luck 2014); and P3a/P3b often show strong
parietal amplitudes, especially at Pz (Polich 2007).
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Model Design

Overview Our framework learns standard—deviant distin-
guishability from the entire ERP waveform using a multi-
branch 1D convolutional neural network (CNN) followed
by a multi-layer perceptron (MLP) aggregation head. Unless
otherwise noted, the hyperparameters below were selected
via nested LOOCYV on controls.

Inputs Each sub-block yields averaged waveforms for the
eight channels (Fz, F3, Cz, C3, C4, Pz, P3, P4) and four
stimulus types (one standard, three deviants). Each wave-
form spans 500 ms and is sampled at 512 Hz (256 samples).

Parallel CNN Branches There are 24 parallel branches
in total (8 channels x 3 deviant types). For each branch,
the channel’s deviant waveform is paired with the matched
standard waveform from the same sub-block; the branch is
trained to discriminate deviant from standard for that chan-
nel. Thus, each CNN learns to distinguish its deviant from
the corresponding standard on the same channel.

CNN Architecture Each CNN comprises three 1D con-
volutional layers with 32, 16, and 8 filters, respectively, with
kernel size 3 and stride 1. Each convolution is followed by
a rectified linear unit (ReLU) activation and max pooling
with pool size 2 and stride 2. The resulting feature maps are
flattened and passed to a fully connected layer with 8 units
(ReLU), followed by a 1-unit sigmoid output. The branch
output is a scalar in [0, 1] that reflects control-like standard—
deviant separability for that channel-deviant pair.



PatientID Sex Age Blocks Etiology GCS Outcome
P01 F 69 6 Anoxia Missing Death
P02 M 56 9 Trauma 4 Death
P03 M 21 9 Trauma 5 Emergence
P04 M 29 16 Trauma 4 Emergence
P05 M 18 1 Anoxia 3 Death
P06 F 42 7 Neurosurgery 5 Death
PO7 F 52 7 Neurosurgery 5 Emergence
P08 F 43 4 Trauma 4 UWS

Table 1: Demographic and clinical information for coma patients. Outcome refers to 6—7 weeks post-injury; “emergence” was
defined according to (Young 2009). UWS: unresponsive wakefulness syndrome. GCS: Glasgow Coma Scale score at recording.
Blocks: number of recording blocks per patient. The GCS score for patient PO1 was not available from the medical record.

MLP Aggregation Head and Scoring The 24 branch out-
puts are concatenated and passed to an MLP regressor com-
prising a 32-unit ReLLU hidden layer and a 1-unit sigmoid
output layer. For each sub-block, the model outputs a con-
tinuous score in [0, 1]. Both the CNN branches and the MLP
were trained with labels: standard = 0, deviant = 1.

Training and Model Development All training was per-
formed exclusively on healthy control data; no coma data
or outcome labels were used for training, validation, or
model selection. This design uses control-only training so
the network learns characteristic control patterns of stan-
dard—deviant separability. At test time, the control-trained
model is applied to coma ERPs. Figure 1 illustrates the
workflow. This constitutes zero-shot domain generaliza-
tion, that is, source-only training with an unchanged label
space (standard versus deviant), a distribution shift between
source (controls) and target (coma), and no target-domain
adaptation or tuning. In other words, we perform out-of-
distribution (OOD) generalization.

Model Selection Model architecture and hyperparameters
were selected via nested cross-validation with subject-wise
leave-one-subject-out (LOOCYV) as the outer loop on the
control cohort. Within each outer fold, we reserved 10%
of the training data as a validation split for early stopping
and a grid search over architecture and training parame-
ters, including, but not limited to, filters per convolutional
layer, number of hidden units/layers, kernel size, convolu-
tion stride, max-pooling size/stride, learning rate, and batch
size. Splits were subject-disjoint to prevent leakage. The
held-out control subject served for evaluation; we averaged
performance across folds and selected the configuration with
the best LOOCV mean. Training ran up to 500 epochs with
early stopping (patience 25) on the validation loss (Prechelt
2012; Zhang et al. 2021). Optimization used Adam with
mean squared error (MSE) loss (Kingma and Ba 2014). The
learning rate was tuned in the inner-loop grid search and se-
lected as 10~3. After model selection, we retrained the cho-
sen configuration on all control data and used it for zero-shot
inference on coma patients. Throughout, ERPs were normal-
ized using training-set statistics, and the same transform was
applied to validation and test data.
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Metrics: ESS and GESI

We use distinguishability to describe the physiological no-
tion of how different standard and deviant ERPs are; oper-
ationally, we quantify this with the ML notion of separabil-
ity between their averaged waveforms, and define two met-
rics accordingly: the time-resolved ERP Separability Score
(ESS) and the subject-level Global ERP Separability Index
(GESD). ESS is a time-resolved measure of neural respon-
siveness, computed for each sub-block. GESI summarizes
separability across all sub-blocks for a subject to provide a
global prognosis. We treat deviants as the positive class (1)
and standards as the negative class (0) throughout.

For each sub-block, averaged standard and deviant wave-
forms are processed through the 24 CNN branches. Each
CNN produces a scalar in [0, 1], with larger values indicat-
ing more control-like standard—deviant separability for that
channel-deviant pair. The 24 outputs are concatenated and
passed to the MLP to yield a decision score in [0,1] for
each input. We refer to this score as ESS when computed on
deviant (positive-class) waveforms; matched standards are
used solely as negatives for ranking and ROC AUC. An ESS
near 1 indicates control-like separability; values near 0 indi-
cate minimal separability. We hypothesize that ESS serves
as a time-resolved proxy for neural responsiveness.

GESI is computed per subject as the area under the re-
ceiver operating characteristic curve (ROC AUC) using the
model’s decision scores for deviant (ESS) and matched stan-
dard waveforms pooled across all sub-blocks for that sub-
ject (deviant= 1, standard= 0). It summarizes how consis-
tently the model separates standard and deviant responses
across time. GESI captures temporal dynamics of separabil-
ity, providing a robust, threshold-independent summary of
neural responsiveness. Higher GESI values indicate greater
similarity to control ERP patterns and, therefore, stronger
neural responsiveness, which we hypothesize is associated
with a higher likelihood of emergence; lower values reflect
decreased responsiveness and may correspond to a lower
chance of recovery.

Decision Rule Because GESI is the ROC AUC in [0, 1],
we use 0.5 as the chance-level reference. Values > 0.5
indicate above-chance separability (more control-like re-
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Figure 2: ROC curves for standard—deviant separability at
the cohort level in controls and coma patients. Separability
is near-ceiling for controls, but reduced for coma.

sponsiveness); values < 0.5 indicate a systematically in-
verted ranking (standards tending to outrank deviants), with
stronger evidence against control-like responsiveness the
farther below 0.5; values near 0.5 reflect weak or ambigu-
ous separability. We fixed 0.5 a priori as the operating point,
with no outcome-driven tuning.

Zero-Shot Inference

At test time, we apply the control-trained model to coma
ERPs with no target-domain data or tuning, consistent with
zero-shot domain generalization. We compute ESS for each
sub-block and GESI for each subject. Inference on controls
is in-distribution; inference on coma is out-of-distribution
due to domain shift. This zero-shot protocol can be applied
to other clinical cohorts.

SHAP-based Explanations

We use SHAP (Shapley Additive Explanations) to provide
post hoc explanations and to support interpretability and
transparency (Lundberg and Lee 2017). Prior applications
of SHAP to ERP have demonstrated feasibility (Boshra
et al. 2019). SHAP values quantify each feature’s contribu-
tion to a prediction; here, features span ERP time points,
channels, and deviant types. In our setting, large-magnitude
SHAP values indicate greater influence on the model output.
We computed SHAP values using a background distribution
drawn from controls. We summarize attributions as mean ab-
solute SHAP (J[SHAP)) to quantify influence irrespective of
polarity. While SHAP attributions are not causal and time-
series feature dependence can affect values, they provide sta-
ble, local importance maps that help localize temporal and
spatial drivers of the model’s decisions in our data.

Results

Standard-Deviant Separability We assess distinguisha-
bility using the model’s decision scores in [0, 1] for each
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Figure 3: Global ERP Separability Index (GESI) for coma
patients. Higher GESI values align with emergence (P02
later died despite an above-threshold score; see Discussion).
The dashed line marks the pre-specified decision rule at
chance (GESI = 0.5). Controls (not shown) are near 1.

averaged waveform. ROC curves were computed by pool-
ing scores across all sub-blocks and subjects within each
cohort (labels: deviant= 1, standard= 0); higher AUC in-
dicates stronger separability. For controls, AUC is derived
from subject-wise LOOCV; for coma, AUC reflects zero-
shot inference from the final model trained on all controls.
Across controls, AUC was 0.99; across coma patients, it was
0.68, indicating markedly reduced separability in disordered
consciousness. The ROC curves are shown in Figure 2.

Because standards were averaged from more trials than
deviants, potentially increasing SNR, we tested whether this
drove separability. In controls, we randomly subsampled
standard trials to match the deviant count for each channel
and deviant pair, averaged them to form matched-standard
waveforms, and recomputed AUC. The AUC remained 0.98
(vs 0.99 with all standards), indicating that separability re-
flects genuine waveform differences rather than SNR.

Coma Outcome Prediction As described in Methods,
GESI is a threshold-independent, subject-level summary of
overall separability. Figure 3 shows GESI for each patient
with emergence labels. Patients with GESI > 0.5 predom-
inantly emerged (3/4), whereas those with GESI < 0.5 did
not (4/4). PO§ entered unresponsive wakefulness syndrome
(UWS), which is not a fully conscious state; for binary out-
come analysis, we treated UWS as non-emergent. Controls
(not shown) consistently yielded GESI near 1, in line with
the control ROC AUC of 0.99. GESI matched the clini-
cal outcome for seven of eight patients; P02 later died de-
spite a GESI greater than 0.5. Using the pre-specified deci-
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shown) remain near 1 across time, consistent with the absence of waxing—waning in healthy consciousness.

sion rule at chance (GESI = 0.5), the model identified all
emergent patients (3/3; sensitivity 100%) and four of five
non-emergent patients (specificity 80%), yielding an overall
accuracy of 87.5% (7/8). This contrasts with prior MMN-
focused work (Morlet and Fischer 2014; Fischer et al. 1999),
which reported high specificity but lower sensitivity.

Time-Resolved ESS Trajectories Figure 4 shows ESS
over time; each bar denotes a sub-block. Gaps (omitted bars)
mark sub-blocks in which separability failed, and the model
output for the deviants was lower than the paired standard,
indicating intervals of diminished neural responsiveness. All
eight patients exhibit irregular waxing—waning at ~5-minute
resolution. Emergent patients show denser and more fre-
quent high-ESS intervals, whereas non-emergent patients re-
main consistently low. This aligns with prior observations
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of temporal responsiveness fluctuations (Armanfard et al.
2018; Herrera-Diaz et al. 2023) and suggests that the density
of high-ESS intervals may serve as a prognostic marker. The
proportion of sub-blocks with elevated ESS provides a com-
pact proxy for moment-to-moment neural responsiveness.

SHAP-based Explanations Figure 5 summarizes mean
absolute SHAP contributions by channel and deviant type,
showing frontocentral dominance (e.g., Fz, Cz, C3) and
higher contributions from the subject’s own name (SON)
and environmental (Env) deviants relative to duration (Dur)
deviants. Complementing this, Figure 6 shows tempo-
ral SHAP profiles, highlighting contributions around 100—
150 ms (likely associated with NI/MMN) and smaller ef-
fects near 270-370ms (likely associated with P3a/P3b) in
controls, with attenuation in coma. A modest late contri-
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Figure 5: SHAP summary of spatial and stimulus-type con-
tributions. Mean absolute SHAP values aggregated by EEG
channel and deviant type show frontocentral dominance (Fz,
Cz, C3) and larger contributions from the subject’s own
name (SON) and environmental (Env) deviants compared
with duration (Dur) deviants.

bution was also detectable around 450-500 ms in controls,
compatible with a reorienting negativity (RON); this effect
was weak or absent in coma. A subtle early rise near 20—
40 ms was sometimes evident in controls but inconsistent in
coma, and should be interpreted cautiously.

Discussion

Summary of Findings We introduced CORE-Coma, a
deep learning framework with control-only training and
zero-shot evaluation on coma patients. This framework mod-
els the entire event-related potential (ERP) waveform to
quantify the distinguishability between standard and deviant
stimuli, and it predicts emergence from a comatose state.
The approach generates two complementary outputs: a time-
resolved ERP Separability Score (ESS) for approximately
5-minute sub-blocks and a subject-level Global ERP Sep-
arability Index (GESI). In our study (39 controls and 8
coma patients), CORE-Coma correctly identified all emer-
gent patients (3/3) and 4/5 non-emergent patients at the pre-
specified decision rule at chance (GESI = 0.5), yielding
7/8 correct. Additionally, the ESS trajectories showed irreg-
ular patterns of waxing and waning responsiveness in the
coma patients, a pattern that was not observed in the con-
trol subjects. These findings support the core hypothesis that
reduced consciousness manifests as decreased distinguisha-
bility between standard and deviant auditory ERPs, and that
monitoring this signal at bedside can provide useful prog-
nostic information.
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Neurophysiological Interpretability The attribution pat-
terns are consistent with canonical oddball physiology: a
frontocentral emphasis and stronger weighting of salience-
rich deviants (the subject’s own name and environmental
sounds) relative to the duration deviant. The dominant early
window (~100-150 ms) maps onto N1/MMN generators,
with additional contributions around ~270-370 ms compat-
ible with the P3a/P3b complex. Occasional later influence
near ~450-500ms is consistent with a reorienting nega-
tivity (RON) response (Justo-Guill’en et al. 2019; Escera
and Corral 2007), and small very-early effects (~20—40 ms)
may reflect subcortical or earliest cortical processing. Taken
together, these correspondences suggest the model relies
on physiologically meaningful signals and motivate the 0—
500 ms analysis window: it captures the most informative
early processes (largely within the first ~300 ms) while also
allowing later novelty/attention effects and potential post-
injury latency shifts to contribute. We emphasize that SHAP
offers associative explanations; it is hypothesis-generating
rather than causal.

Comparison with Prior Work ERP-based prognostic
models often focus on single components (e.g., MMN or
P3), yielding high specificity but modest sensitivity. Some
methods use hand-crafted EEG features or target specific
etiologies (e.g., post cardiac arrest). In contrast, CORE-
Coma learns full-waveform representations from healthy
controls (control-only training) and applies them zero-shot
across heterogeneous coma etiologies. Sub-block analysis
increases temporal resolution to reveal fluctuations in re-
sponsiveness, complementing block-averaged ERP and con-
tinuous EEG. These design choices delivered high sensitiv-
ity in our cohort while maintaining interpretability.

Clinical Relevance CORE-Coma uses bedside-feasible
scalp EEG with eight common channels to yield (i) ESS
for ~5-minute monitoring of neural responsiveness and
(i) GESI as a threshold-independent, subject-level sum-
mary. These metrics complement behavioral scales (e.g.,
GCS), which can misclassify residual consciousness: ESS
can prompt targeted probing during waxing intervals, while
GESI provides a stable basis for interdisciplinary discus-
sions and goals-of-care. Control-only training reduces re-
liance on scarce labeled coma datasets and supports ICU de-
ployment. The fully automated pipeline avoids manual ERP
component identification (e.g., visual MMN), reducing op-
erator dependence and improving bedside scalability. While
validation in larger, multicenter cohorts is needed, the frame-
work is designed to generalize because it relies on control-
only training rather than etiology-specific patient labels.

Relationship to GCS at Recording Of the eight patients,
three later emerged (P03, P04, PO7). All three showed GESI
> 0.5 despite low GCS at recording (P04: GCS = 4; P03,
P07: GCS = 5). Of the five non-emergent cases, four had
GESI < 0.5 (PO1: GCS missing; P05: GCS = 3; P06: GCS
=5; P08: GCS =4). P02 was the one exception: a high GESI
despite not surviving (traumatic etiology: motor vehicle col-
lision). We do not infer a proximate cause of death here.
These results indicate that GESI reflects residual neural re-
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Figure 6: Temporal SHAP profiles averaged across channels for each deviant. Controls exhibit prominent contributions around
100-150ms (likely associated with NI/MMN) and smaller effects near 270-370 ms (likely associated with P3a/P3b); coma

patients show attenuated temporal structure.

sponsiveness, whereas eventual survival also depends on the
subsequent clinical course. These comparisons suggest that
GESI provides information complementary to contempora-
neous behavioral scores. GESI is intended as a physiological
index of neural responsiveness to complement, not replace,
clinical judgment and behavioral scales.

Limitations and Future Work This was a single-center
ICU cohort (8 patients). Around-the-bed 24-hour ERP ac-
quisition, clinical interruptions (imaging, surgery, seda-
tion adjustments), and consent logistics constrained enroll-
ment. Prospective multicenter studies with larger cohorts are
needed to test generalizability, calibrate decision thresholds
and probability estimates, and assess robustness across clin-
ical variability (sedation, etiology, channel availability). Pa-
tient POS contributed only one block because the patient died
during the recording interval, which highlights the practical
challenges of ICU data collection. Patient P02 had a high
GESI yet did not survive; the etiology was a traumatic mo-
tor vehicle collision. This indicates that GESI indexes neu-
ral responsiveness rather than mortality risk, and that out-
comes can diverge due to medical and systemic factors out-
side EEG-based responsiveness.

Future work should incorporate additional clinical vari-
ables to contextualize metrics. We focused on eight com-
mon electrodes; more channels may improve performance,
although wounds, skull defects, and drains can limit mon-
tage size in the ICU. Because responsiveness fluctuates over
time, sessions should be long enough to capture multiple cy-
cles; shorter recordings can bias estimates. Studies should
define a waxing-density metric (for example, the proportion
of sub-blocks with ESS > 7), perform calibration, and quan-
tify incremental prognostic value. Finally, real-time moni-
toring and extensions to related disorders of consciousness
are promising directions.
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Conclusions

We introduced CORE-Coma, a deep learning framework
trained on healthy controls and evaluated in a zero-shot
domain generalization setting on coma patients. CORE-
Coma models full-waveform auditory ERPs and quantifies
standard—deviant distinguishability, yielding two comple-
mentary metrics: the time-resolved ERP Separability Score
(ESS) and the subject-level Global ERP Separability In-
dex (GESI). In our cohort, CORE-Coma correctly identified
all emergent patients (3/3) and 4/5 non-emergent patients
(overall accuracy 87.5%); ESS trajectories revealed waxing—
waning responsiveness in coma that was not seen in controls.
Model explanations via SHAP were consistent with canoni-
cal oddball physiology. Because training uses only controls,
the framework is designed to generalize across etiologies,
reduce reliance on scarce labeled patient data, and fit bed-
side workflows. The same zero-shot domain generalization
approach can be applied to other clinical cohorts and related
disorders of consciousness. Next steps include prospective
multicenter validation with larger cohorts, calibration of
clinically meaningful decision thresholds and probability es-
timates, workflow integration for real-time use, and exten-
sions to related disorders of consciousness.
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