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A B S T R A C T

Electroencephalography (EEG) is invaluable in the management of acute neurological emergencies. Characteristic
EEG changes have been identified in diverse neurologic conditions including stroke, trauma, and anoxia, and the
increased utilization of continuous EEG (cEEG) has identified potentially harmful activity even in patients without
overt clinical signs or neurologic diagnoses. Manual annotation by expert neurophysiologists is a major resource
limitation in investigating the prognostic and therapeutic implications of these EEG patterns and in expanding
EEG use to a broader set of patients who are likely to benefit. Artificial intelligence (AI) has already demonstrated
clinical success in guiding cEEG allocation for patients at risk for seizures, and its potential uses in neurocritical
care are expanding alongside improvements in AI itself. We review both current clinical uses of AI for EEG-guided
management as well as ongoing research directions in automated seizure and ischemia detection, neurologic
prognostication, and guidance of medical and surgical treatment.
Introduction

Continuous electroencephalography (cEEG) is frequently used in the
critical care setting for detection of seizures, prognostication, and
monitoring ischemia and depth of sedation [1]. Nation-wide epidemio-
logical studies have shown increasing use of cEEG in the critical care
setting over the last two decades [2,3]. A recent study examining national
trends in cEEG utilization in patients with acute cerebrovascular diseases
demonstrated a 364 % increase in cEEG use from 2014 to 2020 [3].
Similar work from the nationwide inpatient sample has shown a greater
than 10-fold increase in cEEG use in critical care [2].

The increasing use of cEEG has led to increasing detection of seizures
and other epileptiform abnormalities including periodic and rhythmic
patterns and the ictal-interictal continuum (IIC) [4,5]. Several studies
have demonstrated that the presence and increasing burden of seizures,
epileptiform abnormalities, and IIC patterns are associated with sec-
ondary brain injury, higher risk for mortality, and worse functional and
cognitive outcomes[6–9]. cEEG allows high-resolution monitoring of
these patterns in hospitalized patients and has improved the capture of
nonconvulsive seizures, highlighting that many of these would have been
missed with clinical observation and routine EEG alone [5,10].
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Nonconvulsive status epilepticus often manifests solely as altered mental
status [11], requires EEG for reliable diagnosis [12,13], and is likely
underdiagnosed without prolonged monitoring [14]. cEEG can thus
improve seizure detection [15] and is associated with improved inpatient
survival [2,3,16], despite patients who receive cEEG likely being sicker.

There continues to be a growing clinical and research interest in the
diagnostic and prognostic significance of common EEG patterns seen in
the critical care setting along with research efforts to understand optimal
EEG-guided anti-seizure treatment strategies. One of the major limita-
tions of cEEG use, both in clinical practice and in research studies, is the
time-intensive and laborious nature of raw EEG review. Artificial intel-
ligence (AI) can help address this need by monitoring epileptiform ac-
tivity, prognosticating outcomes, and guiding treatment strategies. In this
narrative review, we highlight the AI-based methods that have been
developed to optimize EEG-guided decision making.

Methods

We performed a MEDLINE search for articles on the application of AI
in critical care EEG monitoring. Specific emphasis was given to studies
directly pertaining to the clinical indications of cEEG monitoring
otherapeutics.
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including those defined in the American Clinical Neurophysiology soci-
ety consensus statement for critical monitoring [1]. We additionally
discuss current research directions utilizing AI for dataset generation to
enable algorithm development and for improved clinical trial design.

Seizure Prediction, Detection and Management

An estimated 20–30 % of critically ill patients on cEEG have seizures
[10,17,18], ~90 % of which are subclinical [17]. A prospective study of
patients without primary neurologic diagnoses found nonconvulsive
seizures in more than 10 % [19]. In addition to seizures, 40–50 % of
critically ill patients undergoing cEEG are at risk of having other periodic
2

and rhythmic patterns [20]. The American Clinical Neurophysiology
Society has proposed a standardized nomenclature for common EEG
patterns seen in the critical care setting [21]. This nomenclature is now
routinely used in clinical practice and in research studies. Fig. 1 shows
examples of common EEG patterns using ACNS definitions.

Seizure prediction

Given cEEG is resource-intensive, selecting patients who are likely to
benefit from cEEG and determining the duration of monitoring are major
challenges in proactive seizure management. Presence of periodic and
epileptiform discharges on initial EEG recording are associated with a
Fig. 1. Common continuous EEG patterns
seen in the critical care setting as defined by
the American Clinical Neurophysiology So-
ciety nomenclature.
a) Example of electrographic seizure.
b) Example of lateralized periodic dis-
charges.
c) Example of generalized periodic dis-
charges.
d) Example of lateralized rhythmic delta ac-
tivity.
e) Example of generalized rhythmic delta
activity.
f) Example of Ictal-Interictal continuum
pattern.



Fig. 1. (continued).
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higher risk of seizures as demonstrated in diverse cohorts, including
central nervous system infections [22], intracerebral hemorrhages [23],
and pediatrics [24]. Patients lacking early epileptiform abnormalities
have vanishingly decreasing seizure risk [18], and the rate at which risk
decreases depends on the presence of epileptiform abnormalities [10].

The 2HELPS2B model was developed to incorporate these early EEG
features, along with prior history of seizure, to produce an interpretable
seizure risk score [25]. While most clinical risk scores are developed with
manual feature selection, 2HELPS2B used a machine learning method
designed to optimize risk scores with a small selection of variables [26].
The 2HELPS2B score has been validated on independent patient cohorts
and can stratify seizure risk using just 1 h of screening EEG, improving cEEG
3

allocation [27]. Application of the 2HELPS2B on 1-h rapid response EEG,
which includes fewer leads and reduced time-to-application, was found to
be noninferior to conventional EEG for seizure prediction [28]. Table 1
shows the components of the 2HELPS2B score, the predicted probabilities
of seizure based on the total score, and the corresponding recommended
cEEG duration. Fig. 2 shows three examples of the application of the
2HELPS2B score to guide duration of EEG monitoring in clinical practice.

EEG screening and seizure detection using quantitative EEG

Several quantitative EEG (qEEG) tools have been developed that can
assist in rapid screening of recordings for seizures and other periodic and



Table 1
Overview of 2HELPS2B score.

Variable Point Assignment

Brief (ictal) rhythmic discharges 2
Presence of lateralized periodic discharges, lateralized rhythmic
delta activity, or bilateral independent periodic discharges

1

Sporadic epileptiform discharges 1
Frequency greater than 2.0–Hz for any periodic or rhythmic
pattern

1

Presence of "plus" features (superimposed, rhythmic, sharp, or
fast activity)

1

Prior seizure 1

2HELPS2B score Predicted seizure probability cEEG recommendation

0 5% No need for cEEG
1 12% At least 12hr cEEG
2 27% At least 24hr cEEG
3 50% At least 24hr cEEG
4 73% At least 24hr cEEG
5 88% At least 24hr cEEG
6þ > 95% At least 24hr cEEG

cEEG: continuous electroencephalography.
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rhythmic patterns [29,30]. Compressed spectral arrays (CSA) are among
the mostly commonly used qEEG tools [31]. Seizures, periodic and
rhythmic patterns, and background slowing have distinct features on
CSAs, and a standardized nomenclature for CSAs has been developed
with high sensitivity and inter-rater agreement [32]. Seizures have a
classic “solid flame” appearance on CSAs, shown in Fig. 3. The presence
of solid flames can have a sensitivity of up to 87.5 % and specificity of
92.5 % for the detection of seizures [32].

Use of CSAs can expedite screening of EEGs. In one study, CSAs
identified seizures with sensitivity of 51–67% andmedian review time of
6 min and CSA plus raw EEG review identified seizures with sensitivity of
63–68 % and median time 14.5 min, compared to raw EEG review with
median time 19 min [31]. Another study found that the mean time to
review 24 h of cEEG was 8 min for CSA-guided vs 38 min for conven-
tional review, and 10 min vs. 44 min when there were seizures [33].

Finally, qEEG can enable non-neurophysiologists to screen for sei-
zures, with several studies demonstrating that CSA-based seizure detec-
tion was comparable between neurophysiologists and non-
neurophysiologists [34,35]. While qEEG and CSAs can expedite seizure
screening and detection, they cannot fully replace review of raw EEG and
are most often used to aid this process.

Automated annotation and interpretation of EEG

Several AI algorithms have been developed for automated EEG analysis
with variable success and degree of human involvement [36–45]. The scal-
ability and reliability ofmachine learningmethods depends on large training
datasets annotated by experts, making AI-expedited annotation especially
valuable. Unsupervisedmachine learningmethods can be used to pre-cluster
seizure, periodic and rhythmic patterns, and burst suppression from pro-
longed EEG recordings, facilitating more efficient labeling by expert neuro-
physiologists [46]. Active learning can be used to selectwhich EEG segments
aremost valuable for humans to annotate for downstream training, enabling
rapid annotation of large datasets for deep neural networks that approach
expert-level performance [8,47]. Fig. 4 showsanexampleof aGraphicalUser
Interface used to annotate large EEG datasets. Application of such neural
networks to a cohort of neurologic, medical, and surgical patients undergo-
ing cEEG achieved a rate of one annotation per 2 s and revealed that
increasing peak epileptiform burden is associated with worse neurologic
outcomes across all diagnostic categories [8]. The combination of deep
learning and large labeled datasets has enabled AI systems to independently
annotate EEGs at least as well as experts [48–50] and to offer interpretable
assistance to experts that improves diagnostic accuracy [51]. These tools are
a way forward to deal with the resource-intensive and laborious tasks of
manual EEG review for clinical care, research studies, and clinical trials.
4

Seizure management

In the critical care setting, anti-seizure medications (ASMs) are
routinely prescribed for seizures and frequently for periodic and rhyth-
mic patterns [8,52–54] Treatment is often escalated to use of anesthetics,
particularly in the setting of status epilepticus [55]. EEG monitoring is
used to guide ASM escalation and determine response to anesthetic
medications [1,53,56]. Seizure or burst suppression are common treat-
ment targets when using anesthetics for refractory seizures or status
epilepticus in critically ill patients [1]. qEEG tools can be used to assess
the degree of burst suppression and sedation and to titrate anesthetics
accordingly [29]. Similarly, qEEG can be used as a guide in weaning
anesthetic sedation. Fig. 5 shows an example of burst suppression in
response to escalating doses of anesthetics in a patient with status
epilepticus.

Ongoing research is focused on using AI to optimize EEG-guided
management. ASMs carry significant risks and narrow therapeutic in-
dexes [57] and have variable pharmacokinetics and pharmacodynamics
[58–60]. Guidelines for ASM use in seizure and epilepsy are developed
according to population-level analyses [61–63]. While the importance of
individualized therapy is well-understood, this is challenging in practice,
particularly in critically ill patients who have altered physiology [64].
Furthermore, periodic and rhythmic patterns and electrographic seizures
are often aggressively managed despite uncertain benefit [5,65,66].

By learning pharmacokinetic and pharmacodynamic relationships at
an individual level, AI methods can perform causal inference to quantify
the benefit of ASMs and design personalized treatment strategies,
improving outcomes for patients who may have required either more
restrictive or more aggressive regimes than the management they
received [67]. These pharmacokinetic-pharmacodynamic analyses have
additionally identifiedmajor limitations in clinical trial design for seizure
treatment, highlighting the role of machine learning in informing
data-driven trial design for treatment of seizures in the critical care
setting [68]. Validated automated EEG annotation systems can signifi-
cantly increase the feasibility of randomized trials for seizure/status
epilepticus management by mitigating the laborious task of manual EEG
review for assessment of treatment endpoints. Finally, in patients with
medication-refractory epilepsy, AI-augmented methods can utilize
interictal EEG features to localize seizure-generating tissue (i.e. the
seizure onset zone), thereby informing neurosurgical management [69].

Prognostication in Acute Injury and Neurocritical Care

Prognostication in disorders of consciousness

14–32 % of patients in minimally conscious or vegetative states may
have cognitive-motor dissociation (CMD), which is characterized by
clinical unresponsiveness with evidence of brain activation on EEG or
functional magnetic resonance imaging (fMRI) [70,71]. In a cohort of
104 unresponsive patients [72], digital bedside EEG recordings were
obtained following commands for patients to move their hands, and
power in predetermined frequency ranges was calculated and used to
train a machine learning classifier to detect brain activation [73]. 16 (15
%) had brain activation detected. 50 % of patients with brain activation
vs. 26 % of patients without brain activation improved to following
commands prior to discharge, and 44 % vs. 14 % had a GOS-E level [74]
of �4 at 12 months. A multi-center study identified responses to com-
mands on EEG and/or fMRI in 25 % of patients without an observable
response, with EEG analyses being performed either by comparison of
power spectral densities or by a machine learning algorithm [75].
Identification of patients with CMD may in turn influence management,
as neurologic prognosis is important in decisions regarding
life-sustaining therapy [76,77]. However, application of machine
learning algorithms, and the associated resources, including the expertise
for performing the test, and interpretating and communicating results
may not be available in the clinical setting, particularly in resources



Fig. 2. Application of the 2HELPS2B score.
a) Case 1: Patient with urosepsis and altered
mental status. EEG demonstrates generalized
slowing and generalized rhythmic delta ac-
tivity. 2HELPS2B score is 0, due to absence
of all components listed in the score. The
predicted probability of seizures is 5 %, and
the recommended length of additional EEG
monitoring is 0 h.
b) Case 2: Patient with left sided acute sub-
dural hematoma and a generalized seizure
on admission to emergency, prior to EEG
initiation. EEG demonstrates left lateralized
rhythmic delta activity. 2HELPS2B score is 3
for lateralized rhythmic delta activity (1
point), frequency > 2Hz (1 point) and prior
seizure (1 point). The predicted probability
of seizures is 50 %, and 24 h of cEEG moni-
toring is recommended.
c) Case 3: Patient left MCA stroke and hyp-
oxic respiratory failure. EEG obtained for
altered mental status and demonstrates left
lateralized periodic discharges. 2HELPS2B
score is 2 for LPDs (1 point), frequency >

2Hz (1 point). The predicted probability of
seizures is 27 %, and 24 h of cEEG moni-
toring is recommended.
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limited settings. Efforts to develop evidence-based guidelines for iden-
tifying patients with CMD have emphasized the importance of stan-
dardized approaches in data acquisition and analysis as well as the
challenges in interpreting and communicating these results [78].

Prognostication in traumatic brain injury

TBI is a major cause of morbidity and mortality with a rising global
burden [79,80]. The long-term consequences of TBI are myriad and
include seizure, neurodegenerative, vascular, and psychiatric disorders,
suggesting that TBI should be considered a chronic and progressive dis-
ease [80,81]. Prognostication of mortality and functional outcomes is a
5

major challenge in TBI management. Patients with moderate-to-severe
TBI, corresponding to an admission Glasgow Coma Scale (GCS) score
of�12 out of 15, experience a broad spectrum of functional recovery that
physicians are unable to reliably forecast according to an individual's
clinical variables [82]. Mild TBI (GCS score 13 to 15) constitutes over 90
% of TBI [83], but more than 50 % of people with mild TBI experience
residual functional impairments one year post-injury [84], and predic-
tion of outcomes for these patients is similarly difficult [85].

TBI is associated with acute, subacute, and chronic EEG changes, even
in mild injury [86,87] yet the utility of these changes in managing TBI
has been uncertain [88,89]. An early decision in the management of TBI
is the selection of patients for imaging with computed tomography (CT)



Fig. 3. Example of a Compressed Spectral Array showing recurrent seizures. The seizures have a classic flame shaped appearance.

Fig. 4. A Graphical User Interface for semi-automated annotation of EEG.
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in the emergency setting. CT can guide decisions regarding hospital
admission or surgical intervention but subjects patients to radiation and
in most scanned patients identifies no intracranial injury [83]. One study
used an automated EEG-based algorithm to predict whether CT would be
positive, achieving a negative predictive value of 96 % [90]. Machine
learning can further assist with the initial identification of TBI, using
qEEG features and demographic variables to classify patients with TBI,
stroke, or normal EEGs [91].

Another controversy in acute TBI management is the administration
of prophylactic ASMs. Guidelines have recommended early ASMs to
mitigate the risk of posttraumatic seizures [92,93], which may present
subclinically [94]. The moderate supportive evidence and important side
effects of these therapies have called this practice into question [95].
Statistical algorithms have been developed to identify risk factors and
prognosis for early posttraumatic seizures [96], and machine learning
models using early qEEG features including spectral power, power vari-
ance, and peak envelope can identify patients at high risk of developing
posttraumatic epilepsy [97]. These recent advancements can improve the
long-term management of patients at risk for seizures following TBI as
well as protect patients from unnecessary and potentially harmful phar-
macologic interventions.
6

In disorders of consciousness specifically following moderate and
severe TBI, machine learning models have also been effective in using
early EEG to predict recovery [98] and have shown improved prognostic
accuracy when incorporating sixteen EEG features (including power
spectral features, brain symmetry index, coherence, Shannon entropy,
regularity, aperiodic component, long range temporal correlation, and
broken detailed balance) than when using clinical, radiological, and
laboratory parameters without EEG [99]. However, current application
in clinical practice is often limited by resources and the availability of
technology and expertise.

Prognostication in Anoxic brain injury after cardiac arrest

The proportion of individuals surviving cardiac arrest and subsequent
coma is increasing, but forecasting neurologic recovery in these patients
remains an important challenge [100,101]. A number of clinical vari-
ables are linked to neurologic prognosis, including examination, labo-
ratory, and imaging findings [102]. Several risk scores have been
developed to predict neurologic outcome using combinations of these
variables [103], as well as deep learning models [104,105], but these
have not achieved sufficient evidence for reliable use [102].



Fig. 5. Compressed Spectral Array demonstrating burst suppression pattern.
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EEG monitoring has proven to be a valuable complement to other
modalities in these patients, including those treated with targeted tem-
perature management (therapeutic hypothermia) [106–110] and espe-
cially when considering EEG reactivity (EEG-R) alongside EEG
background pattern [111,112]. More rapid EEG review can be facilitated
with an algorithm incorporating serial qEEG measurements [113], and
this automated approach improves with the incorporation of a machine
learning-based classifier [114] and an expanded set of qEEG features
[115]. Sequential analysis of qEEG features additionally underscores the
importance of long-term EEG monitoring, as positive trends in neuro-
physiologic evolution are associated with good prognosis despite ma-
lignant features in early EEG [116]. Among machine learning models
predicting neurologic outcomes after cardiac arrest, the most
commonly-used EEG features include band power, Shannon entropy, and
burst-suppression ratio [117].

Deep learning models bypass the need for feature extraction, learning
flexibly from EEG and predicting post-arrest outcome more accurately
than other machine learning architectures [118] and trained experts
[119]. Despite increased model complexity, these systems can extract
interpretable patterns that align with those utilized in visual analysis
[120]. Furthermore, they enable temporal modeling of EEG dynamics
such that the algorithm's prognostic accuracy scales with increased
monitoring time [121]. In addition to automated prognostication, deep
learning can uncover novel modalities for assessing brain function, such
as via auditory stimuli, and create insights into the electrophysiologic
characteristics of consciousness [122].

Detection and Management of Delayed Cerebral Ischemia in
Subarachnoid Hemorrhage

Subarachnoid hemorrhage (SAH) is a life-threatening cerebrovascu-
lar emergency with stable incidence and risk of significant functional
impairment in patients who survive [123–125]. Delayed cerebral
ischemia (DCI) is a major complication that can present up to two weeks
after SAH [126] and triples the odds of a poor outcome [127]. While the
majority of surveillance efforts have emphasized the importance of ce-
rebral vasospasm, DCI has a multifactorial etiology and requires a
multimodal approach for early diagnosis [126,128,129].

EEG signatures of ischemic injury are well-established, including in
SAH [130–132]. Seizures are often a secondary cause of injury in patients
following SAH [133,134], and seizure burden in SAH is associated with
worse functional and cognitive outcome [135]. Patients without seizures
but with EEG background changes are still more prone to functional
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impairment [133], such that prophylaxis with ASMs is often considered
[136,137] despite limited evidence regarding this practice [138].

Recent work has capitalized on these EEG changes to predict DCI
following SAH. cEEG monitoring in patients following SAH revealed that
the presence of epileptiform abnormalities is associated with increased
risk for DCI [139], and this risk can be stratified according to degree of
epileptiform burden and trends in epileptiform activity over time [140].
In a prospective study, early cEEG monitoring identified one additional
case of DCI prior to clinical symptoms for every 3–7 patients monitored
[141]. However, these analyses required manual EEG review, which is a
barrier to widespread implementation of their findings toward DCI pre-
diction. Initial attempts to automate EEG analysis for DCI detection, using
signal processing techniques, were unsuccessful [142]. In contrast, a
machine learning approach incorporating spatial and temporal EEG
features could accurately predict DCI following SAH and identified
alpha-delta ratio, percent alpha variability, Shannon entropy, and
epileptiform discharge burden as important predictive variables [143].
Further improvement is likely to be attained by AI models integrating
other data modalities including clinical demographics and imaging, such
as transcranial doppler ultrasound [144].

Anesthetic Dosing and Sedation Management

Anesthetics are commonly used for treatment of refractory status
epilepticus, for the management of refractory intracranial pressure, and
for ventilatory synchrony in patients with respiratory failure. EEG is
indicated for monitoring the depth of sedation for these indications, with
sedation frequently titrated to burst suppression [1,55]. Careful man-
agement is necessary in these patients as sedative medications and pro-
longed ventilation carry risk [145]. Although burst suppression is often
targeted in nonconvulsive status epilepticus management, there is no
data to support that it improves outcomes [146]. At the same time,
over-sedation may result in adverse effects [147], making the balance
between over- and under-sedation challenging.

To perform EEG-based sedation monitoring, clinicians consider met-
rics such as number of bursts per minute or percentage of time spent in
the suppressed state. Calculation of these parameters is time-consuming
and potentially variable between experts. Automated algorithms for
calculating the degree and time spent in burst suppression can overcome
the challenges of manual EEG review and assist in preventing under and
over sedation. Quantitative EEG tools and software can be used in clinical
practice to assess burst suppression ratio [148]. Machine learning algo-
rithms have also been developed that first rely on segmentation of EEG



Table 2
Indications for cEEG monitoring and current and future AI applications within
each domain.

Indication for EEG
monitoring [1]

AI- based approaches in
current clinical practice

Future research directions
and clinical applications

Diagnosis of non-
convulsive seizures and
paroxysmal events

2HELPS2B score
applied to first hour of
EEG for seizure risk
prediction [25,27]
Quantitative EEG to
assist rapid screening of
seizures [29–33]

Automated annotation of
EEG and seizure risk
prediction [36–51]
Automated EEG annotation
and report generation for
bedside providers

Treatment of seizures and
status epilepticus

Use of quantitative EEG
to assess degree of
seizure control and
burst suppression
[148–149]

Realtime automated EEG
annotation and treatment
recommendations for
patients with seizures
Use of automated EEG
annotation and automated
report generation to
increase feasibility of
randomized trials of EEG
guided treatment of status
epilepticus and super-
refractory status epilepticus
Data-driven simulations to
design randomized
controlled trials of anti-
seizure treatment in critical
care

Detection of cerebral
ischemia

Use of quantitative
EEG, including the
alpha to delta ratio
and percent alpha
variability for early
detection of delayed
cerebral ischemia in
aneurysmal SAH
[130–143]

Clinical trials and
comparative studies
examining the independent
impact of quantitative EEG
monitoring on outcomes in
SAH
Automated multimodal
alarms for ischemia
detection- integrating EEG
alarms (e.g., new discharges
or change in alpha/delta
ratio), bedside
cardiovascular monitoring,
other forms of
neuromonitoring (e.g., brain
tissue oxygen)

Monitoring sedation e.g.,
in treatment of status
epilepticus, and
treatment of
intracranial
hypertension

Quantitative EEG
monitor depth of burst
suppression [148–149]

Automated algorithms for
annotation and assessment
of burst suppression and
degree of suppression

Neuro-prognostication Detection of cognitive
motor dissociation-
digital bedside EEG
with a machine
learning classifier to
detect brain activation
following commands

Development of
standardized approaches in
data acquisition and
analysis.
Addressing resource
requirements and
challenges in interpreting
and communicating results.

CMD: cognitive-motor dissociation; EEG: electroencephalography; SAH: sub-
arachnoid hemorrhage.
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into bursts and suppressions, which can be performed automatically with
relatively simple algorithms at the level of expert annotators [149]. More
sophisticated unsupervised machine learning models can achieve this
without requiring manual EEG annotations for parameter estimation,
enabling robust segmentation for patients whose burst-suppression pat-
terns evolve with time (as may be expected in a long ICU admission)
[150]. Other algorithms have been proposed that perform sequential
updating as physicians provide new annotations during routine care, thus
leveraging artificial and human intelligence simultaneously [151].

Increased use of EEG can improve management of patients with pri-
mary acute neurologic diagnoses as well as those at risk of secondary
8

injury, in part due to the frequencywithwhich harmful activity is observed
on EEG without overt clinical signs. However, manual review of EEG re-
quires highly-trained neurophysiologists and is amajor resource burden. AI
has already begun to address this challenge through the development of
2HELPS2B, an interpretable risk score that is routinely used in clinical care
for prediction of seizure risk and optimization of cEEG allocation accord-
ingly. qEEG has additionally enabled more rapid EEG review for seizure
screening, neurologic prognostication, and real-time management. In
addition to its value in patient care, expedited EEG review is essential for
research using EEG-derived endpoints and for the development of more
advanced AI systems. Table 2 summarizes the main indications for cEEG
monitoring in the critical care setting and some of the key citations in this
review, highlighting the role of AI in each of these domains.

The uses of EEG-based AI in severe brain injury are as broad as those
of EEG itself. AI can perform automated EEG review and annotation of
seizures with deep learning models identifying and classifying seizures
and other harmful patterns at least as well as experts. Pharmacokinetic-
pharmacodynamic models can help design treatment regimens that are
personalized according to each patient's unique characteristics. In pa-
tients with drug-resistant epilepsy requiring neurosurgical manage-
ment, AI can use interictal EEG to map seizure-generating brain tissue
without recording any actual seizures. Beyond seizure, AI can improve
prognostic accuracy following traumatic brain injury or cardiac arrest.
In patients with disorders of consciousness, AI can identify brain acti-
vation on EEG that is otherwise covert but corresponds with improved
outcomes. Following SAH, AI can help identify patients at risk for DCI
before the manifestation of any clinical signs. Finally, in patients
requiring anesthetics, AI can guide EEG review to avoid over- or under-
sedation.

AI has begun to elucidate the importance of EEG signatures that are
found in diverse neurologic disorders but are of uncertain clinical signifi-
cance, potentially improving our understanding of the neurophysiologic
processes underlying both acute and chronic brain injury. Several barriers
exist in the widespread adoption of AI for clinical EEG analysis, including
the variable availability of prolonged EEG, computing resources, and
experienced staff across institutions, as well as the lack of prospective
studies elucidating the full impact of AI-augmented approaches on out-
comes and cost. There is also the question of generalizability of some of
these approaches, due to limitations or biases (e.g., use of single center data
or single brain injury type) in the training data used to create the algo-
rithms. While more work is needed to validate these systems before full
clinical deployment, AI is already influencing clinical care, and further
methodologic advancements and generation of large, high-quality datasets
promise to make EEG-guided management more efficient and effective.
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