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Abstract

The George B. Moody PhysioNet Challenge 2023 in-
vited teams to develop algorithmic approaches for predict-
ing the recovery of comatose patients after cardiac arrest.

A patient’s prognosis after the return of spontaneous cir-
culation informs treatment, including the continuation or
withdrawal of life support. Brain monitoring with an elec-
troencephalogram (EEG) can improve the objectivity of a
prognosis, but EEG interpretation requires clinical exper-
tise. The algorithmic analysis of EEGs can potentially im-
prove the accuracy and accessibility of prognoses, but ex-
isting work is limited by small and homogeneous datasets.

The PhysioNet Challenge 2023 contributed to address-
ing these problems. It introduced the International Car-
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diac Arrest REsearch consortium (I-CARE) dataset, which
is a large, multi-center collection of EEGs, other phys-
iological data, and clinical outcomes, with over 57,000
hours of data from 1,020 patients from seven hospitals. It
required teams to submit their complete training and infer-
ence code to improve the reproducibility and generalizabil-
ity of their research. A total of 111 teams participated in
the Challenge, contributing diverse approaches from aca-
demic, clinical, and industry participants worldwide.

1. Introduction

Survival rates for cardiac arrest are generally low. Brain
ischemia is common in individuals who survive initial re-
suscitation, and most survivors who are admitted to an in-



tensive care unit (ICU) are comatose [1]. During the first
few days following cardiac arrest, physicians are typically
asked for a patient’s prognosis. This prognosis influences
the patient’s subsequent care, with a good prognosis fre-
quently resulting in continued treatment and a poor prog-
nosis frequently leading to the withdrawal of treatment and
death. However, some patients also recover after poor
prognoses, leading to concerns that poor prognoses may,
in some cases, be self-fulfilling prophesies.

Electroencephalography can improve the objectivity of
prognoses after cardiac arrest. A number of brain activity
patterns in an electroencephalogram (EEG), including re-
duced voltage, burst suppression, seizures, and seizure-like
patterns, are associated with patient outcomes [2]. More-
over, the evolution of these patterns over time may provide
additional prognostic information [3—6]. However, the in-
terpretation of a continuous EEG is a laborious task that
requires neurological expertise, limiting the accessibility
of EEG-informed prognoses.

The automated analysis of EEG data has the potential
to improve the accuracy and accessibility of such prog-
noses, especially in environments with limited access to
expert neurologists. However, the small and homogeneous
datasets in most studies of algorithmic EEG interpretation
are unsuitable for the development of generalizable ma-
chine learning algorithms.

The George B. Moody PhysioNet Challenge 2023 (for-
merly the PhysioNet/Computing in Cardiology Challenge)
sought to address these issues by inviting teams to de-
velop automated approaches for coma prognostication af-
ter cardiac arrest on a large international database with
over 57,000 hours of EEG recording data from 1,020 pa-
tients from seven hospitals.

2. Methods
2.1.  Challenge Data

The 2023 Challenge used the International Cardiac Ar-
rest REsearch consortium (I-CARE) dataset [7]. I-CARE
compiled a large international dataset from comatose pa-
tients after cardiac arrest. This dataset includes 1,020 pa-
tients from 7 hospitals:

Rijnstate Hospital, Arnhem, The Netherlands

Medisch Spectrum Twente, Enschede, The Netherlands
Erasme Hospital, Brussels, Belgium

Massachusetts General Hospital, Boston, USA
Brigham and Women’s Hospital, Boston, USA

Beth Israel Deaconess Medical Center, Boston, USA
Yale New Haven Hospital, New Haven, USA

The data collection was approved by the institutional re-
view boards of the respective hospitals.

The I-CARE dataset includes EEG, electrocardiogram
(ECQG), electromyogram (EMG), and electrooculogram
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(EOG) recordings; basic demographic (age, sex, hospital)
and clinical information (time to return of spontaneous cir-
culation (ROSC), in-hospital or out-of-hospital cardiac ar-
rest, presence of a shockable rhythm, targeted temperature
management (TTM)); and patient outcomes (Cerebral Per-
formance Category (CPC) scores).

The CPC scores follow a five-point scale: (1) good re-
covery, (2) moderate disability, (3) severe disability, (4)
unresponsive wakefulness syndrome (previously known as
a persistent vegetative state), and (5) death [8]. CPC scores
of 1 and 2 are generally considered to be good or favorable
outcomes, and CPC scores of 3, 4, and 5 are poor or unfa-
vorable outcomes.

The data collection practices varied between hospitals
and between different patients from the same hospital.
However, all patients had recordings with the following 19
EEG channels: Fpl, Fp2, F7, F8, F3, F4, T3, T4, C3, C4,
TS, T6, P3, P4, O1, O2, Fz, Cz, and Pz. Nearly all patients
had basic demographic and clinical information.

The data provided to the Challenge participants were
unchanged from the data provided by the hospitals except
to encode the recording data as 16-bit signed integers for
Waveform Database (WFDB) format, to consistently name
equivalent channels from different hospitals, and to re-
move protected health information (PHI) by grouping ages
above 89 as a single age of “90”.

We included data for 60% of the patients in a public
training set and sequestered data for 10% of the patients
in a hidden validation set and data for the remaining 30%
of the patients in a hidden test set. The training set was
released at the beginning of the Challenge, and the vali-
dation and test sets were used to evaluate the Challenge
entries and were not released during the Challenge. The
split of the dataset into training, validation, and test sets
approximately preserved the univariate distributions of the
variables and labels. To better assess the generalizability of
the algorithms, we excluded data from one hospital from
the training and validation sets and only included data for
these patients in the test set.

2.2.  Challenge Objective

The goal of the 2023 Challenge was to use longitudinal
EEG recordings and other collected data to predict good
and poor patient outcomes for comatose patients after car-
diac arrest. We asked the Challenge participants to develop
open-source algorithms that use these data to provide the
probability of a poor outcome for these patients.

2.2.1. Challenge Timeline

This year’s Challenge was the 24" George B. Moody
PhysioNet Challenge [9]. As in previous years, the Chal-
lenge had an unofficial phase and an official phase. The



unofficial phase (February 10, 2023 to April 24, 2023) in-
troduced the teams to the Challenge. We publicly shared
the Challenge objective, training data, example algorithms,
and evaluation metric and invited the teams to submit their
code for evaluation, scoring at most five entries from each
team on the hidden validation set. Between the unoffi-
cial and official phases, we took a hiatus (April 25, 2023
to June 8, 2023) to improve the Challenge. The official
phase (June 9, 2023 to August 31, 2023) continued the
Challenge. We updated the Challenge data, example al-
gorithms, and evaluation metric and again invited teams to
submit their code for evaluation, scoring at most ten entries
from each team on the hidden validation set. Notably, we
released a smaller version of the data (40.3 GB) with fewer
channels and truncated recording for the unofficial phase,
and we released a larger version of the data (2.63 TB) with
more channels and full recordings for the official phase.
After the end of the official phase, each team chose a
single entry from their team for us to evaluate on the test
set. The winners of the Challenge were the teams with
the best scores on the test set. We announced the results
at the end of the Computing in Cardiology (CinC) 2023
conference, where the teams presented, defended, and pub-
lished their work. Only teams that presented and published
their work at the conference were eligible for rankings and
prizes. We will publicly release the algorithms after the
end of the Challenge and the publication of these papers.

2.2.2. Challenge Evaluation

The evaluation metric for the 2023 Challenge measured
the rate at which teams made poor prognoses for patients
with poor outcomes at a low rate of incorrectly making
poor prognoses for patients with good outcomes.

For each patient, we asked teams to provide a probabil-
ity of a poor outcome. We defined a positive case as a poor
outcome, i.e., a CPC score of 3, 4, or 5, and a negative
case as a good outcome, i.e., a CPC score of 1 or 2. The
choice of a decision threshold § determines the numbers of
true positive, false positive, false negative, and true nega-
tive cases, i.e., TPy, FPg, FNy, TNy, respectively. Let

FPRy = _ PPy (1
FPy + TNy

be the false positive rate (FPR) for an algorithm at a de-
cision threshold of 6, i.e., the fraction of patients with
good outcomes but poor algorithmic prognoses at a de-
cision threshold of #. For hospital h, let 6, be the
largest value of 6 such that FPRy < a = 0.05. We
define the total numbers of true positive, false positive,
false negative, and true negative cases, respectively, across
all hospitals as TP, = ), TPy_,, FP, = >, FPy_,,
FN, = >, FNg,_ ,,and TN, = ), TNy_ ,, respectively,

at a FPR of a < 0.05 for each hospital. The Challenge
score is the true positive rate (TPR)

TP,

TPR, = — % |
FP, + FN,

2)
across all hospitals at FPR of a@ < 0.05 at each hospital.
The team with the highest value of the Challenge score at
72 hours after ROSC won the Challenge.

We strictly limited the FPRs based on clinical needs.
While both false positive and false negative predictions are
problematic, the withdrawal of life support from patients
who could recover with continued treatment is much more
serious than prolonging care for patients who ultimately
do not recover. Therefore, professional societies generally
recommend that prognostic tests operate with FPRs of less
than or equal to 5% [10, 11].

We focused on the predictions at 72 hours after ROSC to
allow teams to observe trends in the recordings over time
but to require them to offer prognoses within clinically rel-
evant time frames. The algorithms to make predictions at
12, 24, 48, and 72 hours after ROSC, but we only used the
scores at 72 hours after ROSC to determine the winners.

3. Challenge Results

A total of 111 teams submitted 982 algorithms during
the Challenge, including 107 teams with 179 successful
entries and 194 unsuccessful entries during the unofficial
phase and 76 teams with 269 successful entries and 313 un-
successful entries during the official phase. After the end
of the official phase, we attempted to score one entry from
each team on the hidden test set. A total of 58 teams had
a successful entry on the test set, and 36 teams had a suc-
cessful entry and met the other Challenge criteria. Table
1 summarizes the highest-ranked teams. Team summaries,
additional scores, and the full Challenge criteria for rank-
ings are available on [12].

Rank | Team name Training | Validation | Test set
set score set score score

1 | AIRhythm 0.992 0.657 0.792
ComaToss 1.000 0.612 0.787

3 | TUD_EEG 0.958 0.687 0.718

Table 1: The three teams with the highest Challenge score
(2) on the test set; higher scores are better, and only ranked
teams are shown.

4. Discussion

The large size of the Challenge data limited the num-
ber of successful participants and the types of successful
approaches. Clinically-informed feature engineering and
other data reduction and summarization techniques were



important for completing training and inference on these
data within the computational resource constraints.

The algorithms had lower performance on the hidden
validation and test sets than on the publicly available train-
ing set. These performance changes reflect the difficulty
of generalizing to unseen data. The similar performance
on the validation and test sets suggests that the algorithms
generalized well to data from a hospital that was only rep-
resented in the test set and may generalize well to new data.

5. Conclusions

This year’s Challenge explored the potential for algo-
rithmic prognostication of neurological recovery for co-
matose patients following cardiac arrest. We asked the
Challenge participants to design working, open-source al-
gorithms for the predicting the risk of poor outcomes from
EEG and other data. The development of such prognostic
algorithms has the potential to improve clinical decision
support in the critical hours after cardiac arrest.
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