UC Riverside
UC Riverside Previously Published Works

Title
Machine learning model to predict evolution of pulseless electrical activity during in-
hospital cardiac arrest.

Permalink
https://escholarship.org/uc/item/0mt924m9

Authors
Urteaga, Jon
Elola, Andoni
Norvik, Anders

Publication Date
2024-03-01

DOI
10.1016/j.resplu.2024.100598

Copyright Information
This work is made available under the terms of a Creative Commons Attribution-
NonCommercial License, available at bttgs://creativecommons.orq/licenses/bv-nc/4.0/{

Peer reviewed

eScholarship.org Powered by the California Diqgital Library

University of California


https://escholarship.org/uc/item/0mt924m9
https://escholarship.org/uc/item/0mt924m9#author
https://creativecommons.org/licenses/by-nc/4.0/
https://escholarship.org
http://www.cdlib.org/

RESUSCITATION PLUS 17 (2024) 100598

Available online at www.sciencedirect.com

Resuscitation Plus

Ll
°
journal homepage: www.elsevier.com/locate/resuscitation-plus

RESUSCITATION

Clinical paper

Machine learning model to predict evolution of )

Check for

pulseless electrical activity during in-hospital
cardiac arrest

Jon Urteaga?®, Andoni Elola®, Anders Norvik°®, Eirik Unneland®, Trygve C. Eftestol°,
Abhishek Bhardwaj®, David Buckler’, Benjamin S. Abella®, Eirik Skogvoll°,
Elisabete Aramendi®"™*

Abstract

Background: During pulseless electrical activity (PEA) the cardiac mechanical and electrical functions are dissociated, a phenomenon occurring in
25-42% of in-hospital cardiac arrest (IHCA) cases. Accurate evaluation of the likelihood of a PEA patient transitioning to return of spontaneous cir-
culation (ROSC) may be vital for the successful resuscitation.

The aim: We sought to develop a model to automatically discriminate between PEA rhythms with favorable and unfavorable evolution to ROSC.
Methods: A dataset of 190 patients, 120 with ROSC, were acquired with defibrillators from different vendors in three hospitals. The ECG and the
transthoracic impedance (TTI) signal were processed to compute 16 waveform features. Logistic regression models where designed integrating both
automated features and characteristics annotated in the QRS to identify PEAs with better prognosis leading to ROSC. Cross validation techniques
were applied, both patient-specific and stratified, to evaluate the performance of the algorithm.

Results: The best model consisted in a three feature algorithm that exhibited median (interquartile range) Area Under the Curve/Balanced
accuracy/Sensitivity/Specificity of 80.3(9.9)/75.6(8.0)/ 77.4(15.2)/72.3(16.4) %, respectively.

Conclusions: Information hidden in the waveforms of the ECG and TTI signals, along with QRS complex features, can predict the progression of
PEA. Automated methods as the one proposed in this study, could contribute to assist in the targeted treatment of PEA in IHCA.

Keywords: Pulseless electrical activity (PEA), Machine Learning models, Cardiopulmonary resuscitation (CPR), Evolution prediction

In the context of cardiopulmonary resuscitation (CPR), biosignals

Introduction as electrocardiogram (ECG) and thoracic impedance (TTI) provide

valuable information that can assist identifying the prognosis of
The cardiac electrical activity with no effective mechanical contrac- PEA and guide the appropriate treatment towards the return of spon-
tions (PEA) is a rhythm frequently present in cardiac arrest, with taneous circulation (ROSC).®° Knowledge of the prognosis of PEA
recorded prevalence of 20-30% in out-of-hospital (OHCA) and up  can help clinicians make informed decisions about the appropriate
to 40-60% in in-hospital cardiac arrest (IHCA)."~* In recent decades,  reatment and management of patients, '*'" discriminating favorable
PEA prevalence in IHCA increased from 36% in 2000 to 46% in  from unfavorable PEA. Pseudo-PEA rhythms show small mechanical

4 I . .

2009, and similar increasing trends were observed in out-of- activity, albeit insufficient for a palpable pulse, in contrast to

hospital studies.>”
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true-PEA with no mechanical cardiac activity.®'>"® The two types of
PEA have different prognosis and treatment,’®"'® and their distinc-
tion is of great clinical interest to predict the hemodynamical evolu-
tion of PEA and their outcome.

Both heart rate (HR) and QRS complex duration are biomarkers
that are readily accessible during both the initial and subsequent
rhythm assessments. Recent studies have indicated their relation
with the outcome and suggest that HR increase and QRS duration
decrease indicate a higher probability of ROSC."'%""~'° More sophis-
ticated features of the ECG and the TTI computed in the frequency
domain, as AMSA and the cross-power between ECG and TTI sig-
nals, have also shown the potential to predict ROSC.° Their combi-
nations in machine learning (ML) models have been proposed to
predict the immediate rhythm transition during cardiac arrest,?® to
classify different types of rhythm,?" and to distinguish between favor-
able (faPEA) and unfavorable (unPEA) PEA, the former denoting
instances of PEA evolving into sustained ROSC (minimum
20 min), while the latter pertaining to PEA cases wherein pulse is
not regained.®??

In this study multivariable machine learning models have been
proposed to discriminate PEAs with favorable prognosis in IHCA.
Features based on different signals and QRS complexes have been
included in an automated model, in addition to a new version of the
Amplitude Spectrum Area. The potential of the ECG and TTI fea-
tures, hidden in the biosignal waveforms, were analyzed and com-
bined in a sophisticated regression based classifier. Retrospective
analysis of IHCA episodes permitted the evaluation of the accuracy
of the models.

Materials and methods

Data materials

The data used in this study was a subset of a larger database con-
taining IHCA episodes from different hospitals. The subset com-
prised of 197 episodes recorded by emergency services: 83
episodes from St. Olav University Hospital (Trondheim,Norway), 90
episodes from the Hospital of the University of Pennsylvania (USA)
and 24 episodes from Penn Presbyterian Medical Center (USA).
The episodes from Norway, captured between 2018 and 2021, were
recorded using Lifepak- 20 defibrillators (Stryker, Redmond, USA),
whereas the episodes from Pennsylvania, captured between 2008
and 2010, were recorded using HeartStart MRx-defibrillators (Philips
Medical Systems, Andover, Massachusetts, USA). Out of 197 epi-
sodes, 190 came from different patients, and a summary of the
patient cohort’s characteristics is presented in Table 1.

The median (Interquartile range, IQR) duration of the episodes
was 17.1 (9.1-32.2) min from the start of the episode to the
ROSC/end-of-CPR, and in 120 episodes sustained ROSC was
achieved, 8.2(5.3—19.9) min after switching on the defibrillator. Sus-
tained ROSC was defined as a pulsed rhythm with no chest com-
pressions at least during 20 min.”

Expert clinicians reviewed and manually annotated all episodes.
They annotated rhythm type and QRS complexes in the ECG signal,
and identified chest compression series in the TTI. For the analysis,
PEA segments of 5 s duration, separated by at least 1 s, were
extracted during chest compression pauses. As rates below
12 bpm during longer than 5 s are considered asystole, a minimum
duration of 5 s and 12 bpm were demanded to guarantee that all seg-
ments were PEA rhythms.?> 2 Fig. 1 shows two examples of the

Table 1 - Summary of patient and episode statistics.
Data are presented as percentage or median
(Interquartile range, 1QR).

Patient Summary (n = 190)

Metric Value

Age (years) 69.5 (57.8-77.3)
Male gender 54.2%

Survived to discharge 17%

Episode Summary (n = 197)

Metric Value

Monitored CA 78%

Assumed cardiac cause 55%

Received adrenaline 84%

dataset, where both the ECG and the TTI signals are represented
with some meaningful features.

Methods

This section described the procedure to define the PEA analysis
based on ML models. The method is divided in three stages consist-
ing of: 1) Preprocessing of ECG and TTI signals, 2) Feature charac-
terization of the signals, and 3) Design of feature-based ML models
for binary classification. This last stage includes the training/valida-
tion of the models as well as their statistical characterization.

ECG and TTI preprocessing

ECG and TTI signals were preprocessed following the scheme pro-
posed in a previous study.®** The ECG signal was denoised using a
stationary wavelet transform (SWT) technique. This involved apply-
ing a band-pass filter in the band of 0.5-31.25, Hz to remove base-
line noise, high-frequency noise, motion artifacts, and ventilation
artifacts. The impedance circulation component (ICC), which reflects
the ventricular contractions in the TTI signal correlated with ECG
heartbeats,?**® was extracted from the TTI signal and filtered
1-8 Hz.°?? In Fig. 1, it can be observed how the ICC component
of TTI signal correlated with the QRS complexes in the ECG.

Feature extraction

The sets of features considered in this study were gathered in three
groups: The ECG and ICC waveform features, previously proposed
in cardiac arrest studies, and new additional QRS related features.

ECG waveform features
The main ECG waveform computed, non QRS specific features,
were the following:

e The Amplitude Spectrum Area (AMSA) was calculated by sum-
ming the product of the spectral amplitudes and corresponding
frequencies in the band of 2-48 Hz of the ECG signal as pro-
posed in.?” It has been widely reported as a reliable predictor
for successful defibrillation, and it is indicative of both coronary
perfusion pressure and myocardial energy state.®2%2°

o ModAMSA is a modified version of AMSA that calculates the
spectral content in the frequency range of 20-30 Hz. The Mod-
AMSA associated to faPEA rhythms was observed to be higher
than the value for unPEA. The Figure in Appendix A shows
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Fig. 1 - Two PEA cases corresponding to faPEA (left) and unPEA (right) are shown. On the top the ECG signals, with
HRmeans QRyiathy QRS yiaths and R, represented. On the bottom the TTI and the computed impedance circulation

component, ICC, in red.

how the spectral content of both types of rhythms overlaps con-
siderably between 0 and 15 Hz but becomes more distinct
between 20 and 30 Hz.

The Smoothed Nonlinear Energy Operator(SNEO) computed in
the ECG, SNEOgcg, measures the local energy content of the
ECG signal as described in.*° It has been classically applied for
QRS complex detection, ' shock outcome prediction®® and iden-
tification of circulatory status.?

The Autoregressive Burg’s value (ARB) computed in the ECG
signal, ARBgcg, evaluates the similarity between the power spec-
tral density of the signal with an autoregressive model of the
spectrum.® It has been used for identification of circulatory sta-
tus®?, cardiac rhythm classification®® and prediction of prognosis
of PEA during OHCA.°

e Entropy is a complexity measure that quantifies the regularity of

the ECG.**

ICC waveform features
The ICC of the TTI was computed as described in°?? and features
computed as follows:

o Crosspower is the cross power between the ECG and ICC signals.
High Crosspower indicates pulsatile rhythms, and it has been pro-
posed for automatic circulation detection in OHCA. *°

e LogPowercc is the logarithmic energy of the ICC signal, which is
related to the ventricular wall movement.*®

e SNEOcc is the SNEO value of the ICC signal, computed as
described in section 3.2.1.

e ARBcc is the ARB of the ICC signal, computed as described in
section 3.2.1.

QRS waveform features

Additionally to ECG waveform features, several metrics related to the
QRS waveform were computed using the manual annotations of the
Q, R, and S waves made by clinicians.

e HRcan and HR,, are the mean and variance values of HR,
respectively, computed as the inverse of consecutive R-R
intervals.

e QRSigth and QRy,igth correspond to the durations of Q-S and Q-R
complex, respectively.

e QRSg0pe and QRgiope are computed as the sum of the amplitude
values of QRS and QR complexes in the first difference signal
divided by QRS,,iqth and QRyigth, respectively.

e Ramp is the mean value of the amplitude of the R wave peaks in
the segment.

A detailed description of the algorithms applied to compute the
features can be found in Appendix B.

LR classifier

A logistic regression model (LR) was used to classify PEA segments
into faPEA or unPEA. The models were trained and tested combining
multiple variables. LR was the best option to make understandable
binary classifications. The probability of a segment to be a faPEA
was computed following the next equation®®:
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P=ites

where z is the linear combination of the independent features
weighted by their coefficients:

Z = fo + P1X1 + PaXo + ... + PaXn

In this equation, o, f1, P2, - . ., fn are the regression coefficients esti-
mated during the model fitting process, and xy, X, .. ., X, are the fea-
tures of the PEA segment.

The maximum Area Under the ROC Curve (AUC) was applied as
the optimization criteria in the design process.

Feature selection has been performed using forward feature
selection. This means that we started with the feature with the high-
est AUC, and at each step, we added the feature that, when com-
bined, provided the best AUC.

Validation

A 10-fold cross-validation (CV) technique was used for model valida-
tion, using different sets of patients for training and testing. This
implies that all segments extracted from a patient were used either
for training or for testing within each fold; segments from the same
patient were never split for training and testing the model. To improve
reliability, the partition was done assigning the same weight to all
patients, which avoided data leakage between folds.

The performance of the classifiers was evaluated using standard
performance metrics for binary classifiers, with faPEA as the positive
class. The AUC, Sensitivity (Se), Specificity (Sp) and Balanced
Accuracy (BAC, the average of Se and Sp) were considered as
the performance metrics.

The performance metric that was primarily focused on optimizing
in this study was the AUC.

Time analysis
In previous studies on rhythm evolution or pulse detection in cardiac
arrest, predictability was shown to vary over time.” %38 |n this sec-
ond analysis segments were separated in four groups (quartiles)
depending on their time distance to the ROSC/end-of-CPR, and
models analyzed in terms of proximity to the end. While maintaining
the 10-fold CV architecture, the models were trained using segments
from all quartiles and performance was evaluated in each specific
quartile.

Additionally, the evolution of the top three features was analyzed
over the last 15 minutes of the episode, and an exponential function
adjusted to characterize their evolution.

Results

A total of 1468 PEA segments of 5 s duration were extracted from
197 episodes, with a median (IQR) of 4(1-8) segments per episode.
The segments observed during episodes with ROSC were catego-
rized as faPEA, while those without ROSC were categorized as
unPEA. There was a total of 767 faPEA segments, median (IQR) 2
(1-9) per episode, and 701 unPEA segments, 5 (3—9) per episode.
The 25th, 50th, and 75th percentiles of their time to ROSC/end-of-
CPR were 180, 383, and 772 seconds, respectively.

In Table 2, the independent analysis of each feature can be
observed for faPEA/unPEA groups. The median (IQR) value of each

Table 2 - Median (IQR) values of each feature for faPEA and unPEA segments are shown, the AUC of the LR
classifier. Mann-Whitney U-test was performed considering one value (median among segments) per feature and

per patient.

ECG Features

Feature faPEA unPEA AUC(%) p-value
AMSA 24.50 (16.56-39.32) 14.00 (9.47-20.50) 75.23 (69.42-81.82) 3.510°*
ModAMSA 4.14 (2.15-6.93) 1.52 (0.94-2.51) 79.13 (74.59-85.72) 8.3.10°°
SNEOgca 0.16 (0.04-0.65) 0.07 (0.01-0.23) 63.78 (55.81—71.68) 6.8.10°
ARBeca 2.18-107°(0.71-10°° 0.48-107° (0.26-10°° 77.89 (73.47-84.47) 1.4107°
—4.57-107°) -1.15.107%)
Entropy 0.29 (0.21-0.35) 0.22 (0.16-0.31) 63.06 (57.69-70.45) 9.6-10°2
TTI Features
Feature faPEA unPEA AUC(%) p-value
CrosSpower 0.51 (0.14-1.24) 0.30 (0.07-0.80) 58.93 (54.31-64.19) 481072
LogPower,cc 4083 (2518-5412) 3308 (1673-4412) 59.54 (55.37-64.83) 211072
SNEO,cc 1.1.10°% (0.17-10°2 0.48-10°2 (0.11-10°2 59.99 (55.56—64.34) 431072
—4.65-107%) -1.80-107%)
ARBcc 43.36-10° (4.81.10°° 27.51107° (5.76.10°° 57.53 (54.16-64.93) 241072
—-340.91-1079) -113.21-1079)
QRS Features
Feature faPEA unPEA AUC(%) p-value
HRmean 74.26 (46.57—113.40) 70.83 (38.11-90.40) 56.48 (52.51-62.31) 221072
HRyar 5.14 (0.41-157.79) 6.77 (0.06-101.21) 57.75 (55.42—62.98) 1.2.1072
QRSwidth 155 (113-195) 205 (160-262) 68.74 (60.92—77.76) 6.6-107°
QRwidth 52 (40-77) 67 (50-97) 65.31 (56.35-73.33) 231072
Ramp 0.36 (0.04-0.70) 0.19 (0.23-0.40) 63.29 (57.29-68.74) 1.0-1072
QRSsiope 0.013 (0.009-0.019) 0.007 (0.005-0.011) 77.63 (68.41-82.08) 431077
QRslope 0.011 (0.008-0.017) 0.007 (0.005-0.096) 72.43 (65.91-78.91) 2.0.10°°
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type of segments was computed using the whole dataset, while AUC
was computed following the 10-fold CV model explained in methods
section. The results in terms of discrimination power are quite
aligned with previous OHCA analysis for ECG and TTI signals,’
showing AUC values above 75% in several single features.

All the features showed different medians for unPEA and faPEA
groups according to Mann-Whitney U-test (p < 0.05). However, the
features that showed lowest p values, with p < 0.005, were Mod-
AMSA, AMSA, SNEOgcg, ARBgcg, LogPowericc, Crosspowers
QRSwidths QRwidths QRSsIope and Qlqslope-

The performance of the LR classifiers in terms of the number of
features, following the criteria of forward feature selection explained
in the methods section, is shown in Table 3. The analysis revealed
that the best performance was achieved with a three-feature model
based on: ModAMSA, LogPower,cc, QRSyigm, With AUC/BAC val-
ues of 80.3% and 75.6%, respectively. No improvement was
observed increasing the number of features.

In the time analysis, the performance of the three-feature LR
model was analyzed in terms of the distance to the ROSC/end-of-
CPR and results are shown in Fig. 2. It can be observed that the clas-
sifier performs better for segments closer to the end (Q4 compared
to Q1). Specifically, the Q4 group with a time-distance of 0-180 s
from the end showed an AUC/BAC of 87.3%/BAC of 79.1%, while
the Q1 at > 772 s from the end presented AUC/BAC of 69.6%/59.9%.

To better understand the results, we analyzed the evolution of the
top three features in the last 15 minutes before ROSC. Fig. 3 shows
that the values of ModAMSA, QRS,,i4t» and ICC log Power separate
for faPEA(blue) compared to unPEA(red) further as ROSC
approaches. These results confirm the potential of these features
to evaluate the proximity to ROSC and discriminate between PEA
with favorable and unfavorable prognosis.

The study also confirms previous findings®'%'"~'° that as PEA
episodes progress, the predictability of PEA prognosis increases.
This is supported by the results in Fig. 2, as well as the observation
that features of each type become increasingly distinct over time, as
seen in Fig. 3.

Discussion

This work presents a novel predictive model that integrates ECG and
TTI features to discriminate PEAs with positive prognosis. This is the
first time such a model is designed for IHCA patients and integrates
QRS specific features.

The application of ML models to design predictive models for
IHCA reinforce previous conclusions of Urteaga et al. with OHCA.°
Both studies highlight the importance of feature selection and inte-
gration of different sources of information to develop accurate tools
for PEA state evolution prediction in cardiac arrest patients.

In contrast to previous automated methods, this study integrates
QRS complex features that have demonstrated great potential to
predict the outcome of PEA.'%177193940 The AUC obtained for the
QRS complex duration is aligned with previous results, and combin-
ing QRS complex features with other ECG/ICC features has
improved the overall performance of the model 0.6 points of AUC
and 4.1 points of BAC. Fig. 3 showed that QRS complexes are nar-
rower in faPEA segments compared to unPEA, and that they evolve
to narrower values as episode progresses towards ROSC. However,
the discriminative power of HR does not support its use in this appli-
cation (see Table 2).

features have been tested,

X

ions usingone to s

Table 3 - The LR model’s performance in terms of median (IQR) AUC, BAC, Se, and Sp. All possible combinat

only the best for each number of features is shown.

Sp (%)

BAC (%) Se (%)

AUC (%)

No. Features

79.2 (70.2-89.9)

62.9 (56.1-71.9)

71.4 (63.9-75.7)

79.1 (74.6-85.7)

ModAMSA

78.5 (71.1-88.0)

71.5 (65.2-79.0) 64.2 (57.7-73.9)

79.7 (73.7-85.3)

CC

72.3 (61.9-79.6)

75.6 (69.6-80.1) 77.4 (70.3-84.2)

80.3 (73.3-85.7)

cc + QRSyigtn

69.5 (60.2-80.0)

77.5 (69.9-83.5)

75.5 (69.9-80.3)

80.2 (73.4-85.7)

cc + QRSyiath + ARBeca

66.4 (59.1-78.9)

77.8 (69.8-83.8)

73.1 (69.0-79.2)

79.8 (73.4-85.8)

cc + QRSyiain + ARBece + QRuiatn

64.4 (58.6-77.7)

72.6 (68.9-72.3) 76.4 (68.7-82.9)

79.6 (73.3-85.7)

cc + QRSyigin + ARBecg + QRuigin + Crosspower

ModAMSA + LogPower,

ModAMSA + LogPower,

ModAMSA + LogPower;

ModAMSA + LogPower,

ModAMSA + LogPower,
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Fig. 2 - Performance of the LR model with three features
for segments according to their distance from the
ROSC/end-of-episode. The figure shows the median
(IQR) values for AUC, BAC, Se and Sp.

The QRS,ixn and the HR are the characteristics that have been
studied as indicators of PEA prognosis. Norvik et al. and Aufderheide
et al. have found a correlation between QRS,,is» and HR with sur-
vival."”'%4! Both studies demonstrated that smaller QRS and
higher HR are associated with more favorable outcomes in PEA.

On the other hand, Weisser et al. only found a correlation between
HR and prognosis, not with QRS,u.*> This is in contrast to Kim
et al., who found a correlation with the duration of the QRS complex
but not with HR.*® In this study, the correlation of QRS,, With the
prognosis of pulseless electrical activity (PEA) has been demon-
strated. In Fig. 2, it can be observed how the mean value of QRS,iain
differs more as it approaches the ROSC/end-of-CPR. This is consis-
tent with the results of Norvik et al.'®

It is worth highlighting that ModAMSA, which is the independent
feature that shows the best performance in Table 2, also exhibits the
most significant difference over time in Fig. 2. High values of Mod-
AMSA are associated with more content in the high-frequency spec-
trum, which is caused by high HR and narrow QRS complexes with
high amplitude.

The results also demonstrate that ModAMSA, a modified version
of the AMSA, has better predictive capabilities than the original fea-
ture to differentiate an unPEA from a faPEA. This finding highlights
the potential of the frequency range of 20-30 Hz to classify PEA seg-
ments according to their prognosis. This frequency band has already
shown potential for the detection and classification of cardiac
rhythms in previous studies. °°**® Other applications of
AMSA**~*" might benefit from this new definition and provide more
accurate predictive models.

Regarding the number of features included in the predictive
models, it can be concluded that more features do not necessarily
improve the accuracy of the algorithm (see Table 3) because their
contribution may result redundant or irrelevant to the model. In our
case the best model was reached with three features, one from each
group: ECG signal waveform, ICC signal waveform, and QRS com-
plex shape. Each of these features also happens to have the highest
AUC value among all the features that showed p < 0.005 within their

12 - - 8000
7000, .t

6000 -

B o
o (=]
(=] (=]
o o

ModAMSA (mV - Hz)

ICC Log Power (log ?)

2000

1000

QRS width (ms)

100

S % 1 !

0 ~ 0
-15 -10 -5 0 -15 -10
tais (min)

tqiy (min)

-5 0 -15 -10 -5 0

taig (min)

Fig. 3 - The evolution of the top three features (ModAMSA, ICCLogPower, and QRSwidth) is shown in the figure,
representing the last 15 minutes before the ROSC/end-of-episode. Blue and red dots represent the feature values for
faPEA and unPEA cases, respectively. The fitted exponential line is also shown for each group.
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respective group. This can explain the reason behind the selection of
those features. Adding new features does not include relevant infor-
mation in the model, probably because they are correlated with
features already present in the model, as seen for ARBgcg (Pearson
correlation coefficient of 0.78 with ModAMSA) and for QRSygth
(Pearson correlation coefficient of 0.76 with QRy,iqin)- The correlation
matrix can be found in Appendix C.

Another critical consideration lies in the database’s heterogene-
ity. In this context, it is noteworthy that 83 entries originate from
Norway, while 114 emanate from Pennsylvania. Beyond mere geo-
graphical disparities, distinctions exist in the types of defibrillator
equipment utilized and the dates of data collection, potentially
engendering divergent treatment modalities. To ascertain the conse-
quential influence of these factors, Appendix D delineates the mod-
el's performance across each country. The analysis demonstrated
a good performance of the model for both cases (AUC ~ 80% and
BAC ~ 75%) and did not reveal a significant difference between
them (p > 0.05 for both AUC and BAC). Nevertheless, to comprehen-
sively validate the model’s robustness, further experimentation incor-
porating additional countries and diverse defibrillator apparatuses is
warranted.

When comparing the results with similar studies with OHCA,° the
proposed algorithm performed 5.4-points below the AUC of the best
OHCA models. We believe that in-hospital patients’ condition might
have contributed to this difference. as they are probably affected
by other iliness or injuries that jeopardize the design of PEA evolution
models based exclusively in biosignals. Extra information as clinical/
demographic data might contribute to build more complex and accu-
rate predictive models.

Assessment of the patient’s response to therapy is crucial in car-
diac arrest resuscitation. Many contributions highlight the need of
short-time prognosis tools that may assist clinicians in decision mak-
ing."®'® With a favorable prognosis, it is reasonable to continue the
ongoing efforts quite unaltered. However, with unfavorable progno-
sis, one may re-assess the situation from a broad perspective includ-
ing CPR quality, and/or identification of reversible causes. Further
research and prospective studies are needed to address the implica-
tions of integrating these tools into clinical practice.

Limitations of the study

The annotation of the QRS complexes to obtain the QRS-features
included in the automated model was performed manually by medi-
cal experts reviewing the signals with an ad-hoc tool.

Although a completely automated method is desired, existing
algorithms for QRS complex delineation were developed for stable
patients and are not accurate for patients in cardiac arrest.®>*5'
Further research is needed to overcome this limitation and develop
QRS delineation algorithms robust enough in emergency scenarios.

Conclusions

A machine learning model was characterized to predict the evolution
of PEA rhythms in cardiac arrest patient. The innovative LR model
included features from the ECG and the TTI, with QRS-specific met-
rics that boosted the accuracy of the model. This new approach,
evaluated with patients in IHCA, contributes to improve our knowl-
edge on biosignal based predictive models in the field of
resuscitation.
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