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Objectives:

• Discuss utility of EEG in ICU

• Review EEG as a multi-dimensional biomarker 

• Review applications of AI and ML for each type 
of biomarker

• Review cases highlighting biomarker usage in 
clinical management where available

• Summarize learnings for the session
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Seizure Forecasting:



Prediction of Sz:

▪ Critical Care EEG Monitoring Research 
Consortium (CCEMRC)

▪ Multi-Institutional Prospective Database
▪ Yale, Brigham and Women’s, Emory 

▪ Consecutive LTMs >6h 

▪ ACNS Critical Care EEG terminology 

▪ Large Dataset—5427 CEEGs

(Struck, Ustun et al. 2017)



2HELPS2B:
Score 

1. Frequency > 2Hz 1

2. Independent Sporadic Epileptiform 

Discharges

1

3. LPD/BIPD/LRDA 1

4. Plus Features (superimposed rhythmic, 

fast, sharp)

1

5. Prior Seizure 1

6. Brief Potentially Ictal Rhythmic 

Discharge (BIRD)

2

Total 
Score

0 1 2 3 4 5 6+

Risk of 
Seizure

<5% 12% 27% 27% 73% 88% >95%

(Struck, Ustun et al. 2017)



(Struck, Ustun et al. 2017)



2HELPS2B: Validation

• To determine EEG duration 
needed to calculate 
2HELPS2B

• To standardize forecast 
duration to 72Hours

• To validate on an 
independent cohort
5 Centers (N=2111)

• One hour of screening EEG is 
sufficient to stratify 
continuous EEG (cEEG) 
seizure risk and recommend 
cEEG monitoring duration.

(Struck, Tabaeizadeh et al. 2020)

Risk-Calibration Graph of the Error for the 

2HELPS2B Model in the Initial Study Cohort and 

the Validation Cohort



(Struck, Tabaeizadeh et al. 2020)

Risk-Calibration Graph of the Error 

for the 2HELPS2B Model Calculated 

Only During the 1st Hour of EEG in 

the Validation Cohort, Represented 

With 3 Risk Levels

Courtesy: Aaron Struck



(Struck, Tabaeizadeh et al. 2020)



• Seizure Risk Group

• % of  Cohort

• Overall Seizure Risk

• False Negative Rate

• Recommend Duration of EEG Monitoring

• LOW RISK: 2HELPS2B=0

• 594 (40%)

• 3.1%

• 3.1%

• 1 Hour (length of screening EEG)

• MED RISK: 2HELPS2B=1

• 597 (40%)

• 12.0%

• 4.0%

• 12 Hours

• HIGH RISK: 2HELPS2B≥2

• 310 (21%)

• 26.6%

• 3.1%

• At least 24 Hours

Seizure Risk 
Group

% of  Cohort Overall 
Seizure Risk

False 

Negative 

Rate

Recommend 

Duration of 

EEG 
Monitoring

LOW RISK: 

2HELPS2B=0
594 (40%) 3.1% 3.1%

1 Hour (length 

of screening 

EEG)

MED RISK: 

2HELPS2B=1
597 (40%) 12.0% 4.0% 12 Hours

HIGH RISK: 

2HELPS2B≥2
310 (21%) 26.6% 3.1%

At least 24 

Hours

(Struck, Tabaeizadeh et al. 2020)



SAFER Trial
• Multi-center study

• Main P.I.: Aaron Struck, MD

• University of Wisconsin – Madison

• Retrospective comparative effectiveness analysis to 

determine the predictive value of seizure-risk forecasting 

with the 2HELPS2B scoring system in conventional and 

rapid EEGs

• Goal: n=500 patients Rapid-EEG, & 500 patients who 

received conventional EEG. 

• To provide a roadmap for the use of rEEG in patients at 

risk for seizures. 
Courtesy: Aaron STRUCK



Objectives:

• Primary AIM - Compare rEEG (Ceribell™ Devices) to cEEG for 
seizure risk stratification.

• 1A Primary outcome: AUC of ROC curve between rEEG and 
cEEG (non-inferiority margin of 0.1)

• Secondary AIM - Compare sensitivity of rEEG and cEEG

• 2A Outcome: Distribution of EEG patterns detected during first 
hour of monitoring

• 2B Outcome: Distribution of EEG patterns from first hour of EEG 
monitoring to follow-on prolonged continuous EEG

• Secondary AIM - Compare outcomes at hospital discharge 
between rEEG and cEEG

• 3A Outcome: Distribution of Hospital Discharges (Home, 
Rehab/skilled nursing, Death)

Courtesy: Aaron STRUCK



Results: 
Utilization: 
EEG use in Emergency Department: Rapid-EEG (27.1%) v. Conventional-
EEG (3.7%)

-Decreased logistical constraints with rapid-EEG can improve 
utilization in ED

Primary Outcome: Rapid-EEG is non-inferior to Conventional-EEG for 
seizure risk stratification in hospitalized patients

-Rapid-EEG can be used to triage patients for seizure risk and 
determine need for follow-on Conventional-EEG 
-2HELPS2B=0 on 1-hour screening rapid-EEG has <5% risk of seizure 
over the next 72 hours

Secondary Outcomes: 

-There are no significant differences between rEEG and cEEG cohort

in relevant EEG patterns (2HELPS2B) during the 1st H of monitoring. 

-The stability of EEG findings observed from 1st H to rest of EEG were 

not significantly different between rapid-EEG and conventional-EEG.
-Outcomes at hospital discharge was not significantly different
between rapid-EEG and conventional-EEG. 

Courtesy: Aaron STRUCK



Future Direction:

• Establish biomarkers for seizure forecasting 
longitudinally after a single seizure and in patients 
with epilepsy

• Real time forecasting in both inpatient and 
outpatient clinical setting

• Seizure forecasting – Could improve seizure 
control and clinician time for EEG review



Prognostication:

(Khazanova, Douglas et al. 2021)



Suppression:

(Khazanova, Douglas et al. 2021)



Low Voltage:

(Khazanova, Douglas et al. 2021)



Burst Suppression:

(Khazanova, Douglas et al. 2021)



Normal Continuous Background:

(Khazanova, Douglas et al. 2021)



Reactivity:
Stimulus

(Khazanova, Douglas et al. 2021)



Good Outcomes 

Normal continuity

Reactivity 

Preserved sleep-wake cycles

Poor Outcomes

BS with identical bursts 

Suppression 

Low Voltage 

Myoclonic Status Epilepticus

PD on a suppressed 

background

(Khazanova, Douglas et al. 2021)



QEEG Features:

Spectrograms:

Degree of Thalamocortical 
connection in DOC

EEG Entropy:

Functional connectivity

Coherence: 

Functional connectivity 
Frequency

QEEG

(Edlow, Claassen et al. 2021)



• 75 patients were analyzed for their EEG and 

clinical data.



(Amorim, van der Stoel et al. 2019)



(Amorim, van der Stoel et al. 2019)



(Amorim, van der Stoel et al. 2019)



(Amorim, van der Stoel et al. 2019)



Future Directions:

• Inter-rater variability→ overcome by automated 
detectors—ML application

• Reduce time for review

• Longitudinal analysis of task-based EEG andspatial
and temporal evolution of EEG markers imp→ ML 
based analysis

• Longitudinal multi-modal assessments → predictive 
models for outcome→ Novel computational 
techniques and ML applications

(Khazanova, Douglas et al. 2021)



Anesthesia titration and weaning: 

• IV anesthetics 3rd line to Rx RSE

Duration of 

Rx 
Success with 

weaning

Burst 

suppression 

vs Seizure 

suppression 

Premature 

withdrawal

Of 

anesthetics  

Harm from Rx 

– LOS in ICU, 

infection, 

complications 

(Rubin, Angelini 

et al. 2020)



Anesthesia titration and weaning:

• Varied indications for anesthesia including RSE

Raw EEG

IIC pattern

HEB

IBI, Burst suppression ratio, length of 
bursts 

QEEG

Spectral components of EEG signal 

Spatial correlation-based measures 
of functional connectivity 



QEEG and ML in anesthetic wean:

• Study evaluated two types of features as predictors of 
successful weaning: spectral components of the EEG 
signal, and spatial-correlation-based measures of 
functional connectivity. 

• 47 consecutive anesthetic weans (23 successes, 24 failures) 
from a single-center cohort of patients admitted with RSE 
from 2016-2019.

• The results of these analyses were used to train a classifier 
to predict wean outcome. 

(Rubin, Angelini et al. 2020)



(Rubin, Angelini et al. 2020)



(Rubin, Angelini et al. 2020)



Prediction Model:

(Rubin, Angelini et al. 2020)

Accuracy of classifier 



Future Directions:

• Prospective validation of sedation titration and 
successful weaning tools run in real-time.

(Rubin, Angelini et al. 2020)



Ischemia Detection:



Ischemia detection:

• Prospective single center study using Scalp EEG for 
ischemia detection 

• The diagnostic reference standard was DCI 
determined by blinded, adjudicated review.

• Primary outcome measures were sensitivity and 
specificity of cEEG for subsequent DCI

(Rosenthal, Biswal et al. 2018)



Ischemia detection:

▪ Decreasing RAV

▪ Decreasing alpha-delta ratio

▪ Worsening focal slowing 

▪ Late-appearing epileptiform abnormalities (from 
“occasional” LPDs (1– 9% of an epoch) to “frequent” (10–49% of an 
epoch)

(Rosenthal, Biswal et al. 2018)



(Rosenthal, Biswal et al. 2018)



Results:

(Rosenthal, Biswal et al. 2018)



Time to DCI Events from the cEEG Alarm: 

(Rosenthal, 

Biswal et 

al. 2018)



Results:

• In high-risk patients, the high prevalence of DCI 
(79% [61–92]) and high PPV of EEG alarms (94% 
[79–100]) & nearly all patients with alarms 
subsequently transition to DCI. 

• Conversely, for low-risk patients, the low DCI 
prevalence (37% [25–50]) and lower PPV (76% 
[58– 90]), some patients of low admission risk with 
EEG alarms never develop DCI

(Rosenthal, Biswal et al. 2018)



Results:

• Of 227 consecutive patients screened ( 2013 - 2015), 103 
met criteria (75.7% women; mean age 57.7 years) 

• Fifty-two [50.5%] developed DCI

• EEG predicts DCI with greater sensitivity and specificity than 
TCD criteria employing absolute velocities, which identify 
DCI with poor sensitivity, late detection and high false 
positive rates.

• The number needed to monitor to predict one additional 
case of DCI (NNM) ranged from 2.6 among patients with 
low admission risk, to 6.7 among those at high risk.

• The latency from an EEG alarm to DCI in true positive cases 
ranged from 30 minutes to 9.1 days (median 1.9 days [IQR 
0.9–4.1] and exceeded 12-hours in 82% of cases (n=41).

• EEG changes predicted DCI despite pathology that was 
often severe at admission (“floor effect”)



• EEG + TCD biomarkers combined provide the best prediction of DCI. 

• The conjunction of clinical variables with the timing of EAs and high 

MCA velocities improved model performance. 

• These results suggest that TCD and cEEG are promising 

complementary monitoring modalities for DCI prediction. 

• This model has potential to serve as a decision support tool in SAH 

management.



In this study, authors were able to train models approaching expert-

level performance across all pattern categories after obtaining ~7000 

expert labels. 



Future Directions:

• Issues with prior ischemia detection studies via EEG 
tools→ cumbersome

• Real time annotation to detect ischemia and 
gauge therapeutic response→ guide optimal 
perfusion and prevent SBI



Therapeutic Biomarker:



Encephalopathy Grading/ 
Disease progression





Day 2 EEG: right fronto-central LPDs 2 HZ with background suppression

Baten; Desai, 2019 



Day 3 MRI
Baten; Desai, 2019 



Day 4 EEG: Right frontal status / Patient still 

comatose



Day 10 EEG



Day 12 MRI



Day 14 EEG: Now new left frontotemporal LPD



Day 16 EEG



Day 16: Figure: Last MRI with left temporal lobe and insular involvement 





Future Direction:

• Real-time detection of disease progression

• CEEG utilized for brain telemetry 



DOC:

(Thibaut, Schiff et al. 2019)



(Edlow, Claassen et al. 2021)



(Comanducci, Boly et al. 2020)

(Forgacs, Conte et al. 2014)





• 3 different ML models internally cross-validated & tested using 
data from 271 sABI patients entering the intensive rehab with a 
DoC

• Estimation of the CRS-R total score at discharge via an Elastic Net 
regressor with three different input datasets (one based only on 
EEG, one based only on clinical evaluation, and one based on 
the union of the two, namely “hybrid”)

• The study evaluated classification accuracies of overcoming 
boundary values in the CRS-R at discharge→ indicating a 
significant change of consciousness state.



(Liuzzi, Grippo et al. 2022)



(Liuzzi, Grippo et al. 2022)





Results:

• Small & useful but improvements are added by the 
EEG dataset to the clinical model for what 
concerns overcoming an unresponsive 
wakefulness state. 

• Data-driven techniques and namely, machine 
learning models are hereby shown to be capable 
of supporting the complex decision-making 
process the practitioners must face

(Liuzzi, Grippo et al. 2022)



Biomarkers for Therapeutic 
response

• Biomarkers for cure

• Biomarkers for therapeutic response 



Summary:

• CEEG is an invaluable tool in ICU

• CEEG yields multi-dimensional biomarkers 

• AI can overcome or ameliorate limitations of 
CEEG applications in ICU

• Real-time analysis and interpretation of CEEG 
data is essential to influence clinical decision 
making and clinical outcomes

• ML models and AI integration into decision 
making process provides standardization and 
automation



Acknowledgements:

• Aaron Struck, MD

• Elizabeth Gerard, MD

• Joseph Picone, PhD



(Liuzzi, Grippo et al. 2022)


