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Objectives: Electroencephalogram features predict neurologic re-
covery following cardiac arrest. Recent work has shown that prog-
nostic implications of some key electroencephalogram features
change over time. We explore whether time dependence exists for
an expanded selection of quantitative electroencephalogram fea-
tures and whether accounting for this time dependence enables
better prognostic predictions.

Design: Retrospective.

Setting: ICUs at four academic medical centers in the United
States.
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Patients: Comatose patients with acute hypoxic-ischemic en-
cephalopathy.

Interventions: None.

Measurements and Main Results: \We analyzed 12,397 hours of
electroencephalogram from 438 subjects. From the electroenceph-
alogram, we extracted 52 features that quantify signal complexity,
category, and connectivity. We modeled associations between
dichotomized neurologic outcome (good vs poor) and quantitative
electroencephalogram features in 12-hour intervals using sequen-
tial logistic regression with Elastic Net regularization. We compared
a predictive model using time-varying features to a model using
time-invariant features and to models based on two prior published
approaches. Models were evaluated for their ability to predict binary
outcomes using area under the receiver operator curve, model cal-
ibration (how closely the predicted probability of good outcomes
matches the observed proportion of good outcomes), and sensitivity
at several common specificity thresholds of interest. A model using
time-dependent features outperformed (area under the receiver op-
erator curve, 0.83%0.08) one trained with time-invariant features
(0.79£0.07; p < 0.05) and a random forest approach (0.7410.13;
p < 0.05). The time-sensitive model was also the best-calibrated.
Conclusions: The statistical association between quantitative
electroencephalogram features and neurologic outcome changed
over time, and accounting for these changes improved prognosti-
cation performance. (Crit Care Med 2019; 47:1416-1423)

Key Words: cardiac arrest; electroencephalogram; hypoxic-
ischemic encephalopathy; machine learning; quantitative
electroencephalogram

ver 500,000 cardiac arrests occur every year in the
O United States (1). Most patients sustain severe brain in-

jury resulting in coma (2). Despite recommendations
to postpone prognostication at least 72 hours postarrest, the
most common proximal cause of mortality is early withdrawal
of life-sustaining therapies (3, 4). There is a need for accurate
methods to assign probability of good and poor neurologic
outcomes early after cardiac arrest, to reduce subjectivity, and
to avoid poor outcomes as a result of self-fulfilling prophecies.

Specific electroencephalogram patterns are associated with
eventual recovery from coma due to hypoxic-ischemic encepha-
lopathy (HIE) after cardiac arrest (5, 6). However, existing elec-
troencephalogram review practices rely on visual analysis, which
does not translate into reproducible quantitative predictions of
neurologic outcome (7-15). Several studies have shown that
quantitative electroencephalogram (QEEG) features may carry
prognostic information that is useful in outcome prediction on
HIE (6, 13, 16-25). More recent models have achieved prom-
ising results by combining many QEEG features (26) and lever-
aging local temporal trends of multiple QEEG features (5).

In this study, we hypothesize that a machine-learning method
can predict long-term neurologic outcome in HIE by inte-
grating clinical data to existing and novel QEEG features. Our
work goes beyond prior results by using a more comprehensive
set of QEEG features and more completely leveraging temporal
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trends, and by rigorously characterizing statistical performance
of the model.

MATERIAL AND METHODS

Subjects and Clinical Management

Adult subjects diagnosed with in- or out-of-hospital cardiac
arrest from October 2009 to April 2016 in four university-affili-
ated hospitals in the United States (Massachusetts General Hos-
pital; Brigham and Women’s Hospital; Yale New Haven Hospital;
and Beth Israel Deaconess Medical Center) were retrospectively
reviewed. Subjects who were comatose after return of sponta-
neous circulation (ROSC) underwent continuous electroen-
cephalogram monitoring and received targeted temperature
management (TTM) with goal temperature of 32-34°C were
screened (TTM 36°C was not used at the time of data abstrac-
tion). Retrospective data collection and analysis was performed
under independent Institutional Review Board approvals at par-
ticipating hospitals and informed consent was waived.

Data Collection and Functional Outcome Assessment
Clinical and outcome information were collected retrospec-
tively. Subjects were stratified by age, gender, time to ROSC,
and initial cardiac rhythm, dichotomized as shockable (ven-
tricular fibrillation or ventricular tachycardia) or nonshock-
able (asystole, pulseless electrical activity, and unknown).

The primary outcome was defined as the “best” neurologic
function achieved up to 6 months after initial cardiac arrest,
according to the Glasgow-Pittsburgh Cerebral Performance
Categories (CPCs) scale, ascertained by medical record review
(M.M.G,,E.A.,,J.W.L,S.T.H,,A.S., M.B.W.). “Good” outcome was
defined as a CPC score of 1 or 2 and “poor” functional outcome
asa CPC of 3-5 (27). All patients had CPCs assessed at discharge.
Patients with CPC 3 and 4 were further assessed by chart review
to determine whether they achieved a better CPC (1 or 2) in the
following 6 months. CPC was chosen both because it is widely
used in neurologic outcomes studies and is simple enough to be
easily ascertained via chart review. Prior studies have shown that
CPC can be extracted reliably via chart review (28). Reliability is
further enhanced in our study by the lumping together of CPC
scores into dichotomous “good” and “poor” outcomes.

Electroencephalogram Data Acquisition

Continuous electroencephalogram monitoring was started at
each institution as early as possible during TTM and main-
tained for 24-72 hours, unless the subject regained conscious-
ness, had life-sustaining therapies withdrawn, or died. Digital
electroencephalogram was recorded using the international
10-20 system. Electroencephalogram was analyzed up to 72
hours of monitoring. Electroencephalogram preprocessing and
artifact detection were performed before feature acquisition
(Supplementary materials, Supplemental Digital Content 12,
http://links.Iww.com/CCM/E728).

To aid in reproducibility of this study, we have made our
feature extraction code public: https://github.com/deskool/
ComaPrognosticanUsingEEG.
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QEEG Features Extraction
We extracted 52 QEEG features: 45 single channel and seven
multichannel (Table s1, Supplemental Digital Content 1, http://
links.lww.com/CCM/E665) (26, 29-39). Single-channel fea-
tures were computed on the following frontotemporal elec-
trodes: Fpl, Fp2, F3, F4, F7, F8, and Fz. Multichannel features
were computed on the 21 unique pairs of the selected fronto-
temporal electrodes. To reduce feature dimensionality, the mean
value of the extracted features across all channels was used. All
electroencephalogram features were z scored (i.e., scaled to zero
mean and unit variance). A more detailed description of the
QEEG features extracted, corresponding equations, and QEEG
processing pipeline is available in Table s1 (Supplemental Dig-
ital Content 1, http://links.Iww.com/CCM/E665).

The 52 QEEG features fell into three electroencephalogram
signal property domains: a) complexity features (21 total) quan-
tify the degree of randomness

interval) were excluded for the model trained “within” that in-
terval. Therefore, each model was trained to predict 6-month
neurologic outcome for subjects still monitored to the end of
a given interval. Each model in the sequence included feature
information from the current time interval, and feature infor-
mation from preceding time intervals (e.g., the model at 36 hr
contains feature information from hours 1-12, 13-24, and
25-36). This approach allowed models later in the sequence to
consider both past and present feature information when mak-
ing predictions. The number of subjects available for modeling
purposes in each of the 12-hour time intervals, and their out-
comes, are displayed in Table 1. In Figure 1, we graphically
illustrate our approach. Features are selected using an Elastic
Net model (see supplementary materials, Supplemental
Digital Content 12, http://links.Iww.com/CCM/E728) (40).

or irregularity in the electro-
encephalogram signal (29, 30,
35-39); b) category features
(24 total) quantify the degree
to which brain states fall into
certain key electroencephalo-

Extract features
From training set

Time (Hours)

1-12 Hrs 13-24 Hrs  25-36 Hrs

gram patterns likely to carry features

prognostic significance (26);

and c¢) connectivity features 2 i _—

(seven total) quantify inter- train ' &
actions across electrodes (26, ) { & features :
31-34). All analyses were per- :.l l " s
formed using MATLAB 2016a

M ks, ick, MA).

(MathWorks, Natic ) 90% ¢ ¢

Statistical Analysis . : :
Univariate Analysis. We began . EISSE(IC EI:}S:IC EINaS';IC
our study exploring Spear- Identify features g = 9

man correlations between our
56 features (52 QEEG and

predictive within
time interval

four clinical) and CPC scores
at consecutive 12-hour time
blocks, up to 72 hours.
Sequential Logistic Regres-
sion With Elastic Net Reg-
ularization. The prognostic
importance of electroenceph-
alogram features changes over
time (5, 26). We accounted for
this evolution in the feature-
outcome relationship by train-
ing a contiguous sequence of
logistic regression models, one
for every 12 hours of electro-

Train GLM using
selected features

Test models on
held out data

test

10%

encephalogram. All subjects
with  electroencephalogram
discontinued “before” the end
of a given time interval (e.g.,
before 48 hr in the 36- to 48-hr
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Figure 1. Modeling approach. An overview of our modeling approach. Features (depicted as colored
rectangles) are extracted from contiguous temporal partitions of our training data. All features within and
preceding a given temporal partition are provided to an Elastic Net regularized logistic regression model, which
identifies the subset of features within the temporal partition most predictive of patient outcome. The selected
features and training data are then used to generate a final general linear model (GLM)—the performance of
which is evaluated on a held-out test set (green box).
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TABLE 1. Collected Clinical Information on Patients, Partitioned by Cerebral Performance

Category Outcome

Variable CPC1 (n=111)

CPC2 (n=23)

CPC 3 (n=9) CPC4 (n=14)

CPC 5 (n =281),

Age, yr (mean) 53 (16) 60 (14) 68 (13) 58 (20) 62 (17)
Male gender, % b9 70 30 36 67
Return of spontaneous circulation, 20 (19) 14 (12) 13 (10) 13 (8) 28 (61)
min, (mean, sb)
Rhythm at arrest, %
Asystole 5 13 10 7 18
Pulseless electrical activity 27 26 50 36 34
VFib 41 17 10 21 14
VT 7 4 0 7 3
Other (non-VFib or VT), % 20 40 30 29 31
Cause of arrest, %
Cardiac 23 4 10 29 18
Pulmonary 5 13 10 7 12
Other/unknown 72 83 80 64 70
Arrest location, %
In-hospital 18 30 50 0 10
Out-of-hospital 35 17 0 43 40
Unknown 47 53 50 57 50

CPC = Cerebral Performance Category, VFib = ventricular fibrillation, VT = ventricular tachycardia.

Henceforth, we refer to the Elastic Net regularized sequential
logistic regression model as the time-sensitive model.

Baseline Models. We compared the time-sensitive model
to four baseline approaches: 1) a clinical baseline: a logistic
regression using age, gender, ROSC, and initial rhythm; 2)
a time-insensitive model: a logistic regression model using
features selected by Elastic Net across all time intervals, but
retrained within each time interval; 3) the 2013 Cerebral Re-
covery Index (CRI): a heuristic approach using /0 band
power, sb, coherence in § band, Shannon entropy, and reg-
ularity; and 4) a random Forest classifier with features and
settings inspired by the 2017 CRI and the CRI methods were
selected as literature baselines given their impressive reported
performance. The 2017 CRI used the five features from the
2013 study, in addition to four features that characterized
burst-suppression activity. The authors reported these addi-
tional features provided modest improvements in model per-
formance compared with a random forest classifier using the
original five features. For this reason, we used the five CRI fea-
tures from the 2013 model when implementing the random
forest classifier.

Performance Characterization Metrics. We evaluated
model performance using electroencephalogram data for each
consecutive 12-hour interval, up to 72 hours. Performance met-
rics included area under the receiver operating curve (AUC),

Critical Care Medicine

used to evaluate the model’s ability to make binary predictions,
and the sensitivity and specificity for specific operating points
on the receiver operating curve; and statistical calibration,
which measures how well the observed proportions of good
outcomes match predicted probabilities. Calibration is partic-
ularly important for our model when used as a risk score.

Model Validation Approach. All models were validated
using 10-fold cross-validation. That is, we partitioned avail-
able data into 10-folds. In each fold, 90% of the data were used
to identify model parameters and the remaining 10% were
used to evaluate model performance on subjects never seen in
the corresponding training sets. Subjects within each testing
fold were unique. We used the average performance of models
across the unseen testing sets in the 10-folds when comparing
performance. Feature selection was performed using an Elastic
Net with 10 inner validation folds (supplementary materials,
Supplemental Digital Content 12, http://links.lww.com/CCM/
E728).

RESULTS

Data Characteristics

We identified 536 subjects across the four contributing hospi-
tals. Of these, 76 subjects were excluded from final analysis due
to missing admission clinical information and 22 were excluded
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outcomes could not be deter-
mined by chart review. For
these, the discharge CPC score
was carried forward and taken
as the final outcome. In Table
1, Table sl (Supplemental
Digital Content 1, http://links.
Iww.com/CCM/E665), and
Table s2 (Supplemental Digital
Content 2, http://links.Iww.
com/CCM/E666), we summa-
rize subject characteristics.

GLM: Time-insensitive

J GLM: Clinical Features

| CRI (Original)

Univariate Analysis

Table s3 (Supplemental Dig-
ital Content 3, http://links.
lww.com/CCM/E667) displays
univariate Spearman correla-
tions between features, and

Random Forest

24-36  36-48 = 48-60

Time (Hours)

1-12  12-24

60-72

the CPC scores in contiguous
12-hour intervals. Several
QEEG features were predic-

Figure 2. Model performance comparison as a function of time. A comparison of our time-sensitive (green)
model's 10-fold area under the receiver operator curve (AUROC) performance on the held-out testing sets
over time and four baseline approaches: time-insensitive (red), the 2013 Cerebral Recovery Index (CRI) (blue),
random forest model inspired by the 2017 CRI (purple), and a model using four clinical features (age, gender,
return of spontaneous circulation, and arrest rhythm) (gray). GLM = general linear model.

due to insufficient electroencephalogram recording quality or
missing outcome assessments. The 438 remaining subjects had
12,397 hours of electroencephalogram data available.

By hospital discharge, 120 subjects had CPC of 1 and 2 and
281 subjects had a CPC of 5 (401/438, 91.6% of subjects). The
remaining 8.4% (37/438) had a CPC of 3 or 4 at discharge.
Among these, 14 ultimately improved to a CPC score of 1 or
2 by 6 months, five remained with CPC of 3 and 4, and 10
died. For the remaining eight cases (1.8% of 438), 6-month

tive exclusively in specific time
windows (time sensitive) with
correlation weights varying
over time. Figure sl (Sup-
plemental Digital Content 4,
http://links.lww.com/CCM/E668; legend, Supplemental Dig-
ital Content 12, http://links.Iww.com/CCM/E676) illustrates
three examples of features whose relationship with the most
probable outcome changes over time, and three features whose
prognostic value over time is stable.

Performance Characterization
We evaluate the ability of the models in two ways: first, to
make accurate binary predictions (good vs poor outcome) and
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Figure 3. Sensitivity and specificity of the time-sensitive model at different sensitivity and specificity thresholds. A, The mean sensitivity (and sg) of the
proposed approach at a variety of sensitivity thresholds of interest. B, The mean specificity (and se) of the proposed approach at a variety of specificity

thresholds of interest.
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in prediction performance was
At B :\ statistically significant accord-
E i) CRI (Original) 5] Random Forest 1-24 hours ing to a two—sample t test (P
g 80+ 80 1] z:z:z:z < 0.05). In Figure 3, we re-
£ 704 704 port the overall sensitivity and
E 601 60 specificity of the time-sensi-
5 50+ 50 4 tive model over time. Tables
% 40+ 404 s5  (Supplemental  Digital
£ 30 20 Content 7, http://links.lww.
i:: 204 2 com/CCM/E671) and Tables
g L I . i s6  (Supplemental  Digital
D T10720 *30 740 750 760 170 T80 790 M0 > =5 70720 T30 740 T50 160 170 Y80 "80 oo > Content 8, http://links.lww.
C . D, com/CCM/E672) contain sen-
s e i sitivity and specificity data for
E 90 J 90 4 time-sensitive and time-insen-
£ 804 80 sitive models.
g 704 70
7 604 60+ Final Model Using All Data
5 504 04 Table s7 (Supplemental Dig-
£ 41 il ital Content 9, http://links.lww.
ig zz' Zz com/CCM/E673) shows coef-
a 7 ) ficients for features selected
-l il R o R by the time-sensitive model
= 0 T10720 130740 T50 760 70 180 790 100 0 710720 30740 50760 170 T80 790 1100 trained using all available data.
Predicted Probability of Positive Outcome Predicted Probability of Positive Outcome The association of QEEG fea-

Figure 4. Model calibration performance comparison for each 24-hr block. A comparison of our model's
calibration approach to three baseline approaches over 3 d postcardiac arrest. Ideal calibration is achieved when
color bars perfectly overlap the gray shading in the background of each image. The calibration of a particular
prediction level is shown as a bar. The shading of the bar reflects time (lighter is earlier and darker is later). A,
The calibration of the 2013 Coma Recovery Index (CRI). B, The calibration of the random forest model based
on the 2017 CRI. C, The calibration of a time-insensitive logistic regression model. D, The time-sensitive logistic

regression model. GLM = general linear model.

second, to function as a risk scoring system by predicting the
probability of a good (or, complementarily, a bad) outcome.

In Figure 2, we compare the performance (i.e. AUC) of the
time-sensitive model to other baseline approaches predicting
binary outcomes. Note that, the model for each time point is
trained only electroencephalogram data from subjects who sur-
vived and remained on electroencephalogram up to that time;
model predictions likewise pertain only to those who remain
on monitoring. Here, the time-sensitive approach performed
best, exhibiting consistent improvements in performance (p <
0.04, according to two-sample ¢ test) with increased observa-
tion time (from AUC of 0.71+0.05 at 12hr to 0.79+0.08 at
72hr). The leave-one-institution-out cross-validation results
are available in Figure s2 (Supplemental Digital Content
5, http://links.lww.com/CCM/E669; legend, Supplemental
Digital Content 12, http://links.lww.com/CCM/E676).

With regard to overall area under the receiver operating
curve, AUC, (Fig. 2; and Table s4, Supplemental Digital
Content 6, http://links.lww.com/CCM/E670), the time-sensi-
tive model accurately predicted 6-month functional outcome
(AUC,, 0.83+0.08 across the 10 testing folds) compared with
the time-insensitive model (AUC, 0.79+0.07), random for-
est (AUC,, 0.74%0.13), original CRI (AUC, 0.69+0.07), and
clinical baseline model (AUC, 0.68 +0.05). The improvement

Critical Care Medicine

tures with functional outcome
varied across time. Not all types
of electroencephalogram com-
plexity positively correlated
with outcomes. Fractal dimen-
sion and false nearest neighbor
were associated with poor out-
comes, whereas entropy and cepstrum coefficients were associ-
ated with good outcomes. As expected, the association between
outcome and electroencephalogram category depended on the
particular category: epileptiform activity was associated with
poor outcomes, whereas regularity (a measure of continuity)
was associated with good outcomes. Increased connectivity be-
tween channels was consistently associated with poor outcomes.

Certain features were more predictive early on (Tsallis entropy,
autoregressive-moving average, and coherence in the 8 band),
whereas other features were more predictive later (number of
sharp waves, fractal dimension, and cross-correlation magnitude).

DISCUSSION

The technical contribution of this study lies in the methodo-
logic approach we developed. Our modeling framework reflects
the decision process of care providers, considering information
across multiple points in time when predicting outcomes. We
showed that the QEEG model which retains “memories” of
previously encountered features outperformed state-of-the-art
approaches which used only present features. The time-sensi-
tive model had the best classification (overall AUC , 0.83 +0.08)
and statistical calibration of all tested approaches (Fig. 4; and
Table s5, Supplemental Digital Content 7, http://links.Iww.com/
CCM/E671). These test characteristics show that our model
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makes well-calibrated predictions. That is, the observed pro-
portions of good outcomes match the predicted probabilities
of good outcomes quite well. The superior calibration of our
time-sensitive model provides strong motivation for its use as
a risk score. In Figure s3 (Supplemental Digital Content 10,
http://links.Iww.com/CCM/E674; legend, Supplemental Dig-
ital Content 12, http://links.lww.com/CCM/E676), we illustrate
how outcome probabilities of the model could be used to score
patient risk in a continuously updated fashion. An important
strength of this study was its multicenter nature, incorporating
data from four institutions and more than 400 subjects.

Several features selected by our final model reflect prior
findings in the literature. We found that information-theoretic
measures of electroencephalogram complexity and regularity
were predictive of good functional outcomes, whereas features
measuring epileptiform discharges were associated with poor
outcomes (5,17, 19,22, 26, 41, 42). Two electroencephalogram
complexity features (cepstrum and Tsallis entropy) and elec-
troencephalogram regularity contributed to predictions in the
first 24 hours of monitoring. These findings substantiate prior
reports that specific electroencephalogram signatures observed
during the first 24 hours after cardiac arrest have strong pre-
dictive value despite hypothermia and sedative use (15). Other
QEEG features available to our model, but not selected, have
been previously reported as useful in HIE prognostication.
These include measures of spectral content and burst sup-
pression (5, 13, 16-18, 20, 22-26, 41). This apparent difference
from previous literature is likely due to our feature selection
method, which when faced with multiple informative but cor-
related features chooses among them. Thus, features that have
significant predictive value individually are not necessarily
retained in the final multivariate prognostication model.

Our model demonstrates that electroencephalogram
provides valuable prognostic information early after cardiac
arrest, and that temporal trends can be used to further im-
prove predictions. The time-sensitive model performance
continued to improve as more data became available, high-
lighting the incremental prognostic value of continuous
electroencephalogram beyond 24 hours (5, 15, 18, 19).

In our analysis, the time-sensitive method outperformed a
random forest classifier and the original CRI model using five
QEEG features (5, 26). We note that the performance of our
random forest implementation was inferior to that reported by
Tjepkema-Cloostermans et al (5) (AUC,0.90 at 24 hr). The discrep-
ancy may result from: 1) the heterogeneity of our data, which came
from four different centers compared with the authors’ two-center
study; 2) our decision to align data with respect to the start of elec-
troencephalogram recording rather than the time of cardiac arrest;
and 3) use of more extensive validation (10-fold vs one-fold).

This study has several limitations. We have attempted to
address each of them at least in part, but further work remains.

1) Our method focused on electroencephalogram and initial
clinical features. A multimodal prognostication strategy in-
tegrating data from serial neurologic examinations, notably
the pupillary reflex and Glasgow Coma Score, somatosen-
sory-evoked potentials, neuroimaging, serum biomarkers,
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and visual electroencephalogram review could likely pro-
vide more-accurate prognostic predictions. Future studies
need to investigate whether QEEG analysis improves on
current multimodal prognostication methods.

2) Outcome data beyond hospital discharge was missing for some
subjects with CPC 3 or 4 at discharge; however, this problem was
limited to 1.8% (eight of 438) of subjects. A sensitivity analysis
excluding these cases showed no significant change in prediction
performance; therefore, we do not believe that loss to follow-up
in this small subpopulation significantly affected our results.

3) The duration of electroencephalogram monitoring was not
uniform across all subjects. This is typical of retrospective
studies in this population and is reflected in the decline in
prediction calibration after 48 hours. For pragmatic reasons
(to facilitate training machine-learning models), we aligned
electroencephalogram data based on time of initiation of
electroencephalogram rather than time of ROSC. This ca-
veat may decrease the interpretability of our findings re-
garding how QEEG features change across time from initial
injury. However, this data alignment facilitated deployment
of a sequential model that requires feeding features forward
from one time interval to another, which would be compro-
mised if large sections of data from the first 12 hours were
unavailable. A visual representation of the time to ROSC
compared with the time of electroencephalogram initiation
is shown in Figure s4 (Supplemental Digital Content 11,
http://links.Iww.com/CCM/E675; and legend, Supplemental
Digital Content 12, http://links.Iww.com/CCM/E676).

4) Healthcare providers participating in decision-making re-
garding life support were not blinded to electroencephalo-
gram results; therefore, we cannot exclude that self-fulfilling
prophecies affected the outcomes observed and which fea-
tures were most predictive in our QEEG model.

5) Some drugs administered to cardiac arrest patients are
known to modulate the electroencephalogram (e.g., propo-
fol, midazolam). Limited data are available on the specific
effects of sedatives on QEEG trends in the cardiac arrest
population, and unfortunately hourly sedation information
for each patient is not available for the cohort in our study.
If we had been able to account for effects of sedatives in
training the model, this might have further improved pre-
diction performance. Future studies should analyze and in-
corporate specific effects of sedation in QEEG trends.

6) The performance of our time-sensitive model is modest
(AUGC,0.83),and our current modeling approach is not ready
for deployment at the bedside. A model that can integrate
initial clinical information and continuous electroencepha-
logram to other data streams such as serial clinical examina-
tions, brain imaging tests, sedation, serum biomarkers, and
somatosensory-evoked potentials has the potential to im-
prove prediction performance beyond our current method.

CONCLUSIONS

We used a large, multicenter cohort with HIE to train a se-
quential prognostication model for good and poor functional
outcomes. The QEEG model we developed is time-sensitive,
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selecting specific feature values at specific points in time that
are most predictive of outcome. The time-sensitive model had
better classification and statistical calibration compared with
several state-of-the-art baseline approaches. These results
demonstrate that the statistical association between quantita-
tive electroencephalogram features and neurologic outcome
in HIE changes over time, and accounting for these changes
improves performance of predictive models.
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