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Abstract

Quantitative electroencephalography (qEEG) refers to the numerical analysis and/or visual
transformations of raw electroencephalography (EEG) signals. Evaluation of gEEG in ICUs faces
unique challenges that warrant investigation separate from those conducted in other settings.
Additionally, the pathophysiology, management, and EEG patterns of critically ill conditions
often significantly differ between adults and children. Thus, it is important to distinguish the
qEEG literature specifically performed in adult ICUs. The aim of this review is to summarize

the studies using qEEG for clinical evaluation of patients in adult ICUs performed over the past
decade (since 2010), and to present the state of the art of these techniques. Overall, these studies
have reported that gEEG can reveal important information faster than typically possible with
traditional methods of reviewing the raw EEG only, with reasonable accuracy. However, it is
crucial to emphasize that gEEG must be reviewed in conjunction with raw EEG and in context

of understanding the patients’ clinical status. Because each QEEG panel only focuses on a few
aspects of the entire EEG, different combinations of gEEG panels may be required for optimal
analyses of each medical condition and individual patient. Currently in practical terms, gEEG can
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serve as a complementary, valuable tool for portions of the EEG that require more detailed review.
Further multi-center collaborative studies are needed to ultimately develop standardized methods
of employing qEEG that are generalizable across institutions. As gEEG techniques continue to
advance, including those involving machine learning, gEEG will further benefit from algorithms
specifically suited for ICUs.
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Background

Quantitative electroencephalography (qEEG) refers to the numerical analysis and/or visual
transformations of raw electroencephalography (EEG) signals. This field of research and
clinical applications have been evolving rapidly, as traditional methods of visually analyzing
the raw EEG signals have considerable limitations. These limitations include the lengthy
amount of time spent reviewing vast amounts of data, as well as the extremely detailed
nature of raw EEG interpretation which may be reduced (but not completely eliminated)

by presenting high-level visual qEEG panels. Further, since qEEG essentially provides a
“bird’s eye” view of compressed raw data from continuous EEG (CEEG) recordings, there
has been interest in its suitability for rapid detection of target events by non-expert EEG
readers. In the intensive care units (ICU), the ability to collect time-efficient, objective, and
reliable data is crucial, as patients are critically ill, often with life-threatening conditions.

As the use of cEEG in ICUs has expanded greatly, various methods of applying gEEG
techniques in different clinical scenarios have also been developed [1]. The evaluation

of cEEG and qEEG in ICUs is different from that of other inpatient units. First, brain
function is affected by metabolic disturbances from systemic illness and/or multi-organ
failure, fluctuations in intracranial pressure (ICP), and use of sedatives that include
anesthetics and potent analgesics. Diffuse cerebral disturbances therefore result in often
widespread alterations of the EEG activity. Second, electrical interference signals from
machines, such as ICP monitors, ventilators, continuous veno-venous hemofiltration devices,
extracorporeal membrane oxygenation (ECMO) can introduce EEG artifacts. Third, the
physical exams, including neurological exams, of ICU patients are often unreliable or
unobtainable, making accurate diagnostic tests, including EEGs, all the more necessary and
invaluable. Additionally, the pathophysiology, management, and EEG patterns of critically
ill conditions are often significantly different between adults and children. Thus, it is
important to distinguish the qEEG literature specifically performed in the adult ICU settings,
compared to those in non-1CU settings or involving pediatric patients. The aim of this review
is to summarize the studies using gEEG for clinical evaluation of patients in the adult ICU
setting performed over the past decade (since 2010), and to present the state of the art of
these techniques.
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Methods

Eligibility Criteria
Inclusion criteria consisted of all manuscripts published in the English language between
2010 and 2022 that evaluate neurophysiologists’ use of gEEG for adult (age =18 years)
patients hospitalized in the ICU with one of the following medical conditions: seizures,
delayed cerebral ischemia, altered mental status, post-cardiac arrest coma, ECMO support,
ICP monitoring, and/or EEG suppression monitoring. We included randomized control
trials, prospective cohort studies, retrospective cohort studies, and case series, but not
editorial or commentary articles. The intervention of interest was the application of gEEG
by neurophysiology experts. The outcome of interest was the gEEG results for each
aforementioned medical condition. For comparison, the gold standard of EEG interpretation
was considered to be the evaluation of the raw EEG.

Exclusion criteria consisted of manuscripts focusing on the pediatric (age <18 years)
population, patients who are not hospitalized in the ICU setting, review of the gEEG by
non-neurophysiologists, animal studies, and/or basic sciences, published before 2010, and/or
written in a language other than English.

Literature Search

The PubMed website, maintained at the United States National Library of Medicine, was
initially searched for articles between 2010 and 2022 using the following search terms:
((quantitative EEG) OR (gQEEG) OR (quantitative electroencephalography)) AND ((ICU)
OR (intensive care) OR (critically ill)), resulting in 238 manuscripts. Titles and abstracts of
these manuscripts were reviewed, and those that were not written in the English language,
or did not focus on neurophysiologists’ evaluation of qEEG, adult ICU population, or
aforementioned medical conditions of interest were removed from review, resulting in 83
manuscripts. The entirety of these manuscripts were then reviewed, of which only 44 met
the inclusion criteria. Some of these manuscripts included citations to other relevant articles
that also met the inclusion criteria, but were not captured in the initial PubMed search.

The most likely reason that these articles were not captured in the initial PubMed search
was their titles and abstracts not specifically mentioning the terms “quantitative” EEG,

but instead referring to the specific gEEG panels, such as “amplitude EEG” or “burst
suppression ratio”. These additional articles were subsequently reviewed as well. Ultimately,
87 relevant manuscripts were included in this review (Figure 1).

Brief Summary of gEEG panels

There is no single way to extract and display quantitative EEG data. Instead, gEEG analyses
consist of the display of numerous panels, largely divided into 4 categories based on a

focus on amplitude, frequency, rhythmicity, or symmetry. Additionally, automated seizure
detection algorithms (ASDA) are often employed when cEEG is used for seizure detection.
Among the various, commercially available EEG software packages that incorporate qEEG
capabilities, Persyst (Persyst Development Corporation) is the most frequently used qEEG
software in both the clinical and research settings, and has been approved by the United
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States Food and Drug Administration (FDA). Table 1 gives an overview of the different
panels, and Figures 2-5 show some examples. Each qEEG panel represents a deconstructed
component of the EEG and highlights a different aspect of the raw EEG. Thus, each qEEG
panel has its own specific benefits and/or shortcomings for the evaluation of various disease
processes. While qEEG can generally provide a comprehensive understanding of the raw
EEG, this is best achieved when several panels are used in combination with one another.
Most importantly, gEEG must be evaluated together with the relevant portions of raw EEG
for verification. Certain EEG software packages, including Persyst, allow simultaneous
viewing of both the raw EEG and qEEG panels.

Seizure Detection and Management

EEG patterns of convulsive and non-convulsive seizures as well as patterns on the ictal-
interictal continuum are common among critically ill patients. In a 2016 survey of members
in the American Clinical Neurophysiology Society (ACNS), 92% of neurophysiologists
reported using qEEG in the ICU setting for seizure detection [2]. For the purpose of

this review, only the studies involving neurophysiologists’ review of qEEG for adult ICU
patients are discussed. Specifically, studies of non-neurophysiologists’ use of qEEG and/or
pediatric patients are excluded. Compared to reviewing raw cEEGs, much of the enthusiasm
for using qEEG has been attributed to the reduced time to review the cEEG data and
reasonable accuracy for detecting electrographic epileptiform activity.

Reduced Time of EEG Analysis

Numerous studies have reported that using qEEG reduces the cEEG review time, compared
to using raw cEEG alone. One multi-center study performed by experts of raw EEG and
gEEG assessed the collective use of 5 qEEG panels, consisting of envelope trend, CDSA,
rhythmicity spectrogram, asymmetry spectrogram, and aEEG, for seizure detection in adult
ICU patients [3]. This study revealed that the median time to review 6-hour EEG epochs
was significantly shorter when using gEEG panels alone or together with the raw cEEG,
compared to reviewing the raw cEEG epoch without the help of automated software (6 vs
14.5 vs 19 minutes, p=0.00003). Time-savings by using gEEG in this study were greatest
for epochs with no or few seizures, as opposed to epochs with multiple seizures. The

most helpful gEEG panels based on a survey in that study were CSA and rhythmicity
spectrogram. However, these reductions in analysis time were at the expense of accuracy
(51-67% sensitivity and 24 false positive events per 24 hours for gEEG alone vs 63-68%
sensitivity and 12 false positive events per 24 hours for gEEG with raw EEG).

In another study involving 3 neurophysiologists with no prior gEEG experience, 4 hours
of training on CDSA and aEEG were provided, followed by tasking them with identifying
seizures without access to the raw EEG [4]. This study showed that the use of CDSA or
aEEG alone reduced the review time for a 24-hour EEG (median time 30.9-55 minutes
for CDSA vs 30.5-48.5 minutes for aEEG vs 90-120 minutes for raw EEG alone). The
associated measures of accuracy were within reasonable limits as well, as discussed in the
next section.
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A third study evaluated 3 neurophysiology fellows’ use of CSA, consisting of CDSA and
asymmetry spectrogram, for seizure detection [5]. The mean time to review 24 hours of
cEEG data was significantly reduced upon reviewing both the CSA and raw cEEG together,
compared to the raw cEEG alone (8 minutes vs 38 minutes, p<0.005) without greatly
compromising detection accuracy, as discussed in the next section.

While the use of QEEG appears to shorten the review time of EEGs for seizure detection,
these results must be interpreted with caution and consideration of two key factors. First,

a reduction in the EEG review time is not meaningful if the accuracy of the results is

poor. Second, although the initial response to compensate for the low accuracy of individual
gEEG panels may be to review numerous panels along with select epochs of raw EEG, the
overall review time may then increase, thereby undercutting the time-saving benefit. Thus, a
delicate balance must exist among efficiency, accuracy, and practicality in order for gEEG to
truly be useful.

Accuracy of gEEG

Individual qEEG panels—Overall, using a single gEEG panel for seizure detection has
been shown to not always achieve sufficient accuracy. In a retrospective study by a gEEG
expert comparing various Persyst qEEG panels, the sensitivity ranges were as follows:

for focal seizures, 29% (rhythmicity spectrogram) to 94% (asymmetry spectrogram); for
focal seizures with secondary generalization, 46% (asymmetry spectrogram) to 84% (FFT
spectrogram); and for generalized seizures, 16% (asymmetry spectrogram) to 79% (seizure
detection trend) [6]. While one limitation of this study was the inclusion of both adults

and children in the ICU and epilepsy monitoring units (EMUs), these results suggest that
each qEEG panel has its own advantages and disadvantages for identifying different seizure
subtypes.

The use of CDSA and aEEG for seizure detection were specifically compared in an
aforementioned study involving 3 neurophysiologists without prior gEEG experience [4].
Results were reported as median outcome for each EEG reviewer, giving a range of median
outcomes across reviewers, as follows: for CDSA, median values of 80% sensitivity, 4 false
positive events per 24 hours, 4 false negative events per 24 hours, and moderate interrater
agreement (x=0.52); For aEEG, median values of 81.3% sensitivity, 2 false positive events
per 24 hours, 4 false negative events per 24 hours, and substantial interrater agreement
(x=0.68) [4].

Combination of qEEG panels—Further studies focused on using combinations of
numerous gEEG panels together for seizure detection. Most of these studies have shown
this approach to be superior to using single gEEG panel alone. One study with 2 gEEG
experts explored the use of perhaps the most comprehensive collection of Persyst gEEG
panels without the raw EEG, consisting of muscle and eye artifact intensity, seizure and
spike detection, seizure probability, rhythmic delta detection, rhythmicity spectrogram,
aEEG, FFT spectrogram, asymmetry spectrogram, and suppression ratio [7]. This study
reported 93% sensitivity, 61% specificity, 6.5 false positive events per 24 hours, and seizure
counts not significantly different from those detected by examining the raw cEEG only. The
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overall interrater agreement for seizure counts was moderate (x=0.52), but was better for
“definite” seizures (x=0.64), while poorer for “probable” seizures (x=0.15). A similar study
also evaluated 5 neurophysiologists’ use of 4 Persyst gEEG panels without the raw EEG,
consisting of rhythmicity spectrogram, CDSA, asymmetry spectrogram, and aEEG [8]. This
study reported 87% sensitivity and 61% specificity, false positive rate of 39%, and moderate
interrater agreement (x=0.48) among neurophysiologists for detecting seizures. Another
aforementioned study of 3 neurophysiology fellows using CSA, consisting of CDSA and
asymmetry spectrogram, along with the raw EEG reported high sensitivities of 87.3% for
seizure detection, 88.5% for epileptiform discharges, and 100% for periodic epileptiform
discharges, although it did not report or focus on specificity [5]. Taken together, these
studies confirm reasonable sensitivity for seizure detection, but at the expense of specificity,
which is only moderate at best. It is also possible that these low specificities are partly due to
the study designs that focused on maximizing sensitivity.

In contrast, another study of 9 qEEG experts using 5 Persyst qgEEG panels with and without
the raw EEG reported less encouraging outcomes [3]. The gEEG tools used in this study
included the envelope trend, CSA, rhythmicity spectrogram, asymmetry spectrogram, and
aEEG. This study revealed 63-68% mean sensitivities and 12 false positive events per 24
hours when reviewing the gEEG and raw EEG together, and 51-67% mean sensitivities
and 24 false positive events per 24 hours when reviewing only the gEEG without the

raw EEG. However, this study had notable conditions that stray from the practical use of
gEEG in the clinical setting. For example, gEEG reviewers of this study were asked to
mark seizures that were only “probable” or “likely”, were not allowed to review the raw
EEG unless specifically indicated by the qEEG areas of interest, and could not access the
concurrent video recording of the patients. Moreover, a large focus of this study was placed
on shortened review time with qEEG.

Overall, the use of gEEG has certainly shown to be promising. However, compared to

the gold standard of evaluating the raw EEG, relying solely on qEEG is not currently
recommended, given the suboptimal accuracy measures and interrater reliability. Thus, the
general consensus in seizure detection is to use qEEG for initial screening and confirmatory
purposes that must be reviewed together with the raw EEG [9].

Seizure characteristics influencing gEEG performance—Studies have sought to
identify factors that influence the accuracy of EEG trends for seizure detection. Some

of these factors include the “definite” presence of seizures based on the raw EEG; the
amplitude, frequency, duration, focality, and recurrence of seizures; rapidity of the seizure
evolutions; amount of periodic patterns and/or EEG artifact; number of EEG channels used,;
and the expertise levels of the evaluating neurophysiologists [3, 4, 6, 10, 11]. The use of
gEEG resulted in higher accuracies when reviewed by qEEG experts, when more EEG
channels were used as a basis of calculating the qEEG data, and/or when seizures were
characterized as “definite”, repetitive, and/or longer in duration. In contrast, the use of qEEG
resulted in lower accuracies when the raw EEGs had frequent periodic patterns, and/or
seizures characterized as low amplitude, low frequency, slow and/or subtle evolution, short
duration, and/or infrequent.
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Automated seizure detection—ASDAs incorporate numerous EEG parameters to
identify EEG timepoints potentially concerning for seizures, and are included in
commercially available EEG software packages, such as Persyst. Studies have reported
widely variable abilities of proprietary ASDAS to detect seizures of adult ICU patients,
with ranges of 10.1-76.1% sensitivity and 0.3-23 false positive events per 24 hours [3, 6,
11, 12]. The poor accuracy of ASDAs for seizure detection in the ICU setting is likely
related to their original development based on EEG data of epilepsy patients in EMUSs.
Otherwise healthy epilepsy patients typically have fairly well-defined seizures patterns that
lend themselves more readily to automated detection. In contrast, critically ill patients often
have a significantly abnormal EEG background that confounds the EEG analysis. This is

a serious limitation, given that EEG patterns of seizures are often vastly different between
patients who are critically ill and those who are not. For example, two commercially
available ADSAs, Optima’s IdentEvent and Persyst’s Reveal, were both developed with
EEG data of EMU patients, and showed sensitivities of 79.5% and 76% respectively

in that patient population [13, 14]. However, when these ADSAs were later applied to
adult ICU patients, their sensitivities significantly decreased to 10.1-12.9% [12]. While the
manufacturers’ threshold settings of ASDA can be adjusted to increase their sensitivities,
the false positive rates rise as a result, rendering them less useful. Additionally, although
some studies have reported on developing qEEG algorithms customized for the ICU setting
with higher sensitivity and lower false detection rates, their validations across multiple
institutions remain to be explored [12, 15].

Standardization of gEEG terms—Any reports on EEG and EEG interpretation were
hampered in the past by the absence of a standardized EEG nomenclature. The ACNS
developed a standardized terminology for critical care EEG in 2012, which has been

highly beneficial for worldwide research efforts [16]. Since then, the ACNS Standardized
Critical Care EEG Terminology was updated and expanded upon in 2021 [17]. Similarly, a
standardized nomenclature for spectrogram qEEG patterns was proposed in 2020, including
new terminology, such as “solid flames”, “broadband-monotonous”, and “low power” [18].
However, further prospective studies involving the use of these terminologies are needed to

understand their clinical significance.

Management of Refractory Status Epilepticus

The use of qEEG in the management of refractory status epilepticus is discussed in the
“Monitoring of EEG Suppression” section below. Monitoring of EEG suppression is used
for several indications and therefore discussed under its own headline.

Detection of Delayed Cerebral Ischemia

Among the various vascular injuries, subarachnoid hemorrhage (SAH) has benefitted

the most from the implementation of gEEG. This stems from the potentially dangerous
complications of delayed cerebral ischemia (DCI) secondary to cerebral vasospasm, which
can develop days after the initial insult and can worsen the outcomes of SAH patients.
Thus, timely identification of DCI and timely management is crucial in SAH patients.
EEG can be helpful in detecting DCI as the background frequency mix changes in
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predicable ways during developing ischemia. According to the 2016 ACNS survey, 28.0%
of neurophysiologists working in the ICU setting reported using gEEG for detection of
vasospasm and/or DCI [2]. The signature gEEG markers for identifying DCI include
decrease in power of the alpha frequency band, relative alpha variability (RAV), and alpha/
delta ratio (ADR) [19-22]. The definition of the alpha frequency band has varied among
studies, ranging from 8-12 to 8-13 Hz. While the exact definition of RAV has also varied,
RAV is usually expressed as a ratio of alpha frequencies over the total range of frequencies
in the delta, theta, alpha and beta bands. Examples used in different studies include 6-
14Hz/1-20Hz or 8-12.5Hz/1-30Hz. ADR is a measure that reflects the decreased alpha
power and/or increased delta power observed in patients with DCI. All of these measures are
evaluated as trends over time rather than as absolute ratios.

Persistent alpha power reduction by =40% for =5 hours has been shown to differentiate
between patients with and without DCI (78-89% sensitivity, 77-84% specificity) [19, 23].
Notably, alpha power reduction can be suggestive of DCI much earlier than the use of
traditional transcranial dopplers by a median of 1-2.3 days [19, 23]. This is likely due to
the continuous, automated nature of the EEG recording, compared to the examiner-driven,
intermittent doppler studies. Moreover, SAH patients who did not have this reduction in
alpha power were found to have a good functional outcome after 6 months [24]. Another
study revealed that the lack of increase in alpha power after DCI treatment was suggestive of
poor response that require more aggressive spasmolytic management [25]. On the other
hand, the reduction in mean daily alpha power was associated with a risk of clinical
deterioration after an initial response to DCI treatment that was not attributable to other
causes [25].

Similarly, a decrease in RAV or ADR by >38% has been shown to detect DCI in SAH
patients (100% sensitivity, 83.3% specificity) earlier than diagnoses based on clinical
suspicion or new ischemic lesion on computed tomography of the brain (by 7 hours and

44 hours respectively) [21]. The findings regarding the association of decreased ADR and
DCI were further corroborated by a meta-analysis of five studies, with a pooled sensitivity
and specificity of 83% and 74% respectively [26]. Few smaller studies have further explored
the use of the theta frequency band, with reports that >40% reduction in theta power for =6
hours, or =30% decrease in alpha-theta/delta ratio for =3.7 hours appears to be a reliable
marker for DCI [23, 27].

One major limitation of these studies, however, is the inconsistent standards of diagnosing
DCI, ranging from mandatory imaging evidence to clinical suspicion only, and therefore the
lack of a true gold standard [28].

Coma and Altered Mental Status

ICU patients often have and/or develop changes in mental status in setting of their critical
illnesses, metabolic derangement, and/or medication side effects. The presentation of altered
mental status is highly variable, ranging from confusion to a comatose state. The differential
diagnosis is also extremely broad, including non-convulsive seizure, posterior circulation
stroke, intracranial hemorrhage, intracranial hypertension, cerebral edema, hypoxic ischemic

J Neurol. Author manuscript; available in PMC 2022 December 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Hwang et al.

Page 9

brain injury, toxic/metabolic encephalopathy (delirium), and medication side effects. Due to
the wide range of etiologies for altered mental status, various studies are performed as part
of the work up, often including cEEG. The initial goal for cEEG in the context of coma

and altered mental status is to rule out subclinical seizures as an etiology so that emergent
seizure treatment can be administered and its effect monitored.

Encephalopathy can produce a series of non-specific EEG findings that translate into non-
specific qEEG patterns. Few small studies reported gEEG changes in adult ICU patients
with encephalopathy, including decreased power of higher frequencies in the beta and
gamma bands, increased power of delta and theta bands, and reduced functional connectivity
[29-32]. While these EEG findings are not unique to encephalopathy, gEEG can be useful

in monitoring improvement or worsening of the encephalopathic state, particularly if the
alteration of consciousness is significant and subclinical seizures are of ongoing concern.

Sleep quality and arousal patterns in affected patients can also provide clues for the
presence of an encephalopathy. These include Stimulus Induced Rhythmic Periodic or

Ictal Discharges (SIRPIDs), often associated with offending medications such as Cefepime,
which can be identified on qEEG by their sputtering offset pattern [33, 34].

Moreover, there is some evidence that EEG obtained during the critical illness period may
be useful not only in the immediate setting during the patients’ ICU stay, but even after

their discharge from the hospital. One very small study reported that qEEG features of

adult patients during critical illness correlate with domain-specific cognitive performance at
12-month follow up [35]. ICU survivors with lower relative alpha power in the hospital had
worse visuospatial/constructional ability at 12 months after discharge (p=0.008), while those
with higher interhemispheric coherence or higher theta-range spectral variability had worse
delayed memory performance (p=0.17 and 0.033, respectively) at follow up [35]. Thus,
qEEG findings of adult ICU patients may potentially have a role in prognostication related
to recovery of mental status, although larger studies are required for further validation.

Post-Cardiac Arrest Coma

Post-cardiac arrest patients are a special subgroup of patients with altered mental status, as
they are often comatose. According to the 2016 ACNS survey, 21.3% of neurophysiologists
working in the ICU setting reported using qEEG for cardiac arrest patients [2]. The primary
use of cEEG for cardiac arrest patients has been for assessment of brain injury severity

and seizure detection during the cooling and rewarming stages as well as thereafter. In the
comatose post-cardiac arrest patient population, the identification of relevant EEG features
with extremely high specificity for poor neurological outcome is crucial, because they may
influence decisions related to withdrawal of life sustaining therapies. Nonetheless, EEG
should not be used as stand-alone tool for prognostication.

EEG Reactivity

Several studies have reported on the significant predictive value of presence or absence
of EEG reactivity for neurological prognostication of comatose post-cardiac arrest patients
[36-39]. EEG reactivity is defined as a change in cerebral activity to external stimulation
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[16]. However, the evaluation of EEG reactivity with the raw cEEG has been shown to be
particularly challenging due to poor interrater reliability [40]. In this context, the use of
gEEG to assess EEG reactivity has been explored with various methods. A comprehensive
study analyzing sixty-two qEEG features pre- and post-stimulus with machine learning
techniques identified that spectral power and entropy changes achieved best outcome
prediction performances [41]. Other studies have also published on their own unique
methodologies for quantifying EEG reactivity, including customized qEEG algorithms
and/or machine learning techniques, some of which reported up to 100% specificity or
being consistent with the results obtained by conventional analysis of raw cEEG with
substantial interrater agreement [42-47]. However, because these analyses were typically
research-based and used qEEG markers other than the commercially available panels, most
algorithms remain unvalidated. Furthermore, the software threshold for detecting reactivity
(e.g. 50%) may be set differently for each patient based on their clinical status, and the
evaluation of reactivity is not always uniform, as the number and intensity of physical
stimulations can also vary for each patient. Consequently, the use of gEEG for assessing
reactivity has not been widely applied to clinical practice.

EEG Background

A suppressed background pattern is another well-known EEG feature highly associated with
poor neurological outcome [37, 39]. Numerous studies of post-cardiac arrest patients have
explored the identification of EEG background with gEEG methods. aEEG has often been
used for this purpose due to its simplicity of interpretation, although it only assesses the
changes in amplitude and misses other details related to the background pattern. Studies
using aEEG confirmed that recovery of a normal EEG background amplitude following
cardiac arrest is associated with favorable neurological outcome [48-53]. In contrast, EEG
backgrounds with persistently very low amplitude and/or discontinuous, burst-suppressed,
or suppressed patterns are associated with poor neurological outcome [48-54]. Other gEEG
panels that more specifically evaluate the suppressed background pattern include the burst
suppression ratio, background continuity index, and approximate entropy. Studies using
these methods showed that longer inter-burst intervals (IBI), low background continuity
index, and/or low approximate entropy are associated with poor neurological outcome

[42, 45, 55-60]. These gEEG methods also had better predictive abilities than aEEG, and
excellent agreement with the traditional method of visually inspecting the EEG. Another key
component in the analysis of EEG background is the temporal trend of QEEG features, as
patients’ clinical outcomes appear to differ based on whether the gEEG remains persistently
poor or improves over time [50, 52, 61-63]. Thus, it is crucial to serially evaluate the
changes in the gEEG background metrics over time.

Other background EEG features not considered to be the traditionally “highly malignant”
patterns of post-cardiac arrest patients have also been explored with qEEG. In one study that
correlated the outcome of comatose patients after cardiac arrest with various gEEG metrics,
including total power and total variability, significant differences were seen between patients
with good and poor neurological outcomes [64]. Those with good neurological outcome

had higher total power across the frequency spectrum and higher variability across all

power bands. Other studies have corroborated these findings as well [57, 66-67]. However,
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patients whose qEEG analysis initially showed high power that subsequently declined over
the next 48 hours post-cardiac arrest ultimately had poor neurological outcome [64]. This
finding further supports the notion that the temporal trends of gEEG metrics are important to
monitor.

Cerebral Recovery Index and Bispectral Index

Based on the aforementioned findings of numerous EEG variables, other studies focused
on developing a comprehensive, single quantitative metric to aid with prognostication of
comatose post-cardiac arrest patients. The goal of these indices is to provide objective data
extracted from the EEG data in order to provide a simple, numeric tool that is not subject
to interrater variability. However, herein lies one of the problems of such indices — they are
derived via computation only and therefore subject to EEG artifact.

One example is the cerebral recovery index (CRI), a probability score ranging from 0-1.
CRI has undergone several rounds of optimization, the most recent of which occurred in
2018, incorporating 44 qEEG features representing time, frequency, and entropy, as well
as machine learning algorithms [68-70]. In that study, CRI at 12 hours after cardiac arrest
predicted poor neurological outcome with 100% specificity and 66% sensitivity, and good
neurological outcome with 95% specificity and 72% sensitivity. While these results are
encouraging, they have not yet been validated in other institutions, and thus require further
multi-center studies.

Another combinative gEEG measure that has been studied is the bispectral index (BIS), a
dimensionless value ranging 0-100 derived from EEG signals that represents the patients’
level of consciousness. BIS has traditionally been used to monitor the depth of anesthesia,
and its use has expanded to other contexts due to its ease of interpretation and set-up. In the
cardiac arrest population, higher and lower BIS values have been associated with good and
poor neurological outcome respectively [60, 71-76]. However, these studies used varying
threshold values of BIS, which causes difficulty implementing BIS in a standardized manner
across institutions.

Effects of Sedation on qEEG

Sedatives are known to affect the raw EEG, but some studies have specifically explored
the effect of sedatives on qEEG parameters in post-cardiac arrest patients. One study that
compared aEEG and suppression ratio values at 10 minutes prior to sedation interruption
and at the last 5 minutes of interruption showed that sedation interruption (median

1 hour, range 12-720 minutes) decreased the suppression ratio while increasing the
aEEG signals without affecting the prognosticative abilities of these qEEG trends [77].
One of the limitations of this study was that they did not differentiate the individual
effects of numerous types of sedatives/anesthetics (i.e. propofol, fentanyl, midazolam,
dexmedetomidine, ketamine), which are known to have different EEG signatures [78]. A
later study specifically focused on the effects of propofol on gEEG 1 hour before and after
cessation, and similarly showed that propofol was associated with significantly decreased
EEG amplitude, decreased background continuity and dominant frequency, and increased
burst suppression ratio [79]. However, a limitation that both studies have in common
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is the relatively short sedation interruption period, given that the pharmacokinetics and
pharmacodynamics of these medications may vastly differ in post-cardiac arrest patients,
who often undergo targeted-temperature management and have concurrent multi-organ
failures, compared to the general population.

Special Patient Population: ECMO

ECMO is a type of temporary life support that provides extracorporeal support to patients
with refractory cardiac and respiratory failure. This patient population is heterogeneous

due to the wide range of indications for ECMO support, including cardiac arrest, post-
cardiotomy shock, refractory cardiogenic shock, and hypoxic respiratory failure. The ECMO
machinery is also complex and may introduce various EEG artifacts. Studies on qEEG in
adult ECMO patients is highly limited. In one small study of post-cardiac arrest ECMO
patients, aEEG monitoring provided accurate early prognostic information by predicting
patients with continuous normal voltage within the first 24 hours to have good outcome

at 6 months with 100% sensitivity and 93% specificity. [80] Another reported lower mean
BIS values for post-cardiac arrest ECMO patients who ultimately progressed to brain death
(mean BIS 4 during therapeutic hypothermia, 4 post-rewarming) compared to those who did
not (mean BIS 39 during therapeutic hypothermia, 57 post-rewarming) [81]. As the use of
ECMO is exponentially increasing, further research is needed to better assess the prognostic
role of gEEG in ECMO patients.

Intracranial Pressure (ICP) Monitoring

Monitoring ICP in patients with significant brain injury is important, as increased ICP

is associated with unfavorable outcome. The limitation of current clinical practice in

ICP monitoring is its invasiveness. Etiologies of increased ICP include cerebral edema,
intracranial hemorrhage, brain masses, and certain types of meningitis. In patients with
refractory intracranial hypertension, one treatment option is to intentionally induce a
pharmacologic comatose state (e.g. “pentobarbital coma”) with the aim of burst suppression
on EEG. In this context, the use of EEG in this patient population is largely focused on
evaluating the treatment effects of sedatives to titrate their doses, and to a lesser degree on
identifying signs concerning for intracranial hypertension, although some have explored this.

Detection of Intracranial Hypertension

Few case studies have explored the application of qEEG in the evaluation of increased

ICP and brain herniation. One case series included 3 patients with escalating intracranial
hypertension and herniation due to hemorrhagic/ischemic stroke [82]. In this study,

those 3 patients were found to have progressive asymmetric loss of power of the faster
frequencies that was worse and present earlier on the side of the lesions according to
CDSA spectrogram, incremental decrease of amplitude on aEEG, and eventual suppression
starting on the side of the lesion as indicated on the suppression ratio panel [82]. Upon
retrospective analysis, these findings were found to be present 3—24 hours prior to the
clinical evidence for herniation [82]. Another case series reported 2 patients with increased
ICP that led to herniation, with qEEG findings of increased low-frequency power and
subsequent suppression [83]. Notably, the patient with ipsilateral cerebral edema and uncal
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herniation had asymmetric gEEG findings starting on the ipsilateral side, whereas the other
patient with diffuse cerebral edema and transtentorial herniation had symmetric gEEG
findings in bilateral hemispheres [83]. These studies were further corroborated by 2 other
case reports, one of which further reported the finding of increased delta/alpha ratio that
coincided with the timing of the other gEEG findings [84-85]. However, there are clinical
scenarios in which applying these results may be extremely dangerous. For example, if a
patient with pre-existing pathological EEG spikes were to develop herniation, the decreased
power in faster frequencies may result in the disappearance of the EEG spikes. This pseudo-
normalization of the EEG may then be mistaken as an improvement in the EEG, which
would adversely affect the patient’s outcome. Thus, utmost caution must be taken when
interpretation the EEGs of patients who are risk of brain herniation, and further studies are
needed to better characterize any other unique EEG markers for these patients.

Management of Refractory Intracranial Hypertension

The use of qEEG in the management of refractory intracranial hypertension is discussed in
the “Monitoring of EEG Suppression” and has its own section below. This is due to the fact
that monitoring of EEG suppression is not limited to the ICP indications, but also occurs in
the same way for the management of status epilepticus using burst suppression.

Monitoring of EEG Suppression—The level of EEG continuity is determined based on
the percentage of the EEG record that is suppressed, and is graded as follows: “continuous”
(<1%), “nearly continuous” (1-9%), discontinuous (10-49%), “burst suppression” (50—
99%), and “suppression” (>99%) [16]. In the 2016 ACNS survey, 59% of neurophysiologists
working in the ICU setting reported using gEEG for burst suppression monitoring [2].
Monitoring of EEG continuity is useful for numerous critical illnesses, largely divided into
two categories: 1) patients with intentionally induced pharmacological comatose states and
burst suppression patterns of EEG for management of refractory status epilepticus and/or
intracranial hypertension; and 2) patients with pathological altered mental statuses, including
comatose states, due to conditions affecting the brain such as post-cardiac arrest.

The detection of burst suppression with gEEG for the management of refractory status
epilepticus is essentially the same process used for post-cardiac arrest comatose patients, as
discussed in a prior section. The most commonly used qEEG trend when treating refractory
status epilepticus is the burst suppression ratio. Notably, some studies have shown that
achieving longer IBI with sedating medications do not necessarily result in improved patient
outcome [86-87]. Another study also showed that there were no differences in any of the
gEEG spectral power metrics between status epilepticus patients with and without successful
weaning of sedating medications [88]. However, this study revealed that qEEG connectivity
metrics, including greater network density, characteristic path length, clustering coefficient,
size of largest component, and characteristic path length of the largest component, and
significantly fewer independent components were associated with successful anesthetic
weans [88]. One limitation of relying on qEEG for detecting burst suppression in this
patient population has been noted to be the high variation in the amount of burst suppression
achieved by anesthetic medications, likely related to significant inter- and intra-individual
pharmacokinetic/pharmacodynamic variation [89]. Further gEEG studies are still needed for
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this patient population, given the lack of clear guidelines for the optimal length and depth of
burst suppression with sedating medications.

The use of BIS has also been explored for patients in pharmacologically-induced coma.
Overall, these small studies showed strong positive correlations between BIS and EEG burst
count, and strong inverse correlations between BIS and EEG suppression ratio [90-91].
These results are consistent with those obtained in the comatose post-cardiac arrest patient
population, which is discussed in a prior section.

Numerous studies have sought to create algorithms to quantitatively evaluate burst
suppression patterns of adult patients in the ICU setting. For example, one single-center
study developed an automated algorithm that detects burst suppression patterns in adult ICU
patients [92]. This automated algorithm produced excellent sensitivity and specificity for
separately detecting bursts and suppressions (both ranging 93-97%), with higher algorithm-
human agreement than human-human agreement. In another multi-center study of adult ICU
patients, an automated algorithm was able to detect burst suppression patterns with 90%
sensitivity, 84% specificity, and substantial interrater agreement (x=0.69) [93]. Notably, this
algorithm was also able to quantify the durations of these events in real-time, and was

not significantly affected by EEG artifacts or periodic patterns. Commercial EEG software
packages, such as Persyst, also include panels for detecting EEG continuity, such as the
suppression ratio trend. However, such algorithms were developed in non-ICU settings, as
previously discussed, and thus, not optimized specifically for ICU patients.

Artifact Reduction—Artifact reduction is a QEEG feature that attempts to remove artifact
EEG signals from the raw EEG. The successful removal of artifact signals is particularly
useful in the ICU setting, which is laden with electrical interference signals from machines,
such as ECMO, ICP monitors, ventilators, and continuous veno-venous hemofiltration
devices. Commercially available EEG software packages often include artifact reduction
features, such as notch filter. However, accurate artifact reduction is extremely difficult to
achieve. First, non-artifactual EEG signals may unintentionally be removed or reduced. This
may cause EEG reviewers to overlook subtle yet important findings, including epileptiform
discharges, or underestimate qEEG metrics, such as amplitude. Second, even when the
fundamental artifact signals are correctly removed, their harmonic frequencies may not be
completely accounted for and remain in the EEG, thereby still affecting the final EEG
interpretation. Thus, artifact reduction software must be used with caution and should not
be relied upon at all times. In certain EEG software packages, including Persyst, both the
raw EEG and qEEG panels can be viewed simultaneously. Viewing them side-by-side and
toggling the artifact reduction on/off can allow the evaluating neurophysiologists to better
understand the extent of artifact reduction, and determine how reliable it may be in that
particular epoch.

General Limitations of gEEG in the Adult ICU

While the use of gEEG has become more widespread with encouraging results in the adult
ICU setting, it still has critical limitations. First, qgEEG analysis is not purely quantitative,
and requires subjective, qualitative evaluation of the visual data produced by gEEG. Second,
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while some studies have sought to create customized algorithms to make the gEEG analysis
more numerical and objective, the vast majority of these algorithms have not been validated
through multi-center studies. Third, the detailed effects of individual sedating medications
on EEG signals in critically ill patients is highly complex and not fully understood, as their
pharmacokinetics and pharmacodynamics may differ from the general patient population.
Fourth, many studies have not accounted for the time dependence of qEEG features, and the
optimal timepoints and frequency to monitor patients with EEG is not well-established.

Conclusion

The use of qEEG in the adult ICU setting has unique challenges that warrant investigation
separate from those conducted in other inpatient or outpatient settings. This field of research
and its clinical application have expanded rapidly within the past decade. Overall, studies
have reported that the integration of qEEG into clinical practice in adult ICUs can reveal
important information in faster, more time-efficient, and more easily understandable visual
manner than typically possible with traditional methods of reviewing the raw cEEG only.
There is also evidence that gEEG review may result in reasonable sensitivity. However, it

is crucial to emphasize that gEEG must be reviewed in conjunction with raw cEEG, video
monitoring of the patients if available, and in the context of understanding the patients’
clinical status. Moreover, because each gEEG panel only focuses on a single or few aspects
of the entire cEEG, different combinations of gEEG panels may be required for optimal
analyses of each medical condition and sometimes even each individual patient. Despite its
“quantitative” nature, qEEG still has qualitative and subjective aspects in its interpretations,
as most gEEG panels still require visual inspection of those trends by trained personnel,
preferably neurophysiology experts. Beyond the validated, commercially available software,
research tools for gEEG assessment have also been developed but usually lack validation.
Currently in practical terms, qEEG can serve as a complementary, valuable tool for portions
of the cEEG that require more careful and detailed review. Further multi-center collaborative
studies are needed to ultimately develop standardized methods of employing qEEG that

are generalizable across institutions. Additionally, as gEEG techniques continue to advance,
including those that involve machine learning, qgEEG will likely benefit from algorithms
specifically suited for the ICU settings that specifically diminishes EEG artifact signals and
improves the abilities of quantitative scoring and detecting signals of interest.
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Figure 2:
QEEG and raw EEG of a burst suppression pattern

2a: The qEEG panels show transient increase in power and amplitude on the CDSA (<L,
#R) and aEEG (#) panels, as well as a high suppression ratio (#), corresponding to the
bursts (blue arrow), across 30 minutes. Note that the time window of 30 minutes was chosen
to better show the individual bursts. Also, note that the CDSA panels for the left (dL)

and right (#R) hemispheres are separated into two panels. In contrast, the aEEG panel
depicts the tracings of left and right hemispheres in the same panel as blue and red colors
respectively.

Abbreviations: &L: CDSA spectrogram of left hemisphere; #R: CDSA spectrogram of right
hemisphere; ¢: aEEG spectrogram; #: Suppression ratio spectrogram
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2b: The corresponding raw EEG shows a burst in an otherwise suppressed background
across 10 seconds.
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Figure 3:
QEEG and raw EEG of suppression

3a: The gEEG shows progressive decline in amplitude and power on the CDSA (&L, $#R)
and aEEG (#) panels across 6 hours, as well as rise in suppression ratio (#), interrupted by
artifact (at blue arrow). Note that the time window of 6 hours was chosen to better show the
trend of decreased electrocerebral activity over time.

Abbreviations: &L: CDSA spectrogram of left hemisphere; #R: CDSA spectrogram of right
hemisphere; ¢: aEEG spectrogram; #: Suppression ratio spectrogram

3b: The corresponding raw EEG shows a suppressed background with impoverished
frequency mix across 10 seconds.
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3c: The corresponding raw EEG contains superimposed EEG artifact signals that appeared
during patient care, which is reflected in the gEEG panel (in 3a at blue arrow).
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Figure 4:
QEEG and raw EEG of a right-hemispheric focal seizure

4a: The gEEG shows evidence of a lateralized seizure in the right hemisphere, lasting
roughly 90 seconds. At the blue arrow, the Seizure Probability (ll) panel identifies the
seizure. The rhythmicity panel (#L, #R) shows evolution of rhythmicity across frequency
bands. The CDSA (&L, #R) and aEEG (%) panels show greater increase in amplitude
and power in the right-hemisphere. The asymmetry panel (¢) shows the right-predominant
nature of the seizure. Note that the time window of 30 minutes was chosen to better depict
the evolution of rhythmicity across the frequency bands.

Abbreviations: Il Seizure probability panel; #L: Rhythmicity spectrogram of left
hemisphere; #R: Rhythmicity spectrogram of right hemisphere; #L: CDSA spectrogram
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of left hemisphere; #R: CDSA spectrogram of right hemisphere; ¥: aEEG spectrogram; ¢:
Asymmetry spectrogram

4b: The corresponding raw EEG shows the rhythmic activity in the right-hemisphere,
corresponding to a focal seizure, with superimposed EEG artifact signals from eye blinking
and muscle activation. Note that this epoch is from the middle of the seizure rather than the
onset for clarity.
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Figure 5:
QEEG and raw EEG of a bilateral seizure

5a: The gEEG shows multiple bilateral seizures occurring over 30 minutes. At the blue
arrow, the Seizure Probability panel (lll) identifies one of the seizures. The rhythmicity
panel (4L, #R) shows evolution of rhythmicity across frequency bands in bilateral
hemispheres. The CDSA (&L, #R) and aEEG (%) panels show greater increase in
amplitude and power in bilateral hemispheres. The asymmetry panel (#) does not show
any laterality of the seizure. Note that the time window of 30 minutes was chosen to better
show the evolution of rhythmicity across the frequency bands.

Abbreviations: Il Seizure probability panel; #L: Rhythmicity spectrogram of left
hemisphere; #R: Rhythmicity spectrogram of right hemisphere; #L: CDSA spectrogram
of left hemisphere; #R: CDSA spectrogram of right hemisphere; ¥: aEEG spectrogram; ¢:
Asymmetry spectrogram
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5b: The corresponding raw EEG shows the development and resolution of rhythmic activity
in both hemispheres, with evolution in frequency, morphology, and distribution. Note that
the time window of 60 seconds was chosen to evolution and devolution of the entire seizure.
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Table 1:

Description of Commonly Used Quantitative EEG panels in Intensive Care Units

qEEG Panel Purpose Clinical Use Examples

Amplitude-focused

Amplitude integrated
EEG (aEEG)

Assess changes in minimum/maximum amplitudes across
1-2 second epochs, filtered to 2-20Hz, for each
hemisphere

Seizure detection
Monitoring of EEG continuity

Evaluation of comatose post-cardiac
arrest patients

Envelope trend

Assess evolutionary changes in median or peak amplitude
across 10-20 second epochs for each hemisphere

Seizure detection

Prognostication of comatose post-
cardiac arrest patients

Suppression Ratio
trend

Assess the average percentage of EEG signals below a
specific amplitude threshold

Assessment of EEG suppression

in patients post-cardiac arrest

for prognostication, or on

sedating medications for refractory
status epilepticus or intracranial
hypertension

Frequency-focused

Fast Fourier
Transform (FFT)

Mathematical algorithm that deconstructs waveform data
into frequency and amplitude data

Production of gEEG panels, such as
CDSA, ADR, RAV, rhythmicity, and
asymmetry spectrograms

Compressed Spectral
Array (CSA)#

Refers to any time-compressed spectrogram produced via
FFT

CDSA, asymmetry spectrogram

Color Density Spectral
Array (CDSA) *

Deconstructs EEG signal into component frequencies, each
of which is plotted with power in color-gradient across 1—
10 second epochs, for each hemisphere

Seizure detection

Alpha/Delta ratio
(ADR)

Extracts alpha and delta frequency data from EEG signal
and plots the trend of their power ratios for each
hemisphere

DCI detection

Relative Alpha
Variability (RAV)

Selectively extracts alpha frequency data from EEG signal
to plot the trend of percentage of alpha frequency band
over the total range of frequencies

DCI detection

Rhythmicity-focused

Rhythmicity
spectrogram

Proprietary Persyst panel, not available in other gEEG
software packages. Deconstructs EEG signal into 4
frequency bins (1-4, 4-9, 9-16, 16-25Hz), and plots the
power trend of each frequency bin in color-gradient over
time for each hemisphere.

Seizure detection

Symmetry-focused

Asymmetry
spectrogram

Compares power differences between left and right
hemispheres across all frequencies

Lateralized seizure detection

Automated Seizure
Detection Algorithm

(ASDA)

Incorporates numerous qEEG parameters to mark the EEG
timepoints concerning for seizure

Seizure detection

Abbreviations: DCI: delayed cerebral ischemia; EEG: electroencephalography; gEEG: quantitative electroencephalography

Note: The term Compressed Spectral Array is defined and used loosely in the literature. The abbreviation of “CSA” is also sometimes used
with a different meaning of “Color Spectral Array” in the literature. Thus, careful examination is required to understand how the authors of each
publication defined the term for the purpose of that study.
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*
Note: Also known as Color Spectrogram, Color Spectral Array (CSA), Density Spectral Array (DSA), or FFT Spectrogram, even though CDSA is
not the only type of spectrogram produced by Fast Fourier Transform.
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