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A Multistage Algorithm for ECG Rhythm Analysis
during Piston-Driven Mechanical Chest
Compressions
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Abstract—Goal: An accurate rhythm analysis during
cardiopulmonary resuscitation (CPR) would contribute
to increase survival from out-of-hospital cardiac arrest.

Piston-driven mechanical compression devices are frequently
used to deliver CPR. The objective of this work was to design a
method to accurately diagnose the rhythm during compressions
delivered by a piston-driven device. Methods: Data was gathered
from 230 out-of-hospital cardiac arrest patients treated with
the LUCAS 2 mechanical CPR device. The dataset comprised
201 shockable and 844 nonshockable ECG segments, whereof
270 were asystole (AS) and 574 organized rhythm (OR). A
multistage algorithm (MSA) was designed, which included two
artifact filters b ased o n a r ecursive l east s quares a Igorithm, a

rhythm analysis algorithm from a commercial defibrillator, and
an ECG-slope based rhythm classifier. D ata w as partitioned

randomly and patient-wise into training (60%) and test (40%)
for optimization and validation, and statistically meaningful
results were obtained repeating the process 500 times. Results:
The mean (standard deviation) sensitivity (SE) for shockable
rhythms, specificity (SP) for nonshockable rhythms, and total
accuracy of the MSA solution were: 91.7 (6.0), 98.1 (1.1) and
96.9 (0.9), respectively. The SP for AS and OR were 98.0
(1.7) and 98.1 (1.4), respectively. Conclusions: The SE/SP were
above the 90/95% values recommended by the American Heart
Association for shockable and nonshockable rhythms other
than sinus rhythm, respectively. Signiicance: It is possible
to accurately diagnose the rhythm during mechanical chest
compressions and the results considerably improve those
obtained by previous algorithms.

Index  Terms—Artifact  suppression, cardiac  arrest,
cardiopulmonary resuscitation (CPR), electrocardiogram (ECG),
mechanical chest compressions, piston-driven compressions,
recursive least squares (RLS).

Asterisk indicates corresponding author.

*U. Irusta is with the Department of Communications Engineering,
University of the Basque Country UPV/EHU, Alameda Urquijo S/N, 48013
Bilbao, Spain (e-mail: unai.irusta@ehu.eus).

I. Isasi and E. Aramendi are with the Department of Communications
Engineering, University of the Basque Country UPV/EHU, Alameda Urquijo
S/N, 48013 Bilbao, Spain.

U. Ayala is with the Department of Signal Processing and Communications,
Mondragon University, Loramendi, 4, 20500 Arrasate, Spain.

E. Alonso is with the Department of Applied Mathematics, University of the
Basque Country UPV/EHU, Rafael Moreno Pitxitxi 3, 48013 Bilbao, Spain

J. Kramer-Johansen is with the Norwegian National Advisory Unit
on Prehospital Emergency Medicine (NAKOS) and Department Of
Anaesthesiology, Oslo University Hospital and University of Oslo, Pb 4956
Nydalen, 0424 Oslo, Norway.

T. Eftestgl is with the Department of Electrical Engineering and Computer
Science, University of Stavanger, 4036 Stavanger, Norway.

I. INTRODUCTION

Early electrical defibrillationa ndh igh-quality chest
compressions during cardiopulmonary resuscitation (CPR)
are key for the outcome of out-of-hospital cardiac arrest
patients [1]. Current treatment guidelines for cardiac arrest
highlight the importance of minimizing interruptions in
compressions during CPR[1]. However, for a reliable
shock/no-shock  decision, current defibrillators require
interrupting compressions to avoid artifacts in the ECG. An
accurate shock/no-shock decision during CPR would improve
therapy in two ways. For nonshockable rhythms it would
do away with unnecessary interruptions in CPR to check
the rhythm. These interruptions, which compromise coronary
perfusion pressure, worsen chest compression fraction and
may result in decreased survival [2]. For ventricular fibrillation
(VF) it would contribute to a quicker identification of the
need to shock the patient, which is important given the high
oxygen demands of VF[3].

Strategies to allow an accurate shock/no-shock decision
without interrupting CPR therapy include analyzing the
rhythm during pauses in compressions for ventilation, and
using signal processing techniques to allow a reliable
shock/no-shock decision during compressions. Pauses in
compressions for ventilations occur approximately every 20 s
in 30:2 CPR, and an accurate rhythm analysis during those
pauses has already been demonstrated [4], [5]. However, those
techniques are inapplicable to compression only CPR.

Solutions based on digital signal processing for a
reliable shock/no-shock decision during compressions have
followed two main approaches[6]: the design of adaptive
filters to suppress the artifact followed by a defibrillator’s
shock/no-shock decision algorithm, and shock/no-shock
decision algorithms based on robust ECG features minimally
affected by the artifact. Adaptive filters address the
spectral overlap between resuscitation cardiac rhythms
and compression artifacts, and the time-varying spectral
characteristics of the artifact. However, these filters require
additional reference signals correlated to the artifact like
compression force [7], thoracic impedance[8] or blood
pressure [9]. Several solutions based on these signals have been
developed including Wiener filters [ 10], r ecursive adaptive
matching pursuit algorithms [11], [12] or Kalman state-space
models [13]. Given the quasi-periodic nature of CPR artifacts,
adaptive solutions to estimate a time-varying Fourier series
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model of the artifact have also been proposed, including Least
Mean Squares (LMS)[14]-[16] or Kalman[17] solutions.
Filtering schemes that use only the ECG to both characterize
and remove the artifact include approaches based on coherent
line removal [18], LMS [19] and Kalman filters [20].

Finally, two types of algorithms based on robust
ECG-features have been proposed to classify the ECG
during CPR: features computed without filtering like the
morphological consistency algorithm [21], [22] and adaptive
rhythm sequencing [23], or after filtering the artifact [24], [25].
Despite progress, current solutions do not allow a reliable
rhythm analysis during CPR[6], either because filtering
residuals may resemble VF in patients in asystole (AS), or
because spiky residuals are interpreted as the QRS complexes
of organized rhythms (OR) in patients in VF[15], [16].

In all of these studies artifacts originate from manual
compressions delivered by rescuers. Mechanical compression
devices are increasingly used in resuscitation although
evidences of improved survival are not conclusive [26], [27],
and have become popular in scenarios such as transportation,
invasive-procedures or prolonged CPR [28]-[31]. Mechanical
devices deliver compressions at a constant rate and depth
in adherence with current resuscitation guidelines. There are
two types of automated compressors available: pneumatically
driven pistons like the LUCAS 2 (Physio-Control Inc/Jolife
AB, Lund, Sweeden), and load distributing bands like the
Auto Pulse (Zoll Circulation, Chelmsford, Massachusetts,
USA) [32]. Preliminary attempts to remove the LUCAS 2
artifact with simple comb filters were promising on a limited
dataset [33], even though filtering was later shown to be as
challenging as for manual CPR artifacts when tested on a
more comprehensive dataset [34]. Although mechanical CPR
artifacts have a fixed frequency, they present larger amplitudes,
significant filtering residuals, and many harmonics that make
filtering the artifact challenging [34].

This study introduces a new method for a reliable
shock/no-shock decision during piston-driven mechanical
compressions. The approach uses two recursive least-squares
(RLS) filters to reduce CPR artifacts, followed by three
shock/no-shock decision stages based on a standard
defibrillator algorithm and on an ECG-slope decision
stage. The complete solution is therefore named multistage
algorithm (MSA). The manuscript is organized as follows:
Section II describes the study dataset; Section III introduces
the time-varying Fourier series model of the artifact, an
algorithm to estimate the order of the model, and the adaptive
filter to track the time-varying Fourier coefficients; Section IV
describes the building blocks and the general architecture
of the MSA solution; Section V describes the performance
metrics, data partition and optimization/test procedures; and
the results, conclusions and discussion are presented in
Sections VI to VIII.

II. DATA COLLECTION AND PREPARATION

Data from 263 out-of-hospital cardiac arrest patients treated
with the LUCAS 2 piston-driven chest compression device
(Physio-Control Inc., Redmond, WA, USA) were reviewed.

The cardiac arrest episodes were collected by the advanced
life support responders of the emergency services of Oslo
and Akershus (Norway) during 18 months in 2012 and 2013.
Responders used Physio-Control’s Lifepack 15 defibrillators
that continuously record the ECG and impedance signals. The
LUCAS 2 device delivers compressions in a fixed position,
with constant depth (40-53 mm depending on chest height), at
a constant rate (102 +2min1), with a 50% duty cycle, and
allowing full chest recoil after each compression [35].

Anonymized data from the defibrillators was exported to
Matlab (MathWorks Inc., Naick, MA) using Physio-Control’s
Code Stat data review software, and resampled to a
sampling frequency of 250Hz. The data included the ECG
and impedance signals of each episode together with the
compression instants detected by the Code Stat software.

The start of use of the LUCAS-2 device was marked when
the compression rate stabilized at the device’s fixed rate of
102 min~1! [34]. Then, 20s signal segments with the same
underlying rhythm were extracted during the device usage. The
segments contained an initial 15 s interval during compressions
to develop and evaluate our solution for the shock/no-shock
decision during chest compressions, followed by a 5's interval
without compression artifacts to annotate the patient’s rhythm.
Fig. 1 shows two examples. Ground truth rhythm labels were
adjudicated by consensus among two independent reviewers, a
clinical researcher and a biomedical engineer, both specialized
in resuscitation data science [34]. The rhythm annotators, who
were not involved in the conception and development of the
methods, examined the 5 s interval without artifacts (see Fig. 1)
to annotate the rthythms. Segments were annotated as: VF and
ventricular tachycardia (VT) in the shockable rhythm category,
and OR and AS in the nonshockable category. Presence
of pulse could not annotated because patient charts with
clinical pulse annotations and/or capnography levels were not
available. So the OR category includes both pulseless electrical
activity and pulsed rhythms. Intermediate rhythms like fine
VF (amplitude<200 uV) were discarded. The American Heart
Association (AHA) does not establish a shock/no-shock
recommendation for intermediate rhythms because the benefits
of defibrillation are unclear for those rhythms [36].

The final annotated dataset consisted of 1045 segments
from 230 patients, segments like the two examples shown in
Fig. 1. There were 201 shockable segments (5 VT and 196
VF) from 62 patients, 270 AS segments from 99 patients and
574 OR segments from 160 patients. In what follows rhythms
will be grouped into three categories: shockable (VF/VT), OR
and AS. This is the typical rhythm class definition used in
the literature on shock/no-shock decisions during CPR[15],
[23]-[25]. The prevalence of VT in our dataset is low, although
it is comparable to that of most similar studies [15], [16], [23],
so a separate analysis for VT would not be meaningful.

ITI. QUASI-PERIODIC MODEL OF THE ARTIFACT

A. Signal model

During chest compressions the ECG signal recorded by
the defibrillator, s¢or(n), is corrupted by additive chest
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Fig. 1. Two examples of 20 s ECG segments corresponding to a patient in VF (example (a)) and to a patient in OR (example (b)). In both examples, the top panels
show the ECG recorded by the device (the corrupt ECG, scor), and the bottom panels show the ECG after filtering the compression artifact (the estimated rhythm,
Secg). In the top panels, the initial 15 s of the ECG are corrupted by the LUCAS 2 artifact. The last 5 s show the underlying rhythm in an interval free of artifact.

Filtering (bottom pannel in both examples) reveals the underlying rhythm.

compression artifacts, s¢.(n), resulting in[11], [15]:

Scor(n) = Secg(n) + Sce (n) (1)

where Secg(n2) is the patient’s clean ECG reflecting the actual
underlying heart rhythm. Methods focus on estimating the
artifact sq(n). An extensively used approach is to assume
See(n) to be quasi-periodic and thus model the artifact as
a truncated Fourier series of N terms[14]-[16] with no
DC-component. The Fourier series can be expressed in terms
of the amplitude and phase coefficients, ci(n) and fx(n), or as

a sine-cosine series with in-phase and cuadrature amplitudes,
ax(n) and bg(n), in the following way:

See(n) = A(n) Y  cr(n) cos(kwon + O (n)) = ()

-

A3

k=1

) cos(kwon) + by (n) sin(kwon))  (3)

where A(n) is an amplitude term to model intervals with
compressions, A(n) = 1, and without compressions, A(n) =
0, such as hands-off intervals for ventilations. Smooth
transitions between intervals were defined as described in [15],
[37]. The spectral components of the artifact, its Fourier
coefficients, are considered time-varying and will be tracked

using an adaptive RLS filter (see subection III-C). The
frequency wy is the fundamental discrete frequency of the

compressions which for a piston-driven compression device
is constant:

4)
101.6 min~![34], and T, the

wo = 27 frucasTs

with fLUCAS = 1.694Hz =

sampling period.

B. Estimating the number of harmonics N

Previous works have assumed the number of harmonics N
to be fixed for all cases. However, the spectral content of the
artifact is very variable from case to case both in manual [15]
and mechanical compressions [34], and depends on factors like
the rescuer, the patient or electrode placement. Estimating
N in manual CPR is unfeasible or inaccurate because
compression frequency changes with every compression. In
mechanical CPR the frequency is fixed and simple spectral
methods can be used to estimate the number of significant
coefficients in (2). Assuming constant ¢ coefficients, which
suffices for approximate power computations but not for
rhythm analysis, we can express the power of the artifact in
short ECG intervals using Parseval’s theorem:

&)

N N
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In this work we determined the number of significant
harmonics as the first integer N < 30 for which the following
inequality holds:

K

<v with P, g = Zci
k=1

PcctN+3 - Pcc,N

100 -
Pcc,N

(6)
i.e. when the addition of 3 new harmonics increased the
relative power by less than the threshold v, optimized in
the simulation phase. The problem then reduces to efficiently
estimating the amplitudes cy located at fixed frequencies kwy.
The Fourier coefficients were estimated using the
Generalized Goertzel Algorithm. The standard Goertzel
algorithm allows the direct evaluation of isolated terms of
the discrete Fourier transform. Its generalization extends the
method to compute spectral components at any frequency [38],
in our case the kwy frequencies. Therefore, X (kwy), the
spectral components of the signal x(n) at our frequencies of
interest were computed using the following equations [38]:

s(n) =x(n) + 2 cos(kwo)s(n — 1) — s(n — 2)
X(kwo) = (s(Lg) — e 7F05(Ly— 1) el

)
®)

where L is the length of the signal x(n). For mechanical chest
compression artifacts we assume that the ECG components at
kw are negligible when compared to the harmonics of the
artifact, and therefore x(n) = s¢or(n). We used the initial 5s
window (Lg = 5 - f,) with compressions to estimate the cy,
and formed a windowed signal x,,(n) = Scor(n)-wg (1), where
wg (n) is a Kaiser window with form factor § = 4.5 to reduce
spectral leakage. The c;, coefficients were obtained as:

2
— X, (k
Here W, 5(0) is the spectral component of the Kaiser window
at the origin, and X, (kwo) are the spectral components of
Z(n) at the harmonic frequencies.

cr=|X (kwo)| = )

C. Estimation of the ap(n) and bi(n) coefficients

Constant Fourier coefficients were assumed to determine [V,
the order of the model for each case. However, a proper rhythm
analysis requires tracking the time-varying characteristics of
the spectral components of the artifact, the coefficients in (3).
These were estimated using an RLS Fourier analyzer[39],
adapted to estimate mechanical CPR artifacts [40]. The
RLS filter p resents i mproved ¢ onvergence a nd adaptability
characteristics when compared to the LMS approach formerly
used for CPR artifact suppression [14]-[16]. First we define
two vectors for the coefficients a nd r eference s ignals (the
harmonic components):

O(n) = [ay(n)bi(n) ... an(n)by(n)]* (10)
®(n) = [cos(won) sin(won) ... cos(Nwon) sin(Nwon)]®
(1D

Then the estimated chest compression artifact, Sq.(n), is:

bec(n) = A(n)©T (n—1)@(n) (12)

Filter coefficients are updated using the RLS algorithm to
minimize the error between the corrupt ECG and the estimated
artifact at the harmonics of the mechanical chest compression
frequency. The error signal is the ECG of the estimated
underlying rhythm, 3., and the update equations are:

e§ecg(n) - Scor(n) - e§cc(n) (13)
1 F(n—1)®(n)® (n)F(n—1)

Fn) =3 ¥V = 0 armrm-nam | ¥

O(n) = O(n—1) + F(n)®(n)3ece(n) (15)

where the gain matrix and coefficient vector were initialized
to F(0) = 0.03I,5 and ©(0) = 07. The forgetting
factor of the RLS algorithm, A, governs the performance
of the filter and is set very close to unity. The choice of
the forgetting factor is a compromise between the tracking
capabilities and misadjustment and stability. Forgetting factors
very close to unity (A > 0.995) mean low misadjustments

and good stability, but reduced tracking capabilities. This is
desirable when the underlying rhythm (error signal) presents
abrupt changes like QRS complexes, for instance in some OR
rhythms. Smaller values of A (0.980 < A < 0.995) produce

fast tracking capabilities but larger misadjustements and poorer
stability. This may be desirable when the underlying rhythm
is negligible, such as during AS. The different qualitative
behaviors of the filter will be exploited by the MSA solution
that uses two configurations of the RLS filter, as described in
the following section.

IV. ARCHITECTURE OF THE SOLUTION
A. Rhythm analysis

Filtering should reveal the underlying heart rhythm of the
patient, consequently Se.q(n) was used to diagnose the rhythm
as shockable or nonshockable. Two different approaches were
used to diagnose the rhythm: an AHA compliant rhythm
analysis algorithm designed to diagnose clean ECG, and an
ECG feature designed to discriminate OR and VF rhythms
after filtering the CPR artifact.

The rhythm analysis algorithm used was originally designed
to diagnose artifact-free ECG, and uses 3 consecutive ECG
intervals of 3.2 s to give a shock/no-shock decision. Succinctly,
for an in depth description consult chapter 4 (pages 63-111)
of [41], the decision is performed in three different stages.
The first one discriminates asystole segments by identifying
the absence of electrical activity based on the amplitude and
power of the ECG. In the second stage, three parameters
that identify the presence of QRS complexes are fed in
a binary classifier based on a multiple logistic regression
model to discriminate OR and shockable rhythms [42]. Finally
a patch is added to discriminate fast ventricular from
supraventricular rthythms [43]. The code for the computations
of the features is avaliable through [44]. The algorithm was
developed and tested following AHA recommendations for
arrhythmia analysis algorithms in defibrillators [36], and is
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fully AHA compliant [41], [42]. Furthermore, it is currently
in use in the Reanibex R-series defibrillator (Bexen Cardio S.
Coop., Ermua, Spain).

The algorithm was designed to diagnose artifact-free ECG,
and uses 9.6s ECG intervals to give a shock/no-shock
decision. In this work we fed the rhythm analysis algorithm
with a 9.6s interval of the filtered ECG (from 3.4s to 135),
the first 3.4 s were left out to avoid RLS filter transients.

The OR/VF discrimination feature is based on the slope of
the filtered ECG [25], and was computed using the same signal
interval of 5ccq(n) fed to the rhythm analysis algorithm (from
3.4 sto 13 s). The slope was obtained as the first difference, it
was then squared and passed through a moving average filter
of M samples (80 ms) and normalized by its maximum value,
to obtain:

M-1

d(n) = % (Becg(n — M) — Becg(n —m — 1)) (16)
m=0

(ammjg%)} n=0, e La—? (17

where L, = 9.6 - f is the length in samples of the interval.
The discrimination feature is called slope baseline (bS)[25]
and was obtained as the 10" percentile of d(n) in the analysis
interval. OR rhythms present large slopes only around QRS
complexes leading to low values of bS. In contrast, VF
rhythms present evenly distributed slopes, thus larger values
of bS. The averaging filter c ontributes to eliminate the effect
of filtering residuals [25].

B. Architecture of the MSA solution

The general architecture of the MSA solution for
the shock/no-shock decision during mechanical chest
compressions is shown in Fig. 2, and is composed of three
stages. The process starts by determining the number of
significant harmonics of the artifact using the generalized
Goertzel method (section III-B). In stage 1, the corrupt ECG
is coarsely filtered using the RLS filter with a A; ~ 0.990,
to identify AS segments. If the rhythm analysis algorithm
identifies a nonshockable rhythm the process ends, otherwise
stage 2 is activated. In stage 2, the corrupt ECG is finely
filtered using the RLS filter with a Ay ~ 0.999, in order to
preserve quick ECG variations like QRS complexes. Again if
the algorithm identifies a nonshockable rhythm the process
ends, otherwise stage 3 is activated. In stage 3, the finely
filtered ECG is used to compute bS and discriminate OR
from VFE. Four free parameters were left to optimize the
performance of the solution: the threshold to determine the
order of the CPR artifact model (), the forgetting factors of
the filters (A1 and A), and the bS threshold (p).

V. EVALUATION AND OPTIMIZATION

The performance of the method was evaluated by
comparing the shock/no-shock decisions of our method for
the filtered i ntervals w ith t he c linicians’ r hythm annotations
for the artifact-free intervals. The following metrics were

stage 1 Sh/NSh
Scor(rL) ‘éccgl (TI)
> R}\LIS »| RAA
Y
GGA | N Sh
~ stage 2
Secg2 ()
> R)\LZS 4 > RAA
Sh
= Signal flow stage 3
compute
Proccessing stage bS

Treatment decision

Fig. 2. Architecture of the MSA solution for shock (Sh) and no-shock (NSh)
decisions during mechanical compressions. The solution is composed of three
analysis stages: a first stage based on a coarse RLS adaptive filter (A1 ~ 0.99),
a second stage with a fine RLS filter (A2 ~ 0.999) and a third stage based on
the slope analysis (bS) of the filtered ECG. In stages 1 and 2 the decision is
based on an AHA commpliant rhythm analysis algorithm (RAA). The order N
of the RLS filters is determined using the Generalized Goertzel Algorithm
(GGA). The stages are activated sequentially and the process ends when a no-
shock decision is reached in stages 1 or 2, or with any diagnosis at stage 3.

computed: sensitivity (SE), the proportion of correctly
identified shockable segments; specificity (SP), the proportion
of correctly identified nonshockable segments; accuracy (Acc),
the proportion of correct decisions; and balanced accuracy
(BAC). The BAC is the mean value of SE and SP,

(18)

and gives an unbiased measure of the method’s perfomance
which is desirable during optimization given the different
prevalences of shockable and nonshockable segments in our
dataset. BAC can be interpreted as a particular case of the
unbiased mean of sensitivities for multiclass problems [45].

Data was partitioned patient-wise, 60% of patients were
included in the training dataset to optimize the values of ~,
A1, A2, and p, and 40% of patients were left for testing to
compute SE, SP, BAC and Acc. Since the partition of the
data can have a significant impact on the results, the process
was repeated for 500 random 60/40 patient-wise partitions to
obtain statistically meaningful results. We used 500 bootstrap
replicas because in our preliminary experiments a number of
replicas above 300 ensured the repeatability and reliability of
the estimates of the statistical distributions of the performance
metrics. These distributions of the performance metrics were
tested for normality using the Kolmogorov-Smirnov test, and
were reported as mean value and standard deviation since they
followed normal distributions.

For each of the 500 partitions the optimization process
comprised three steps. First, the pair (v, A1) that maximized
the BAC for stage 1 of the training set was determined by
doing a greedy search in the 0 < v < 0.07 and 0.985 <
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A < 0.995 ranges. Second, the value A, that maximized
the SP for OR in stage 2 was determined by searching the
0.9950 < A < 0.9999 range. Third, two values of p were
determined using the training segments that made it to stage
3. The first (p1) and second (ps) values set the threshold of
correctly detected VF segments at 99% (high SE) and 95%
(high SP), respectively.

The results were compared to those obtained for the
filtering methods proposed in the literature to suppress chest
compression artifacts from piston-driven devices: the LMS
filter [15], [34] and the comb filter[33], [34]. For a fair
comparative assessment, the training/test procedure used for
the RLS was replicated. Therefore, the filters were optimized
as in stage 1 of the solution proposed in this paper, that is by
adjusting (v, BW) in the comb filter and (v, ) in the LMS
filter. In the comb filter BW refers to the bandwidth around
each notch (multi-notch filter), and for the LMS filter p is the
step size of the LMS algorithm. The algorithmic details can
be found in the original references [15], [33], [34].

VI. RESULTS

The dependence of the order of the model, i.e. the number
of harmonics N, with the power threshold v is shown in
Fig. 3. For small values of the threshold, v < 0.005, the
median model order is above 20 but the variability is large.
For instance, for v = 0.005 model orders ranged from 8-30,
and in 90% of cases were in the 11-27 range. This indicates
that although many harmonics are required to accurately
represent the piston-driven chest compression artifact (N >
15), the variability is large from case to case, and that it is
important to adjust the order of the model in the prefiltering
stage. Furthermore, Fig. 3 shows differences in model order
depending on the underlying rhythm. Nonshockable rhythms
(AS and OR) presented larger orders than shockable rhythms,
because in the latter Goertzel’s coefficient estimation may be
affected by the spectral overlap of the underlying rhythm and
the artifact.

Fig. 4 shows filtering examples for the three rhythm types,
and the two filter configurations, coarse (A; = 0.990) and fine
filtering (A2 = 0.999). Both filter configurations reveal the
underlying VF equally well in the example in panel (a). For
nonshockable rhythms, coarse filtering has a larger negative
effect on signal amplitude in OR rhythms, as shown by the
lower amplitude of the QRS complexes in the example of panel
(b). However, fine filtering leaves a larger filtering residual
than can mislead rhythm analysis during AS, as shown in the
example of panel (c). So a compromise between both filtering
characteristics is needed for an accurate rhythm analysis. For
a better understanding of the filter characteristics (A1/A2)
with OR rhythm the reader can consult the additional filtering
examples in the supplementary materials, which also provide
additional filtering experiments that explain the differences
observed for OR rhythms for the two filter configurations.

The effectiveness of the RLS filter is summarized in Fig. 5,
which shows the SE, SP and BAC of the rhythm analysis
algorithm after filtering the chest compression artifact. This is
equivalent to using only stage 1 in the filtering solution. The

figure shows four implementations of the filter: for a fixed
order (/N = 30, v = 0), and for three case dependent orders,
with a small threshold (y = 0.002, i.e. large V), intermediate
treshold (v = 0.070, i.e. intermediate /V) and large threshold
(7= 0.400, i.e. small N). In addition the filter’s optimal
working range in the BAC sense is highlighted. The best
results were obtained for small ~, and the figure shows that a
case dependent order was particularly important to improve SP,
which is where CPR suppression filters are known to fail [6].

The performance metrics for the 500 random patient-wise
training/test partitions are shown in Table I. All metrics are
reported as mean (standard deviation). Metrics were computed
for different configurations of the filtering solution including
only one, two or all three stages described in Fig. 2. The
results are compared to the single stage LMS and comb filters
proposed in the literature, and to the results obtained for the
unfiltered ECG. Filtering increased the BAC by over 20-points
in all cases. The RLS filter was the best single stage method, its
BAC was 1.2-points above that of the LMS filter. Furthermore
the addition of stages 2 and 3 increased the overall BAC
by around 3-points and most importantly the SP by over
8-points. Stage 3 allows a trade-off between the SE and SP
of the solution. The 3-stage MSA solution produced SE/SP
pairs above the minimum 90/95 values recommended by the
AHA [36] for thythm analysis on clean ECGs. As in previous
works on shock/no-shock decision during manual CPR, the
performance goal for nonshockable rhythms was fixed at 95 %
specificity [9], [14]-[16], [24]. This is the AHA performance
goal for asystole and for rhythms other than normal sinus
rhythm. For safety reasons, the AHA recommends a 99 %
specificity for normal sinus rhythms. However, organized
rhythms during cardiac arrest are rarely normal sinus rhythms,
since restoration of a normal rhythm and pulse would imply
ceasing chest compression therapy.

The average characteristics of the optimal MSA solution
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Fig. 3. Distribution of the number of harmonics as a function of the harmonic
selection threshold (). The graph shows the median value and the 25-75
percentile range for the complete dataset. Data is shown for all cases
differentiated by rhythm type: OR, AS and shockable.
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(a) Example for an underlying VF
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Fig. 4. An example of unfiltered and filtered AS (a), OR (b) and VF (c) rhythms. The first graph of each panel shows the unfiltered ECG, whereas the other two
show the filtered ECG for both filtering stages, coarse filtering (A1 = 0.990) in the middle and fine filtering (A2 = 0.999) in the bottom graphs.
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Fig. 5. Performance metrics for a single stage RLS filter. Data was obtained for the whole dataset and is shown as a function of the forgetting factor of the filter (\)
for four thresholds: v = 0 (/N = 30 fixed), v = 0.002 (large V), v = 0.07 (intermediate /N) and v = 0.4 (small V). The highlighted region shows the optimal
range of the filter in the BAC sense, and shows that the best results were obtained for small v (red).

were A = 0.9899(0.0006), v = 2.3(1.3) - 1073,
A2 =0.9990 (0.0003), p1 = 7.7(4.3) 1072 and
p2 = 16.7(4.4) - 1073, On average 70.7% of segments were
diagnosed in stage 1, 5.4% in stage 2 and 23.9% in stage 3.
The drawback of an RLS based solution is the processing
time, and in particular the recursion formula for the gain
matrix which involves the multiplication of 2N x 2N matrices
(equation (14)). Our Matlab implementation of the RLS filter
(single stage) on an i7 3.2GHz single-core processor and
16 GB of memory took on average 85ms, considerably
more than the 17ms and 8 ms obtained for the LMS and
the comb filters, r espectively. T he ¢ omputational demands

of the RLS filter a re a cceptable f or t he i mplementation on

current monitor/defibrillators, b ut p rocessing d emands could

be reduced by an order of magnitude using an MSA solution
based on the comb filter, of five-fold using the LMS filter.We
implemented those solutions, by replicating the optimization
process used for the RLS filter and using for stage 2 a
bandwidth range of 0.08 < BW < 0.2 Hz for the comb filter,
and a step size range of 0.0009 < p < 0.002 for the LMS
filter, which are equivalent to the range of large forgetting
factors in the RLS filter. Table II compares the MSA solutions
based on the RLS, LMS and comb filters, and shows there
is a trade-off between diagnostic accuracy and computational
demands. The table also shows the classification per rhythm
type, to describe the effect of each stage of the MSA solution
on the accuracy for each rhythm type. In fact, the AHA’s
requirements for all rhythm types were only met by the

3-stage RLS based solutions.

VII. DISCUSSION

This paper introduces a MSA solution for an accurate
shock/no-shock decision during mechanical CPR. The solution
introduces and/or combines several features that contribute
to an increased decision accuracy: an improved CPR artifact
filter with a per case filter order (genelarized Goertzel
algorithm) and better tracking characteristics (RLS filter),
a two-stage filtering approach to improve SP, and a final
VF/OR discrimination algorithm to balance the SE and SP
of the solution. It improves the BAC, SP and Acc of
previous solutions by more than 5-points, 12-points and
10-points, respectively. The MSA is the first solution to meet
AHA’s criteria for SE/SP during mechanical compressions,
with a specificity above the 95 % AHA recommendation for
nonshockable rhythms other than sinus rhythm.

Mechanical compressions are delivered at a fixed frequency,
this allowed the realization of a simple and computationally
efficient method to determine the order of the model. Previous
attempts to remove the LUCAS 2 artifact focused on the
identification of an overall optimal model order[33], [34],
but our results show that model orders vary considerably
from case to case and that a case dependent order
contributes to an improved SP. RLS Fourier analyzers present
improved convergence, shorter transients and better tracking
properties [39] than the previously used LMS [14], [15], [19]
or Kalman filters[17]. The RLS filter improved the BAC
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of the LMS filterb y 1 .2-points, a nd t he e ffect w as larger
on the SP (see table I). The last two characteristics of
the MSA solution were inspired by two recent solutions to
allow accurate shock/no-shock decisions during manual CPR.
Iterative artifact filtering was introduced within the enhanced
adaptive filter (EAF) [16]. In our case, two filtering stages were
sufficient, a c oarse fi Iter to ma ximize BAC (stage 1) anda
fine filter to im prove the de tection of OR rh ythms (s tage 2).
The analysis of the slope, an approach introduced by Ayala et
al. [25] to classify the filtered E CG, i mproved the SP of our
method by 2-4 points depending on the configuration o f the
detection threshold. These two additions boosted the SP above
95% and were particularly important to increase SP for OR
rhythms by 10 to 14-points (see table II).

Mechanical chest compression devices are popular in
emergency services. Data from a US cardiac arrest registry
indicated that 45% of participating services routinely used
mechanical devices [46]. Current resuscitation guidelines
for instance recommend their use in situations where
sustained high quality manual chest compressions are
impractical or unsafe[32]. It is therefore important to
devise methods to reduce the compression artifact and
allow an accurate shock/no-shock decision during therapy.
When compared to filtering m anual ¢ ompression artifacts,

TABLE I
PERFORMANCE OF THE MSA SOLUTION PRESENTED STEP-WISE AND
COMPARED TO PREVIOUS PROPOSALS BASED ON LMS AND COMB FILTERS.

Method SE (%) SP (%) BAC (%) Acc (%)
Before filtering 50.7 83.9 67.3 77.5
MSA solution
stage 1 98.1 (1.0) 87.0(1.8) 92.5(1.1) 89.1 (1.5)
stage 2 974 (2.0) 93.5(1.2) 955 (1.0) 943 (1.0)
stage 3 (high SE) 95.0 (4.0) 954 (1.8) 952 (1.4) 953 (1.1)
stage 3 (high SP) 91.7 (6.0) 98.1 (1.1) 949 (2.6) 96.9 (0.9)
LMS [34] 98.6 (1.0) 84.0(1.8) 91.3(1.2) 86.8 (1.6)
Comb [33], [34] 97.1 (2.0) 843 (1.8) 90.7 (1.3) 86.8 (1.6)
TABLE 11

COMPARISON BETWEEN MSA SOLUTION BASED ON RLS, LMS AND
COMB FILTERS, INCLUDING PROCESSING TIMES.

SP (%)
MSA solution SE (%) AS OR ptime (ms)
RLS based
stage 1 98.1 (1.0) 93.0(2.7) 842 (2.2) 85
stage 2 974 (2.0) 953 (2.2) 927 (1.5 110
stage 3 (high SE) 95.0 4.0) 96.3 (2.3) 95.0 (2.1) 111
stage 3 (high SP)  91.7 (6.0) 98.0 (1.7) 98.1 (1.4) 111
LMS based
stage 1 98.6 (1.0) 87.7 (3.1) 823 (2.3) 16
stage 2 96.0 (2.0) 942 (2.3) 92.0 (1.6) 21
stage 3 (high SE) 944 (3.0) 95.0(23) 923 (1.6) 21
stage 3 (high SP) 90.4 (5.0) 953 (2.2) 924 (1.5) 21
COMB based
stage 1 97.1 2.0) 86.7 (4.1) 83.2 (2.6) 8
stage 2 94.6 2.0) 91.2(3.4) 89.3(2.1) 11
stage 3 (high SE) 924 (4.0) 93.6 2.7) 93.1 (2.7) 11
stage 3 (high SP) 88.8 (6.0) 959 (24) 969 (1.7) 11

mechanical compression artifacts present advantages and
challenges. Mechanical artifact filtering is easier because the
compression frequency is fixed and the artifact waveform
pattern more stable [34]. Challenges include larger artifact
amplitudes [33], [34], and larger harmonic content, producing
models with very large orders and increased computational
cost.

Many CPR artifact filters for manual chest compressions
have used additional reference signals to model the
artifact [7], [9], [11]-[13], [16]. The acquisition of signals like
compression depth, acceleration or force makes defibrillator
hardware more complex and expensive, so these reference
signals are not universally available [6]. Irusta et al showed
that chest compression rate derived from the depth signal
was sufficient to accurately model the artifact[15]. In fact,
when compared on the same data and with the same
shock/no-shock decision algorithm, adaptive filters based only
on chest compression rate were as accurate as adaptive filters
using four reference channels [47]. Piston-driven mechanical
chest compressions are delivered at a fixed frequency, so the
problem is further simplified because depth or impedance are
no longer needed to determine the chest compression rate.
Furthermore, for manual CPR computing chest compression
rate from signals like impedance, depth or force requires
algorithms that accurately identify compression related fiducial
points (maximum depth). These fiducial points cannot be
always accurately determined, and this negatively affects the
performance of the adaptive solutions based only on rate [14].
Our simulations for the MSA method on manual CPR
data (see Section I of the supplementary materials) confirm
this hypothesis. Artifact filtering during manual CPR based
only on the ECG involves an additional stage to determine
compression frequency for which methods using spectral
analysis [20], [48], empirical mode decomposition[19], or
coherent line removal [18] have been devised. Some of these
methods could be adapted in the future to implement a
prefiltering stage to determine a case dependent model for
manual CPR artifacts. Increasing the SP of shock/no-shock
decisions during manual chest compressions remains a
challenge but future solutions should probably include
multistage filters and post-filtering stages such as spiky artifact
detectors [16] and ad-hoc solutions to discriminate rhythms
based on the filtered ECG [21], [24], [25].

This study has some limitations. First, the MSA method
is computationally demanding. The filtering stages could
be simplified using computationally efficient RLS Fourier
analyzers [39], LMS filters, or comb filters, but the cost would
be a lower accuracy. Second, compressions were delivered
using a piston-driven device, and artifact characteristics may
differ when load distribution bands are used. Third, data
were gathered using only one monitor/defibrillator model and
extrapolation of the results to other models may involve
adjusting the method for different sampling frequencies,
voltage resolutions and ECG acquisition bandwidth. And
fourth, data was gathered from a single emergency service, and
there may be differences in resuscitation protocols and device
usage across services [46] that may alter the characteristics of
the CPR artifacts.
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VIII. CONCLUSIONS

This paper introduces the first method to give
a  shock/no-shock  diagnosis compliant with AHA
recommendations for shockable (SE above 90%) and

nonshockable rhythms (SP above 95% for rhythms other
than sinus rhythm) during mechanical chest compressions.
The MSA method had an SE of 91.8% and an SP of 98.1%,
for an accuracy of 96.9%. A two stage filtering approach
combined with an ad-hoc algorithm to differentiate OR from
VF were implemented to increase the SP, which was well
below 90% in all previous studies. This new approach to
rhythm diagnosis during chest compressions may open the
possibility of diagnosing the rhythm without interrupting
compression therapy.
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