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Abstract

In this paper we explore the RR-interval duration
signal in classifying arrhythmias. Initially the RR-interval
duration signal is extracted from the ECGs. Each RR
interval is characterized using the MIT-BIH arrhythmia
database annotation. We use a 3 RR interval sliding
window, centered in the middle RR interval, to classify
each beat using a rule-based approach. The rules are
obtained from cardiologists and are related to the
tachogram
morphology
in arrhythmic events.
Classification is performed for five categories of
arrhythmic beats.
The classification system is tested using selected beats
from the MIT-BIH database (30,000 annotated beats
were used). We present results in terms of sensitivity,
positive prediction and system’s performance. The scores
achieved indicate high performance (95.85%) for the
classification of the different categories of arrhythmic
beats.

1.

Introduction

Arrhythmia is a collective term for any cardiac
rhythm, which deviates from the normal sinus rhythm.
Arrhythmia may be due to a disturbance in impulse
formation or conduction, or both, but it is not always an
irregular heart activity [1]. Respiratory sinus arrhythmia
is a natural periodic variation in RR intervals,
corresponding to respiratory activity [2,3].
The detection of abnormal cardiac rhythms and
automatic discrimination from the normal heart activity
became an important task in clinical reasons. Several
detection algorithms have been proposed such as the
sequential hypothesis testing [4], the threshold-crossing
intervals [5], algorithms based on neural-networks
[6,7,10], time-frequency analysis [8], wavelets [9],
complexity measure [11] and multifractal analysis [12].
The classification of detected arrhythmias is also a
research field of great interest. Several classification
approaches have been presented in the literature:
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multiway sequential hypothesis testing [13], fuzzy
ARTMAP [15], wavelet analysis combined with radial
basis function neural networks [14], algorithms based on
neural-networks [16,17] and non-linear dynamical
modeling [18].
In this paper we explore the RR interval duration
signal in order to classify arrhythmic beats in five
arrhythmia categories. Initially, QRS detection is
performed on the ECGs and the RR interval duration
signal is constructed. Next, a rule-based system is used
for the classification. The system is using a 3 RR interval
sliding window for the classification of the middle beat.
Arrhythmia categories are defined based on the beat
annotations in MIT-BIH database (normal beats, atrial,
nodal and supraventricular premature beats, ventricular
premature beats, escape beats and ventricular
flutter/fibrillation beats).

2.

Materials and methods

The proposed method consists of two stages, the
preprocessing stage and the classification stage.
In the preprocessing stage we analyze the ECG signal
to detect the QRS complexes. Then the RR-interval
duration signal is constructed.
Table 1. Beat annotation for each classification category.
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Category

Beat Annotations

Description

1

N, P, f, p, Q, |,
+, s, t, ~, L, R

normal beats

2

A, a, J, S

atrial, nodal and
supraventricular
premature beats

3

V, F

ventricular
premature beats

4

e, j, n, E

escape beats

5

[, !, ]

ventricular flutterfibrillation beats
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In the classification stage, arrhythmia beat-by-beat
classification is performed, using a set of rules. The rules
are based on tachogram observations in arrhythmic
events and they are applied on a 3 RR interval duration
sliding window. Classification is performed for five
categories of beats, which are created using the MIT-BIH
arrhythmia database annotation [19,20]. Classification
categories and the annotations of the beats for each
category are given in Table 1.
The rule-based system is based on rules for the
discrimination of categories 2, 3, 4 and 5. The first
category is recognized if no other rule is applied. This
means that the middle beat of the window is considered
a-priori normal (category 1) and that changes if the
window matches with one of the rules. The algorithm
follows:
1.
2.
3.
a.

b.

4.
a.
b.
5.
6.

Insert window i, which contains the RR1i, RR2i
and RR3i intervals
RR2i is classified in category 1.
If RR2i < 0.6 sec and RR2i < RR3i then RR2i is
classified in category 5.
RR2i of all windows following i (i+1, i+2, …
i+n) that the duration of all intervals are less
than 0.8 sec (RR1i < 0.8 and RR2i < 0.8 and
RR3i < 0.8) or the total duration of the window
is less than 1.8 sec (RR1i + RR2i + RR3i < 1.8)
are classified in category 5.
If the total number of intervals that are
continually classified in category 5 are less
than 4 (n+1 < 4) then they all classified in
category 1 and the system continue from the
window i from step 4.
If RR2i < a*RR1i and RR1i < b*RR3i then:
If RR2i + RR3i < 2*RR1i then RR2i is
classified in category 2
Else RR2i is classified in category 3
If RR2i > c* RR1i then RR2i is recognized as
category 4
Update window (i = i + 1) and go to step 1

Parameters a, b and c were initially chosen as 1.0.
Experimental results indicated that the algorithm
performed better for 0.9, 0.9 and 1.5 respectively. A
schematic of the classification algorithm is shown in
Figure 1. The proposed method is evaluated using the
MIT-BIH arrhythmia database. Initially the method
proposed in [21] is used to identify arrhythmic segments
as shortly described below:
The RR-interval duration signal is segmented in
segments of 32 RR intervals. Each segment is
characterized using the MIT-BIH annotation. RR
intervals with annotation N, P, f, p, Q, |, +, s, t and ~ were
characterized as “Normal” and RR intervals with
annotation L, R, A, a, J, S, V, F, [, !, ], e, j, n and E were
characterized as “Arrhythmic”. A segment is

Figure 1. Classification algorithm.
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characterized “Normal” if it contains more than 95%
“Normal” RR intervals of the total 32 RR intervals,
otherwise is characterized “Arrhythmic”.
Time-frequency distributions are applied on the
segments and several features are extracted from each
one. A set of neural networks is trained, one for each
distribution. A decision rule that combines the output of
all neural networks is used to obtain the final result for
each segment.
From the correctly detected arrhythmic segments 800
were used (25.600 beats) and 4.400 beats were selected
randomly from the remaining beats. The final dataset
used is given in Table 2.

P. Prediction

Table 4. Sensitivity and positive prediction for each beat
category.
Category

Sensitivity

Positive
Prediction

1

98.18%

98.01%

2

75.75%

85.74%

Category

Number of beats

1

25,188

3

88.97%

83.63%

2

1,213

4

78.40%

95.85%

3

2,950

5

98.70%

99.22%

4

265

5

384

The systems total performance was also estimated as
follows:

¦ correctly classified beats

Results
T. Performance

Results were obtained using the dataset given in Table
2. Table 3 presents the results from the classification
algorithm. Element (i,j) in the table represents the total
number of beats annotated from the database as category
j and classified from the classification algorithm as
category i.
Table 3. Results from the classification algorithm.
Database Annotation

Classification

# of beats correctly classified in category
total # of beats in category

The obtained results in terms of sensitivity and
positive prediction are given in Table 4.

Table 2. Beats from each category used for the testing of
the classification algorithm.

3.

# of beats correctly classified in category
total # of beats classified in category

Sensitivity

1

2

3

4

5

1

24686

134

312

9

3

2

164

1040

168

1

0

3

268

37

2467

1

0

4

65

2

3

254

0

5

5

0

0

0

381

The sensitivity and positive prediction for each beat
category are given as:

categories

Total beats

which leads to a total system performance 95.85%.

4.

Discussion

It is clearly shown in Table 3 that the classification
algorithm based on RR-interval duration is very effective
on classifying arrhythmic beats. However, in our dataset,
the number of normal intervals (25,188 normal beats,
almost 84% of the total beat number) was very large
compared to the other categories (second category 4%,
third 9.8%, fourth 0.9% and fifth 1.28%). The computed
performance is high (almost 96%) because the achieved
sensitivity and positive prediction are high for the first
category (98.18% and 98.01% respectively), compared
with the results for the second and the third category
(75.75% sensitivity and 85.74% positive prediction for
the second category and 88.97% sensitivity and 83.63%
positive prediction for the third). In addition, the
percentage of beats misclassified as normal in these
categories was high (12.88% for the second category and
12.64% the for third), as well as, the false alarms (502
normal beats were classified as arrhythmic).
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For category 4 we obtained high positive prediction
(95.85%) but low sensitivity (78.40%), which is clearly
due to the high number of false alarms (65). For category
5 we obtained the best results, 98.70% for sensitivity and
99.22% for positive prediction, absolute discrimination
among the arrhythmia categories and only 5 false alarms
and 3 misclassified beats as normal. This is because
category 5 contains start, progress and stop of ventricular
flutter-fibrillation beats that are easily discriminated in a
tachogram due to their high frequency.

5.

Conclusions

We have developed a method for arrhythmia beat
classification. The method is based on the RR-interval
duration signal, extracted from ECGs, and a set of rules
to perform beat discrimination for five beat categories,
one for normal and four for arrhythmic. The rules were
obtained from the experience of cardiologists and they
were applied on a 3 RR-interval sliding window,
characterizing the middle beat.
The proposed method has been evaluated using a large
dataset (30,000 beats), which can be considered very
similar to the conditions met in clinical environment. We
achieved 95.85% total performance and high
discrimination ability among the five categories. The
main advantage of the system is that it is completely
based on RR-interval duration signal and rules. It uses
only QRS detection and not any other time consuming
and in most of the cases unreliable ECG processing, such
as P wave detection. Due to small processing time, the
system can operate in real-time.
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