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Abstract— Objective: There is a need to monitor the heart
rhythm in resuscitation to improve treatment quality. Re-
suscitation rhythms are categorized into: ventricular tachy-
cardia (VT), ventricular fibrillation (VF), pulseless electrical
activity (PEA), asystole (AS), and pulse-generating rhythm
(PR). Manual annotation of rhythms is time-consuming and
infeasible for large datasets. Our objective was to develop
ECG-based algorithms for the retrospective and automatic
classification of resuscitation cardiac rhythms. Methods:
The dataset consisted of 1631 3-s ECG segments with clin-
ical rhythm annotations, obtained from 298 out-of-hospital
cardiac arrest patients. In total, 47 wavelet- and time-
domain-based features were computed from the ECG. Fea-
tures were selected using a wrapper-based feature selection
architecture. Classifiers based on Bayesian decision the-
ory, k-nearest neighbor, k-local hyperplane distance near-
est neighbor, artificial neural network (ANN), and ensemble
of decision trees were studied. Results: The best results
were obtained for ANN classifier with Bayesian regulariza-
tion backpropagation training algorithm with 14 features,
which forms the proposed algorithm. The overall accuracy
for the proposed algorithm was 78.5%. The sensitivities (and
positive-predictive-values) for AS, PEA, PR, VF, and VT were
88.7% (91.0%), 68.9% (70.4%), 65.9% (69.0%), 86.2% (83.8%),
and 78.8% (72.9%), respectively. Conclusions: The results
demonstrate that it is possible to classify resuscitation car-
diac rhythms automatically, but the accuracy for the orga-
nized rhythms (PEA and PR) is low. Significance: We have
made an important step toward making classification of re-
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suscitation rhythms more efficient in the sense of minimal
feedback from human experts.

Index Terms—Cardiac arrest, cardiopulmonary resus-
citation, cardiac rhythm classification, feature extrac-
tion/selection, nested cross-validation.

I. INTRODUCTION

D IFFERENT resuscitation actions such as chest compres-
sions, ventilations, drugs, and electrical shocks are key

elements in the treatment of cardiac arrest victims [1], [2]. The
therapeutic efforts during resuscitation frequently have an ef-
fect on the patients’ cardiac rhythm, for instance a defibrillation
shock may convert a lethal ventricular fibrillation into a nor-
mal perfusing heart rhythm; or provision of chest compressions
can revitalize the heart causing within-rhythm changes and also
transitions between rhythms. Analysis of the patterns in rhythm
changes may provide important information about the quality of
the therapy [3], [4] contributing to identify factors that influence
survival. Thus, rhythm classification is crucial for retrospective
evaluation of treatment decisions, and ultimately to improve the
quality of treatment [5].

Currently, cardiac rhythm classification for retrospective
review of resuscitation episodes relies on a cumbersome,
time-consuming, and error-prone manual annotation process.
Resuscitation datasets frequently contain hundreds of cases and
several hundred hours of recordings, making manual annota-
tion inefficient and time-consuming. An automatic or semi-
automatic rhythm classification system would substantially
ease the burden of manually inspecting and annotating such
large databases. Rhythm classification is based on the analy-
sis of biomedical signals, particularly of the electrocardiogram
(ECG). Other signals recorded by external defibrillators, such
as transthoracic impedance (TTI), chest compression depth re-
lated acceleration, and/or the capnogram are used to extract ad-
ditional information about therapeutic interventions like chest
compressions and ventilations during cardiopulmonary resusci-
tation (CPR) [6]–[9]. Although the TTI or the capnogram may
help in rhythm classification, these signals are unavailable in
many external defibrillators. And even if available they are not
recorded during long intervals (capnogram), or are recorded
without sufficient amplitude and/or time resolution required for
rhythm classification (TTI).
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Fig. 1. Examples of 3 s segments of the five different rhythm types (AS, PEA, PR, VF, VT) observed during resuscitation of cardiac arrest patients.
The y axes are the amplitudes of the ECG in mV. This figure illustrates the high variability within the same class (intraclass variability) and the
similarities between distinct classes (interclass similarity).

Current resuscitation guidelines and treatment recommenda-
tions [2] group cardiac rhythms during resuscitation into five
categories: ventricular fibrillation (VF), pulseless ventricular
tachycardia (VT), pulseless electrical activity (PEA), asystole
(AS), and pulse-generating rhythms (PR). VF and VT are lethal
ventricular arrhythmias that can be effectively treated through
an electrical defibrillation shock. In VT the ventricular activ-
ity is more regular and during VF more chaotic. During PEA
the heart has an organized electrical activity but no myocardial
muscle activity and no palpable pulse. During AS the heart has
neither electrical nor mechanical activity. PR rhythms are those
observed when the cardiac arrest patient recovers spontaneous
circulation.

Shock advice algorithms for defibrillators [10]–[14] require
only a gross rhythm categorization into shockable (VF, VT)
and non-shockable (PR, PEA, AS). However, other therapeutic
interventions such as the evaluation of CPR quality [5], [15],
the analysis of spontaneous or therapy induced rhythm transi-
tions [3], [4], [16], and the detection of pulse [17]–[19] involve
the five rhythm types mentioned above.

An accurate five class resuscitation rhythm classification
based on the ECG only is particularly challenging. As shown in
Fig. 1, the ECG of rhythms within a class can be very different
(intraclass variability), and there are many borderline cases in
which the ECGs of rhythms from different classes are very sim-
ilar (interclass similarity). So far, clinical applications such as
shock advice algorithms [10]–[14], or pulse detection (PEA/PR
discrimination) [17]–[19] have been the focus of rhythm classi-
fication during resuscitation. However, these applications pose

simpler problems based on dichotomous decisions. To the best
of our knowledge only our previous attempts [20]–[22] have
addressed the detailed classification of resuscitation rhythms
based on the ECG.

This work is a comprehensive technical description of ECG-
based five class resuscitation rhythm classifiers. It thoroughly
describes features derived from the wavelet analysis of the ECG,
and combines them with classical shock advice algorithmic fea-
tures. It introduces an improved feature selection scheme based
on a nested cross-validation (CV) technique, and multiple ex-
periments with different classification approaches. Finally, an
algorithm is proposed using an optimal set of features and the
best classifier.

II. ECG DATASET

ECG data were extracted from 298 cases of out-of-hospital
cardiac arrest (OHCA). The original study was conducted
by Wik et al. [15] to measure the quality of CPR in three
European locations: Akershus (Norway), Stockholm (Sweden),
and London (UK), between March 2002 and September 2004.
Modified defibrillators based on the Heartstart 4000 (Philips
Medical Systems, Andover, MA, USA) were placed in six am-
bulances in each location. Data from each resuscitation case
were collected in data cards. The raw data consisted of the ECG,
TTI, compression depth related acceleration, and pad pressure
signals, all sampled at 500 Hz (fs = 500) with 16 bit resolution.
The ECG had a resolution of 1.031 μV per least significant bit.

All recordings were originally annotated by expert review-
ers into the five resuscitation rhythm categories [15]. AS was
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defined as peak-to-peak amplitude below 100 μV, and/or rates
under 12 bpm. Rhythms with supraventricular activity (QRS
complexes) and rates above 12 bpm were labeled as either PR or
PEA. Pulse annotations (PR) were based on clinical annotations
of return of spontaneous circulation (ROSC) made in patient
charts during CPR, and on the observation of fluctuations in the
TTI signal aligned with QRS complexes. Irregular ventricular
rhythms were annotated as VF (coarse VF was defined for peak-
to-peak amplitudes above 200 μV). Fast and regular ventricular
rhythms without pulse, and rates above 120 bpm were annotated
as VT.

For this study, segments from the original OHCA episodes
were automatically extracted using the manually annotated
rhythm labels and information about the time intervals of defib-
rillation and chest compression sequences. The following crite-
ria were used: 3-second duration, a single rhythm type, and no
chest compression artifacts. These criteria were established to
mimic segment durations used in shock advice algorithms [10],
[23], and to secure a unique rhythm label on an artifact-free
segment, as recommended by the American Heart Association
(AHA) for shock advice algorithms [24]. Rhythm analysis dur-
ing chest compressions is currently unreliable even for shock
advice algorithms [25], and is therefore outside the scope of this
work.

All segments were reviewed and audited to be compliant with
the rhythm definitions, and to the AHA recommendations. Two
biomedical engineers, experienced in resuscitation data process-
ing, and not involved in the development of the classification
algorithms, double blindedly reviewed the segments. Segments
with severe noise, ongoing chest compressions, incorrect rhythm
annotations (transitional rhythms), or low ECG signal quality
were either relabeled, removed, or re-extracted. The final anno-
tated dataset of segments consisted of 388 AS (n = 217 patients),
366 PEA (n = 200), 264 PR (n = 111), 377 VF (n = 157), and
236 VT (n = 32).

III. EVALUATION CRITERIA

Sensitivity (Sen) and positive predictive value (PPV) were
used to evaluate the performance of the classifiers. Since
these metrics are defined for binary classification the approach
presented in [26] was used to generalize them to our multi-
class problem. The new definitions are based on the contin-
gency table shown in Table I, where Ni,j represents the num-
ber of samples of class i (expert label) classified as class j
(algorithmic result). In our case i, j ∈ {AS, PEA, PR,
VF, VT} ≡ {1, 2, 3, 4, 5}. Consequently, the total number of
samples Ri in class i and the total number of algorithmic deci-
sions Cj for class j can be expressed as:

Ri =
5∑

j=1

Ni,j and Cj =
5∑

i=1

Ni,j . (1)

The total number of samples is then:

Ntot =
5∑

i=1

5∑

j=1

Ni,j =
5∑

i=1

Ri =
5∑

j=1

Cj . (2)

TABLE I
CONTINGENCY TABLE FOR CLASSIFICATION OF RESUSCITATION

CARDIAC RHYTHMS

Algorithm Label
∑

AS PEA PR VF VT

AS N1 , 1 N1 , 2 N1 , 3 N1 , 4 N1 , 5 R1

Expert PEA N2 , 1 N2 , 2 N2 , 3 N2 , 4 N2 , 5 R2

Reviewers’ PR N3 , 1 N3 , 2 N3 , 3 N3 , 4 N3 , 5 R3

Label VF N4 , 1 N4 , 2 N4 , 3 N4 , 4 N4 , 5 R4

VT N5 , 1 N5 , 2 N5 , 3 N5 , 4 N5 , 5 R5
∑

C1 C2 C3 C4 C5 N t o t

Numerical class equivalences are: 1 ≡ AS, 2 ≡ PEA, 3 ≡ PR, 4 ≡ VF,
5 ≡ VT.

The definitions for true positive (TP), false positive (FP), false
negative (FN), and true negative (TN) are generalized for class
i as follows:

TPi = Ni,i

FPi = Ci − Ni,i

FNi = Ri − Ni,i

TNi = Ntot − TPi − FPi − FNi

= Ntot − Ri − Ci + Ni,i . (3)

Therefore, the performance metrics for class i are defined as:

Seni =
TPi

Ri
=

Ni,i

Ri
and PPVi =

TPi

Ci
=

Ni,i

Ci
. (4)

Finally two global measures of performance were used to
summarize the full confusion matrix into a single parame-
ter [26]. These parameters are the multiway accuracy (MulAcc)
and the unweighted mean of sensitivities (UMS) defined as:

MulAcc =
1

Ntot

5∑

i=1

Ni,i and UMS =
1
5

5∑

i=1

Seni . (5)

Multiway accuracy measures the total accuracy of the classi-
fier, but is sensitive to class imbalance, because it weights every
sample equally. Classes were only slightly imbalanced in our
dataset and MulAcc was therefore adopted as the main perfor-
mance criterion. We also report UMS because by weighting all
classes equally, it is unaffected by class imbalance.

IV. FEATURE ENGINEERING AND MODEL ASSESSMENT

A. Feature Extraction

In our previous studies [20]–[22] the wavelet approach was
identified as the most promising feature extraction method. In
the current study a set of 32 features based on the discrete
wavelet transform (DWT) was extracted and combined with
12 classical features for shock/no-shock classification, and 3
features derived from R wave detection.

The DWT was employed for multiresolution analysis of the
ECG [27]. The 3-second ECG segments were decomposed into
its subbands with the Daubechies 4 wavelet [28] and 8 levels of
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decomposition. At each level of decomposition the DWT can be
implemented by a pair of lowpass/highpass filters which decom-
pose the signal into the lower and upper halves of the subband
under analysis (dyadic wavelet transforms). The decomposition
process of the original ECG segment, secg(n), in J levels can
be represented by Mallat’s fast algorithm [29]:

a0(n) = secg(n)

aj+1(p) =
∑

n

h0(n − 2p)aj (n)

dj+1(p) =
∑

n

h1(n − 2p)aj (n) (6)

in which h0 and h1 are conjugate mirror filters correspond-
ing to the scaling and wavelet functions, and aj+1 and dj+1
are approximation and detail coefficients of level j + 1 (j =
0, 1, 2, · · · , J − 1). In addition, the reconstruction process can
be formulated by the following equation:

aj (p) =
∑

n

h0(p − 2n)aj+1(n) +
∑

n

h1(p − 2n)dj+1(n).

(7)
In the current study, each 3-second ECG segment was decom-

posed into eight-octaves (J = 8) to generate nine sets of coef-
ficients (a8 , and d8 to d1) roughly corresponding to the follow-
ing frequency bands: 0-0.98 Hz, 0.98-1.95 Hz, 1.95-3.91 Hz,
3.91-7.81 Hz, 7.81-15.62 Hz, 15.62-31.25 Hz, 31.25-62.5 Hz,
62.5-125 Hz, and 125-250 Hz. For feature extraction, only de-
tail coefficients of level 4-8 (d4-d8) were used. This process
is equivalent to retaining the spectral components in the 0.98-
31.25 Hz band, which is similar to the typical automated ex-
ternal defibrillator (AED) analysis band. The other coefficients
(d1-d3 , and a8) either do not contain useful information or they
correspond to high-frequency/low-frequency noise. Thus, the
clean ECG, s(n), was obtained by using (7) and setting d1 , d2 ,
d3 , and a8 , equal to zero.

The 32 DWT features were computed using the clean ECG,
s(n), and its 5 detail coefficients dm (n), m = 4, 5, · · · , 8. The
first 15 features statistically characterize the amplitudes of
dm (n) in terms of interquartile ranges (IQR) (1-5), variances
(6-10) and first quartiles (11-15). The next 11 features are sta-
tistical and morphological descriptors of the amplitudes of s(n)
and its first and second forward differences:

.
s(n)=s(n+1) − s(n),

..
s(n) = s(n + 2) − 2s(n + 1) + s(n).

(8)
Features 16-18 are the IQRs of s(n),

.
s(n) and

..
s(n). Features

19-21 are based on the central moments of s(n):

μq,s =
∣∣E

[
(s(n) − μs)q

]∣∣ 1
q for q = 2, 3, 4 (9)

where μs is the mean value of the signal, and the absolute value
of the q-th central moment is raised to the 1/q power so that
features are in the amplitude units of s(n). Features 22 and 23
were obtained by applying (9) to

.
s(n) for q = 3, 4. Features

24-26 are the amplitude range, and the positive and negative

area counts of s(n) over the 3-second segment:

1
2

3fs∑

n=0

(
s(n) + |s(n)|) and

1
2

3fs∑

n=0

(
s(n) − |s(n)|). (10)

Then, s(n) was modeled as an order 4 autoregressive (AR)
process:

s(n) = −
4∑

k=1

aks(n − k) + v(n). (11)

The coefficients of the model, ak , and the variance of the white
noise term v(n), σ2

v , were used as features 27-31. These values
were estimated using Burg’s method [30], and completely char-
acterize the power spectral density of the ECG when modeled as
an AR(4) process. Finally feature 32 is the number of peaks with
values larger than 0.2 of R̃(n), the normalized autocorrelation
function of s(n):

R(�) =
3fs −�∑

n=0

s(n + �)s(n), � = 0, 1, · · · , 3fs

R̃(�) =
R(�)
R(0)

. (12)

The final set of 47 features was built adding 12 classical
shock/no-shock features, and 3 R wave detection features, all
computed using s(n). Shock/no-shock decision features have
been comprehensively studied by Figuera et al. in the context
of OHCA [31]. For this study the best performing 12 features
were added:

1) Time domain features: bWT, bCP and ECG power [10],
count3 [32], MAV [33], TCSC [34] and x1 [23].

2) Spectral features: vFleak [35] and x3 [23].
3) Time-frequency feature: Li [36].
4) Complexity features: sample entropy (SampEn) and

phase space reconstruction (PSR) [37].
In addition QRS complexes were detected using a QRS detec-

tor based on the Hamilton-Tompkins approach [38], and three
features were added to measure the number of beats, and the
mean duration and dispersion of the cardiac cycle, RR and σRR,
respectively.

B. Feature Selection and Model Assessment

Fig. 2 shows the nested cross-validation (CV) architec-
ture [39] used for feature selection (FS) and model assessment.
In the CV loops data were always partitioned to secure that dif-
ferent patients were used in the development and testing sets
(patient-wise CV). In the model assessment loop (outer loop)
10-fold CV was applied to evaluate the performance of the main
classifier. In this loop the three-sigma rule [40] was used to re-
move outliers from the training data (inner loop), but not from
the testing data. The features used in the main classifier were
selected in the FS loop (inner loop), using 5-fold CV and the
wrapper-based approach [41]. In the wrapper-based approach
an internal FS classifier was used for feature selection, and the
feature subset that minimized its error rate (Err = 1 − MulAcc)
was selected. In this work we used a linear discriminant
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Fig. 2. Nested cross-validation architecture used for feature selection
and model assessment.

analysis (LDA) classifier in the inner loop (FS classifier) and
“plus �-take away r,” PTA(�, r), search strategy for feature sub-
set selection [42].

PTA(�, r) combines sequential forward selection (SFS) [43]
and sequential backward selection (SBS) [44] to avoid the “nest-
ing effect” of SFS and SBS. Each step of PTA(�, r) is divided
into two substeps. First SFS is run to sequentially add the �
best new features, and then SBS is run to sequentially remove
the r least useful ones. If � > r, PTA(�, r) starts with SFS and
the initial empty feature subset. For � < r, PTA(�, r) starts with
SBS and the initial full feature set [45]. In both cases, these
two substeps are iteratively applied until a specific number of
features is selected. After trying several combinations of � and r
we adopted a PTA(4,5) search strategy with 14 selected features
on each fold of the outer CV loop.

V. CLASSIFIER MODELS

A. Classifiers Based on Bayesian Decision Theory

Bayes classifiers are based on selecting the most probable
class for a given observation, thus minimizing the probability
of erroneous classifications [46]. The probability of having a
class ωi given a new observation (feature vector) x, P (ωi |x), is
derived from the class conditional probability densities (CCPD),
p(x|ωi), and the class prior probabilities P (ωi) using Bayes’
theorem. CCPDs can be estimated from the observations using
different models:

1) LDA: CCPDs are multivariate Gaussian distributions
with a fixed covariance matrix (homoscedasticity).

2) Quadratic discriminant analysis (QDA): CCPDs with dif-
ferent covariance matrices (heteroscedasticity).

3) Gaussian Mixture Model (GMM): CCPDs are linear com-
binations of Gaussians [47]. We minimized the Akaike
information criterion (AIC) [48] to determine the optimal
number of Gaussian distributions per class.

TABLE II
FEATURES RANKED BY N , THE NUMBER OF TIMES THEY WERE SELECTED

IN 10 RANDOM REPETITIONS OF THE 10-FOLD CV

Feature N Feature N Feature N Feature N

SampEn 100 TCSC 66 μ2 , s 52 a3 37
Var(d7 ) 79 Li 58 μ4 , s 47 MAV 36
a1 78 a2 55 Var(d5 ) 46 IQR(d6 ) 35
σRR 71 IQR(

.
s(n)) 54 IQR(d7 ) 43 RR 31

Var(d6 ) 67 Var(d8 ) 52 IQR(
. .
s (n)) 40 IQR(d8 ) 30

Var is variance, ai and di are AR and detail coefficients, respectively.

B. K-Nearest-Neighbor (KNN) Rule

In KNN each query sample is assigned to the most frequent
class of its K closest neighbors. Proximity between two obser-
vations was measured using the Euclidean distance.

C. K-Local Hyperplane Distance Nearest-Neighbor
(HKNN)

HKNN is an extension of KNN that improves accuracy to the
level of kernel-based support vector machines [49]. In HKNN
each class is modeled as a low dimensional manifold embedded
in a high dimensional feature space, and the class of a query
sample is that of the nearest class-specific manifold [50]. Class-
specific manifolds are represented by a set of local hyperplanes
determined by the K-nearest points to a query sample. We used a
regularized Euclidean distance to determine proximity. A decay
penalty term, controlled by the regularization parameter λ, was
added to penalize moving away from the centroid of the K-
nearest points.

D. Artificial Neural Network (ANN)

ANNs consist of a set of interconnected nodes (neurons),
in which the output of the node is a non-linear function of
a linear combination of its inputs. The weights of the lin-
ear combinations are determined during the network’s train-
ing phase. In this study we used feedforward ANNs with two
hidden layers, a hyperbolic tangent activation function for the
neurons, and the same number of hidden neurons per layer:
Nh = 5, 10, 15, 20, 25, 30, 35. The number of neurons in the
output layer is 5 for the five-class classification task. We fol-
lowed two strategies to train the ANN, resilient backpropa-
gation [51] and Bayesian regularization backpropagation [52],
ANNRprop and ANNBreg, respectively in what follows.

E. Ensemble of Decision Trees

Ensemble algorithms combine the outputs of multiple clas-
sifiers to improve performance. We used ensembled decision
trees (EDT), and the ensemble’s diversity was achieved using
bagging [53], i.e., bootstrapped replicas of the training data.
Each replica, the size of the training set, was obtained by ran-
dom selection with replacement. Thus, training subsets had
significant overlap, with many samples present in most sub-
sets, and some samples present multiple times in a subset [54].
Each training data-subset was fed into a decision tree, which
generates sufficiently different decision boundaries. The test
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TABLE III
THE RESULTS OF ALL EIGHT CLASSIFIERS WITH DIFFERENT PARAMETERS

AS PEA PR VF VT

Algorithm MulAcc UMS Sen PPV Sen PPV Sen PPV Sen PPV Sen PPV

LDA 76.27 75.72 88.14 83.41 61.75 70.40 64.39 68.55 83.82 82.72 80.51 70.37
QDA 74.00 72.89 89.95 86.39 67.76 67.76 57.95 65.38 75.07 79.49 73.73 64.21
GMM 74.74 73.56 91.75 88.56 60.66 67.68 67.80 59.27 80.64 81.28 66.95 70.22
KNN, K = 25 76.09 74.73 88.66 84.94 66.39 67.69 57.95 70.18 86.47 80.30 74.15 72.02
HKNN, K = 13, λ = 100 77.01 76.44 89.18 87.37 64.48 67.82 65.53 66.54 82.49 85.21 80.51 75.52
ANNRprop, Nh x = 25 77.81 76.98 86.86 90.35 69.67 70.44 65.53 67.32 84.88 82.69 77.97 73.03
ANNBreg, Nh x = 25 78.48 77.57 88.66 91.25 69.40 71.95 66.29 68.09 85.94 82.86 77.54 72.33
EDT+SBS, NDT = 100 77.99 77.14 89.18 92.27 67.76 68.32 67.05 67.30 84.62 82.22 77.12 75.21

Proposed Algorithma 78.54 77.69 88.66 91.01 68.85 70.39 65.91 69.05 86.21 83.76 78.81 72.94

aIn the proposed algorithm we used ANNBreg classifier with the top 14 ranked features, as described in Table II.

data were classified by taking the majority vote of all clas-
sifiers. In this work we used EDTs with different number of
trees (NDT = 20, 50, 100, 200, 300, 500), and a deep architec-
ture (i.e., decision trees with many leaves and branch nodes).

VI. RESULTS

The 8 classifiers described above were evaluated. All features
were normalized to the [−1, 1] range, and in each internal CV
loop 14 features were obtained using the PTA(4,5) FS strategy.
Then classifiers were trained with those 14 features on the train-
ing data of the external CV loop, and tested on the testing data,
as shown in Fig. 2. All results refer to the test set.

Table II shows the features ranked by the number of times they
were selected in 10 random repetitions of the 10-fold CV proce-
dure. The most frequently selections include classical shock/no-
shock decision features such as SampEn, TCSC, Li, or MAV,
features from the analysis of the cardiac cycle, σRR or RR, and
several of the features introduced in this paper. These new fea-
tures are the statistical descriptors of detail coefficients d5 − d8 ,
the AR model coefficients and the statistical moments of the de-
noised signal, s(n), and statistical descriptors of its first and
second forward differences,

.
s(n) and

..
s(n).

The optimal configuration, multiway accuracy, and un-
weighted mean of sensitivities of the eight classifiers are shown
in Table III. The table also shows the sensitivity and positive pre-
dictive value of the algorithms for each rhythm type. The best
results were obtained for an ANN with Bayesian regularization
(ANNBreg) and 25 hidden neurons per layer.

A final algorithm was designed, the proposed algorithm,
based on the results shown in Tables II and III. Only those
features that were selected more than 40 times in the feature
ranking procedure (see Table II) were used in an ANNBreg
classifier with Nh = 25. The performance of the proposed al-
gorithm was tested using 10-fold CV scheme. Table IV shows
the detailed results in the form of a confusion matrix and the
accuracies are reported in Table III. MulAcc was increased to
78.54%. As shown in the confusion matrix most classification
errors occured between PEA/PR, PEA/AS, AS/VF, and VT/VF.

VII. DISCUSSION

This paper provides the comprehensive technical description
of ECG-based resuscitation rhythm classifiers using different

TABLE IV
CONFUSION MATRIX OF THE PROPOSED ALGORITHM

Proposed Algorithm Label

AS PEA PR VF VT

AS 344 30 1 13 0
Expert PEA 21 252 65 15 13
Reviewers’ PR 0 67 174 1 22
Label VF 12 5 1 325 34

VT 1 4 11 34 186

machine learning techniques. These algorithms are intended for
offline annotation, in a system for the comprehensive retrospec-
tive analysis of resuscitation episodes. Resuscitation datasets
can easily grow to the thousands of cases, and each case is nor-
mally between 30 minutes and one hour long. In this period
several rhythm transitions occur, either spontaneous or as a con-
sequence of therapeutic interventions such as defibrillation or
CPR. The proposed algorithm will ease the annotation process,
i.e. the review process of such datasets. The rhythm classifier
would process the ECG continuously and could be used along
with chest compression detection [6] and CPR artifact removal
filters [55] for rhythm annotation during CPR. This will allow
fully automatic review of resuscitation episodes as described
in [56].

The multiyway accuracy of the proposed algorithm is 78.5%,
a considerable advance because the baseline random guess accu-
racy for a balanced five class problem is only 20%. Compared
to our previous work [20], evaluation on a quality controlled
dataset, the use of advanced classifiers, extended feature sets,
and a robust feature selection increased the accuracy by 10
percentage points. The current version of our system is semi-
automatic since it would involve a final quality assurance review
of the annotations by expert clinicians. However, the workload
would be substantially reduced opening the possibility of anno-
tating large cardiac arrest databases.

A. Performance of the Classifiers and Feature Selection

The best classification results were obtained for ANNBreg,
although comparable results were obtained for EDT, ANNR-
prop, or HKNN classifiers. Classifiers based on Bayesian deci-
sion theory had lower accuracy, probably because of simplistic
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CCPD model assumptions and/or insufficient data to estimate
the CCPDs. The features selected for the proposed algorithm
show the importance of a multidomain analysis of the ECG [31].
Classical quantitative measures of complexity (SampEn), heart
rate (TCSC), morphological consistence (Li), and dispersion
of the cardiac cycle (σRR) were selected along five statistical
measures of detail coefficients d5 − d8 , two AR coefficients (a1
and a2), two modified central moments of the denoised sig-
nal s(n) (μ2,s and μ4,s), and one statistical descriptor (IQR)
of the signal’s first difference (slope). The statistical measures
of d5 − d8 quantify variability of the ECG components in four
subbands of the 1-16 Hz frequency range. Remarkably features
related to d4 (16-31 Hz) were not selected probably because
resuscitation rhythms are either ventricular or supraventricular
with low heart rates and aberrant QRS complexes. Two of the
four AR model coefficients were included, suggesting that the
shape of the spectral distribution of the rhythms is a distinctive
characteristic.

The classifier is not conceived for real-time analysis of the
ECG, so processing time is not an issue. Feature selection was
therefore addressed using a wrapper-based method instead of
filter based methods, to favor accuracy over speed [57].

B. Sources of Misclassification

The confusion matrix for the proposed algorithm, Table IV,
shows the main sources of misclassification. Classification er-
rors can be grouped into four categories [20]:

1) Errors in PEA/PR discrimination, providing evidence
of the limitations of detecting pulse using the ECG
alone [18], [19].

2) Errors due to borderline rhythms such as: VF with low
amplitudes and/or dominant frequency (AS/VF), brady-
cardic rhythms (AS/PEA), tachycardias of either ventric-
ular or supraventricular origin (VT/PEA, VT/PR), and
irregular or polymorphic VT (VF/VT).

3) Errors due to transitional states between rhythms.
4) Errors in rhythm interpretation immediately after stop-

ping chest compressions.
PEA/PR discrimination deserves special attention. Pulse de-

tection during resuscitation is of paramount importance. In fact,
resuscitation efforts focus on restoring pulse. Currently PEA/PR
discrimination uses other signals combined with the ECG, such
as impedance [17]–[19], or the restoration of normal values in
the capnogram. This paper explores the limits of using the ECG
alone, and therefore Sen and PPV values for PEA and PR are
lower than for other rhythms (see Table III). However, by com-
bining PEA and PR into an organized rhythm class (ORG) [23]
the overall accuracy increases to 86.6% and the Sen/PPV values
for ORG would be 88.6%/91.5%.

Borderline rhythms are intrinsically difficult to detect. These
cases could be automatically identified and labeled as dubious,
for instance by analyzing the amplitude of VF/AS rhythms.
The final decision would be left to the clinician in the quality
assurance process. Other borderline cases may require ad hoc
algorithms such as the discrimination of supraventricular and
ventricular rhythms during resuscitation [58].

Rhythm dynamics during resuscitation are complex and
rhythm transitions may be frequent [4]. These transitional states

are challenging for a short 3-second analysis window. Misclas-
sifications caused by rhythm transitions can be addressed using
sequential classification algorithms based on the analysis of con-
secutive windows [10]. Approaches based on hidden Markov
models (HMM) [59] and conditional random fields (CRFs) [60]
will be further investigated.

C. Future Work

Quality assurance in resuscitation episode review requires
higher accuracy. Future directions of work will involve: (1) the
use of additional signals, such as TTI or the capnogram, to
detect circulation; (2) sequential algorithms to combine consec-
utive analysis (transitional states); and (3) ad hoc algorithms for
borderline rhythms. Adding signals like the TTI or the capno-
gram may limit the applicability of the algorithm, but would
make it more accurate for those datasets that have those signals
available.

VIII. CONCLUSION

This paper lays the groundwork for automatic resuscitation
rhythm classification using only ECG, for use in the resuscita-
tion data review process. The proposed algorithm has an accu-
racy of 78.5%. Further work is needed for quality assurance of
resuscitation data review. Research directions towards this goal
have been identified.
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