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Simple wavelet-based features for arrhythmia identification
from HRV signals based on an artificial immune system
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Abstract. This paper presents two simple wavelet-based features for automatic arrhythmia
identification from heart rate variability (HRV) signals. Decomposition provided by the
stationary wavelet transform is used in order to filter possible changes in the HRV signal
baseline and highlight abrupt fluctuations between two consecutive RR-intervals. From
detail wavelet coefficients, two simple features named Range and Peaks are derived and
used as input to a classifier. The classifier implemented is an artificial immune system (AIS)
that has not yet been applied to the related problem. Results showed that proposed features,
as well as the AIS are suitable for arrhythmia identification from HRV series, pointing that
future research should be conduced based on new combinations of features encompassing
the proposed ones.
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1 Introduction

Currently the leading cause of death in the world is related to heart disease. The main
way to make prognostics of health heart is based on electrocardiogram (ECG) analysis [8].
In this sense, an important measurement related to the ECG is the time interval fluctuation
between two consecutive beats (RR-intervals). Commonly referred as HRV analysis, it is
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often used by researchers in order to identify or classify arrhythmias [5,8]. An HRV signal
is a time series containing RR-intervals from the whole ECG signal.

Automatic detection of abnormal cardiac rhythms from normal heart activity became
an important task for clinical reasons. Through the analysis of HRV signals, researchers
aims to train classifiers able to predict if an HRV observation is normal or abnormal.
Therefore, besides the choice of the classifier, a challenge is to achieve consistent features
capable to discriminate between normal and abnormal HRV observations. Current ap-
proaches have focused on time and frequency domain analysis. Classical time domain
features are statistical, geometric and energetic [8]. Frequency domain analysis is based
mainly on power spectrum density estimation [7]. Additionally, other HRV series trans-
formations are used. Examples are Hilbert-Huang transform [6] and wavelet transform [4].
Wavelet domain extracted features are wavelet entropy measures [4].

The motivation for this paper is the proposition of simple wavelet-based features for
automatic arrhythmia identification, by means of an AIS. Researchers in the AIS field
look to the biological immune system (BIS) for inspiration on how to solve problems in
engineering and computer science [2]. The AIS used in this work is the negative selection
algorithm (NSA) [3]. NSA is a relatively recent binary classifier that has been applied
successfully to several areas; some examples are: anomaly detection and pattern recogni-
tion [1]. Among its characteristics, NSA is attractive for its simplicity of implementation
and high accuracy in pattern recognition [1,2]. NSA is mainly based on simple comparisons
between patterns by means of an affinity measure, e.g. a distance measure.

In [8], authors used a large set of features extracted in both, time and time-frequency
domain. Then, simulations encompassing several combinations of features were done in or-
der to find the best result. In fact, due to the high number of possible features, researchers
usually need some feature reduction approach as in [5]. Therefore, this work proposes two
simple wavelet-based features for arrhythmia identification from HRV signals, contribut-
ing with the related area. Results presented in this paper enables future investigations
on combinations of the proposed features with classical time, time-frequency or frequency
domain features. As a secondary objective, NSA performance on arrhythmia identification
will be investigated.

The remainder of this paper is organized as follows: Section 2 presents the proposed
features. NSA in its original form is described in Section 3; Section 4 presents simulation
details; and, finally, concluding remarks are presented in Section 5.

2 Proposed features

Consider a length N HRV observation y[n] = [yo, Y1, - - Yi—1,Yis - - - » YyN—1], the follow-

ing normalization is adopted
e my (1)

max (|y[n][)

Afterward, the undecimated wavelet transform, also known as stationary wavelet trans-
form (SWT), is applied over g[n]. SWT provides J octave bands on the HRV observation,
where J is the number of decomposition levels, previously defined. It is possible since de-
tail coeflicients, provided by wavelet decomposition, correspond to the frequency situated



approximately between (277 fs, 27771 f,), where j = 1,...,J is the current decomposition
level and fs is the signal sampling rate.

In the proposed feature extraction scheme, SWT with J = 1 decomposition level is
used in order to filter possible changes in the HRV signal baseline and highlight abrupt
fluctuations between two consecutive RR-intervals. This fact is showed in Figure 1.
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Figure 1: Decomposition of an HRV signal observation by the SWT using Coiflets 2 wavelet: (a)
HRYV signal; (b) detail coefficients at scale j = 1; (¢) arrhythmia markers.

Note, from Figure 1, that the HRV signal baseline changes are removed. This is possi-
ble because these changes represent low frequency components, present in approximation
coefficients and not detail coefficients. Detail coefficients are related to high frequency
components. In addition, arrhythmias are highlighted from HRV signal.

From SWT detail coefficients d[j,n] at scale j = 1, two features named Range and
Peaks are proposed in equations (2), (3) and (4). Range feature is defined as follows:

Range = max (d[1,n]) — min (d[1,n]) . (2)

It is noteworthy that Range feature in (2) only is viable due to decomposition provided
by SWT. In equations (3) and (4) Peaks feature is presented.

(1, i ldLa) > A
plnl = { 0, if|d[l,n]| <A\ (3)

N-1
Peaks = Z pln]. (4)
n=0

A threshold was empirically defined and it is evaluated adaptively on each HRV observation
as A = 0.3 max (d[1,n]). Analyzing equation (3), it can be seen that p[n] is an auxiliary
vector used to count the occurrence of values above .



For a better understanding of the proposed features, boxplot and scatter plot for both
features evaluated on training data are respectively shown in Figures 2 and 3.
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Figure 2: Proposed features boxplot: (a) Range; (b) Peaks.
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Figure 3: Scatter plot of the proposed features.

Note from Figure 2 that Range feature is suitable for the discrimination between normal
and abnormal classes, separating near fully arrhythmic from normal HRV signal observa-
tion. Despite Peaks feature does not provide a discrimination as accurate as Range, it is



still possible to distinguish both classes. Together, the proposed features are consistent.
This fact is pointed out in Figure 3. It can be seen from Figure 3 that Range and Peaks
features, together, can discriminate between two classes, being useful for HRV analysis.

3 Negative selection algorithm

For the suitable functioning and thus preventing of autoimmune disease development,
BIS needs to be able to distinguish between molecules of our own cells, called self molecules
and foreign molecules, generally referred to as self and non-self, respectively [3]. The
elimination of any cell with receptors able to recognize self molecules, named auto-reactive
cells, characterizes the negative selection concept.

NSA was developed based on the negative selection of T-cells within the thymus. The
thymus is responsible for T-cell maturation. Thus, only T-cells that do not recognize
self-molecules are allowed to survive [2]. Based on this biological concepts, NSA is defined
as follows [1,3]:

1. Define two different datasets P and C. P contains only self patterns and C contains
both self and non-self patterns. Compute the affinity (match) between each element
¢;j € C and each element in P. If an element in C is recognized by an element in
P, in other words, if the affinity score between c; and an element in P exceeds an
established threshold, reject ¢;. Otherwise, store ¢; in a set of detectors R. This
phase of the NSA is commonly called the Censoring phase.

2. After the generation of R, the current phase consists of system monitoring in order
to detect non-self patterns. A set P, is defined to be protected and the affinity
between each element in P, and each r; € R is evaluated. If such an affinity is
superior to a predefined threshold, then a non-self element is identified. This phase
is called the Monitoring phase.

In the present implementation, an HRV signal normal observation is referred to as self
pattern. Thus, several kind of cardiac arrhythmias are referred to as non-self patterns.
The censoring phase aims to build a set of arrhythmia detectors R. Upon the building
of R, monitoring phase will act in the task of arrhythmia identification on test data in
the following way: if an HRV signal observation matches with a r; € R, it is classified
as arrhythmic. In both NSA phases, the match is checked based on an affinity measure,
commonly defined as a distance measure [2].

4 Simulation and results

In order to evaluate the proposed features and NSA performance, simulations were
carried out using the MIT-BIH arrhythmia database. MIT-BIH arrhythmia database
consists of 48 KECG records with half-hour each taken from 47 patients. Only records
201 and 207 were not used in the simulations for technical reasons. Data were split into
training and test sets with 23 recordings each. The HRV signal was taken from each record



and segmented in 32-points observations, as well as in [8]. Each 32-points observation was
marked as normal or arrhythmic according to database annotations: if an observation
contains more than 29 normal beats, then the segment is considered normal; otherwise,
the segment is arrhythmic. As well as in [8], 13 kinds of arrhythmia are considered for
identification.

In order to calibrate the classifier, Canberra distance was selected as affinity measure.
In the NSA, the matching between two patterns can be perfect or partial [2]. In perfect
matching, the two patterns are equal. However, in real signal applications the concept of
partial matching is often employed [2]. Partial matching is achieved by defining a matching
threshold §. Therefore, for any two instances x and y , if d(x;y) < &, the match occurs.

The matching threshold § was defined empirically according to the classifier perfor-
mance. Performance was checked based on four objective measures: accuracy, sensitivity,
specificity and predictive. Upon several simulations encompassing the matching threshold
0 and several wavelet families, better results for all objective measures were found with
0 = 0.09 and rbiol.3 wavelet function. Results and comparisons with current works are
presented in Tables 1 and 2.

Table 1: Main results encompassing different wavelet functions.

Wavelet | Accuracy (%) | Sensitivity (%) | Predictive (%) | Specificity (%)
sym6 85.36 85.54 85.23 85.18
syml13 85.36 82.86 87.22 87.86
coif2 86.07 85.18 86.73 86.96
bior4.4 85.27 84.82 85.59 85.71
rbiol.3 86.52 85.71 87.11 87.32
rbiol.5 86.34 84.29 87.90 88.39

Table 2: Current studies on arrhythmia classification from HRV series.

Method Features | Segments classified | Acc/Sens/Pred/Spec, (%)
Tsipouras and Fotiadis (2004) 63 2000 - /89.95/ - /9291
Jovic and Jovic (2017) 17-138 - 91,20/91.20/ - /97.10
Proposed Features 2 1120 86.52/85.71/87.11/87.32

It can be seen from Tables 1 and 2 that the proposed features are consistent and
provide satisfactory results with two simple features only. Note that the obtained results
are close to the ones considered as state of art; in particular, they are very close to the
results in [8]. Regarding the NSA, results show that this classifier is suitable for arrhythmia
identification due to its intrinsic characteristics of pattern recognition.

5 Conclusion

This paper has presented two simple wavelet based features for HRV analysis. Sta-
tionary wavelet transform was used to remove changes from the HRV signal baseline and



highlight abrupt fluctuations between two consecutive RR-intervals. In addition, NSA per-
formance on the related problem was investigated. Results showed that proposed features,
as well as NSA are suitable to arrhythmia identification from HRV series, pointing that fu-
ture research encompassing several combinations of the proposed features with traditional
time, time-frequency and frequency domain analysis are necessary.
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