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Abstract

Cardiac arrest is the main cause of death in developed countries. A good quality cardiopulmonary resuscitation (CPR) is key for the survival of the patient in outof-hospital cardiac arrest (OHCA), including chest compressions (CCs) and ventilations. Ventilations have been
proven to have an important impact in the outcome of the
patient, and detecting the CC pauses where ventilations
were provided is the aim of this study. An algorithm that
automatically detects pauses between sequences of CCs
using machine learning techniques is proposed.
For this study a set of 102 defibrillator files from OHCA
patients that include the thoracic impedance recorded
through the defibrillation pads was used. The work has
been split into 2 main blocks: a random forest (RF) classifier that classifies 1-s windows as CC/no-CC and an algorithm that sets the beginning and the end of each detected pause. The RF classifier was validated using 10
fold cross-validation method, obtaining a median sensitivity (Se), specificity (Sp) and positive predictive value
(PPV) of 95.4/97.9/94.4 % respectively, for window classification. The pause detector returned median Se/PPV values of 90.0/91.3 % with a median pause delimitation error
of 0.04 s and a duration error of 0.04 s.

1.

Introduction

Sudden cardiac death is the main death cause in developed countries, with an incidence of 38 cases per 100000
person-year in Europe [1]. Although progress has been
made in different fields, survival rates in out-of-hospital
cardiac arrest (OHCA) remains close to 12 % [2].
Cardiopulmonary resuscitation (CPR) is the key treatment for OHCA. According to the latest resuscitation
guidelines, CPR can be performed using continuous chest
compression or by a combination of chest compressions
(CCs) and ventilations with a rate of 30-2 [3]. Several
studies have proven the benefits of effective ventilations
during CC-pauses which are provided before the patient is

intubated [3,4]. In that period only the thoracic impedance
(TI) acquired through defibrillation pads is available. This
signal can be used to monitor CPR because it exhibits fluctuations due to both CCs and ventilations [5].
As an initial step in the monitoring of ventilations during advanced airway management in 30-2 protocol, this
study proposes an algorithm based on machine learning
techniques to detect CC-pauses in the TI.

2.

Materials

The data consists of 102 defibrillator files from OHCA
cases that occurred in the area of Dallas Fort-Worth between January 2015 and December 2016. These episodes
were recorded by the DFW Center for Resuscitation Research (UTSW, Dallas) using LifePak 12 and 15 monitor/defibrillators. Each record included the ECG and the
TI signals, where CCs and pauses between CCs were manually annotated to be used as gold standard in the algorithm
development.
In total, 1936 minutes of recordings corresponding to
the pre-intubation phase were processed, with 194 minutes of pauses with a median (Q1-Q3) duration of 14 (1025) min and 13 (9-19) pauses per patient with a duration of
6.06 (4.65-8.19) s.

3.

Methods

TI signal was first filtered using third order Butterworth
passband filter (0.9 – 6 Hz) and forward-backward filtering
to remove high frequency noise and baseline wandering.
The signal was divided into 1-s windows, which were classified as CC/no-CC window using a Random Forest (RF)
classifier. The RF used 18 waveform features for classification, computed in the time, frequency, complexity and
statistical domains. The classifier was trained using 10fold cross validation method, which was used also to perform a feature selection. Finally, a simple algorithm was
used to delimit the pauses based on the classification given
by the RF classifier. Pauses with a duration of 3-15 s were
detected as pauses associated to ventilations. The top panel

Figure 1. A 60 seconds example of an episode’s TI signal. In the picture above the original signal is drawn along with
chest-compression marks and a Gold Standard pause in blue. In the picture in the middle the processed signal with 1
second windows can be found. Windows in orange belong to windows classified as CC. On the other hand, windows in
green correspond to windows classified as no-CC. In the picture below, pauses detected by the pause detector can be found
over the processed signal. Red circles mark the last and first compressions detected at the beginning and end of each pause.
of Figure 1 shows an interval of 60 s of the TI, where CCs
were annotated by expert clinicians, and delimited pauses
(in blue) were used as gold standard for the algorithm design and validation.

3.1.

Machine Learning classifier

The classification was made for every 1-s windows of
the preprocessed TI signal (s1). The set of 18 features that
were computed for each window is summarized in Table 1.
These features can be classified in 4 domains: time domain
(D1), frequency domain (D2), statistical domain (D3) and
complexity domain (D4). Features f1 and f11 are the logarithm of summation of the absolute correlations (LAC)
of the autocorrelation and the cross-correlation with the
previous segment, respectively. Features f2 and f12 are the
variance of the peaks of the autocorrelation and the crosscorrelation with the previous segment, respectively. Features f3 and f4 are the percentage of power in the 1-3 Hz
bandwidth and the peak frequency [6]. Feature f5 is de-

fined as the summation of the absolute amplitude of the
first difference of the signal. To calculate f6 each window
is divided into 3 windows, and the median value of the
standard deviation (std) of the window is computed [6].
Features f7 and f8 are the statistical parameters skewness
and kurtosis of the amplitude distributions. The corrected
conditional entropy and the permutation entropy of the signal, as described in [7] and [8], are computed as f9 and f10 .
Features f13-16 are computed as f1 , f5 , f4 and f9 respectively,
for the high-pass (2-8 Hz) filtered TI signal (s2). The last
2 features, f17 and f18 , are the relative variation of the window signal amplitude and slope compared to the average
of previous 3 segments.
The RF is based on bagging concept: T decision trees
are trained to produce T uncorrelated predictions and the
final decision is made by majority voting [9]. Uncorrelated
decisions are made by using different bootstraps of training data to train each tree, and also by using a limited set of
randomly selected features in each tree split. The RF classifier allows also to measure the importance of each feature

Table 1. List of extracted features.
f1
f2
f3
f4
f5
f6
f7
f8
f9
f10
f11
f12
f13
f14
f15
f16
f17
f18

LAC of autocorrelation
variance of autocorrelation peaks
power in 1-3 Hz bandwidth
peak frequency
standard deviation of amplitude
summation of slope
skewness
kurtosis
corrected conditional entropy
permutation entropy
LAC of cross-correlation
variance of cross-correlation peaks
LAC of s2
slope of s2
frequency of peak power in s2
corrected conditional entropy of s2
relative amplitude
relative slope

D1
D1
D2
D2
D1
D1
D3
D3
D4
D4
D1
D1
D1
D1
D2
D4
D1
D1

ficity (Sp) to correctly detect CC windows, positive predictive value (PPV), F1 -score and area under the receiver
operating characteristics curve (AUC).The CC-pause detector was evaluated using Se and PPV. Absolute error in
delineation of the start of the pause and its duration were
also given. Every metric was reported as median quartile
range Q1-Q3 values.

4.

Results

This section shows the results of the RF classifier and
the pause detector.

4.1.

Random Forest classifier

Figures 2 and 3 shows the median (Q1-Q3) values of the
AUC and F1 for different number of features of the model
(N). It can be observed that for N above 10 little increase of
performance is obtained. The selected N features were: f1 ,
f3 , f4 , f5 , f6 , f8 , f10 , f11 , f17 and f18 . Features f13-16 were considered redundant by the classifier and were not selected
by the RF.

by permuting the value of each feature and measuring the
out-of-bag error (error produced using the data that each
tree did not see during training process). This functionality was used to perform feature selection, by taking out the
least important feature.

3.2.

Pause delineation

The RF classifier’s outcome is a binary classification
of CC/no-CC for each window. Two consecutive non CC
windows were considered as a potential CC-pause, and the
first and last CC of the pause, which set the beginning and
end of it, were detected using a peak detector. Pauses with
a duration of 3-15 s were thus identified. The lowest panel
in Figure 1 shows the pauses detected by the algorithm in
an example of the dataset.

3.3.

Figure 2. Median and Q1-Q3 range of the AUC values of
the RF classifier in terms of the number of features.

Model assessment

Model validation was handled by 10-fold crossvalidation method. Backward feature elimination was used
to adjust model with different numbers of features. At each
training iteration a RF classifier was trained, feature importance was measured, and the least important feature was
removed. The process was repeated until a single feature
was left. At each step, results were obtained for the test
fold and performance was thus obtained as a function of
the number of features (N ) in the model. .
The performance of the RF classifier was characterized
using the sensitivity (Se) to detect no-CC windows, speci-

Figure 3. Median and Q1-Q3 range F1 values of the RF
classifier in terms of the number of features.

The performance metrics for the RF classifier are given
in Table 1 for both N = 10 and all features. In this case,
the most selected 10 features were used in a 10-fold crossvalidation procedure.
Table 2. Median (Q1-Q3) of the RF performance metrics.

Se (%)
Sp (%)
PPV (%)
AUC

4.2.

N = 10
95.4 (91.3-97.9)
97.9 (96.2-98.9)
94.4 (90.8-97.4)
0.989 (0.987-0.992)

N = 18
95.7 (91.6-98.0)
97.7 (95.9-99.0)
95.1 (91.4-97.6)
0.990 (0.988-0.992)

Pause detector

The Se and PPV values for the pause detector were
90.0/91.3 %, with a median error at pause start of the detected pauses was 0.04 (0.002-0.72) s and median error of
0.04 (0.01-1.34) s in measuring the duration of the pause.

5.

Conclusions

The proposed method for pause detection was designed
and tested using the TI signal recorded while treating
OHCA patients. Two algorithms were evaluated, a RF
classifier that classifies 1-s windows of TI signal as CC/noCC, and the pause detector. For the first one the classifier
provided a median Se/Sp/PPV of 95.4/97.9/94.4% with an
AUC of 0.989. The final CC pause detector produced a
Se/PPV of 90.0/91.3% with a delimitation error of 0.04 s
at pause start, and a median pause duration error of 0.04 s.
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