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Abstract 
A merhod for arrhythmic episode classification using 

only the RR-interval signal is presented. The merhod is 
based on f u m  logic and Markov models, while 
Classification is performed for  nine categories of cardiac 
rhythms. A two-stage classifier is applied. In the first 
stage, a fuuy system clussiQies the episode using the mean 
value and standard deviaiion of the KR-intervals. In the 
second, the RR-interval signal is transformed to 
character sequences, which are classified by Markov 
models. Two representation techniques are used for the 
extraction of the characrer sequences: symbolic dynamics 
and one bused on the ER-interval length. The 
classification of an episode is achieved combining the 
outcomes of the two stages. The MIT-BIH arrhythmia 
database is used for the evaluation of the proposed 
method. The obtained results indicate high perlformance 
(accuracy 73%) in arrhythmic episode classijicafion. 

1. Introduction 
Automatic classification of cardiac rhythms remains a 

vital problem in clinical cardiology, especially when it is 
performed in real time. Several researchers have 
addressed the problem of automatic classification of 
cardiac arrhythmias [1-6]. However, most of the 
approaches proposed in the literature deal with a limited 
number of arrhythmic types and process the entire ECG 
signal extracting several features from it, such as the P 
wave, which is an extremely time-consuming process and 
sometimes difficult due to the presence of noise. 

This work proposes a method for the classification of 
nine cardiac rhythms (presented in Table l), based on 
fuzzy logic and Markov models, using only the RR- 
interval signal, which can be easily and accurately 
extracted from the ECG. Two separate classifications are 
proposed, one based on fuzzy logic analysis, using the 

mean value and the standard deviation of the RR-intervals 
in an episode and a second one based on with Markov 
models using character sequences produced from the RR- 
interval signal using methods of symbolic representation. 
The results obtained by the two approaches are combined 
to achieve the final arrhythmia classification. 

2. Methods 
The proposed method consists of three steps: (a) fuzzy 

logic analysis, (b) symbolic representation and Markov 
model processing and (c) arrhythmic episode 
classification. The MIT-BIH arrhythmia database (71 is 
used for training and evaluation of the method. 

2.1. Dataset 
All records from the MIT-BIH arrhythmia database are 

inchded in the dataset used in our analysis. QRS 
detection [SI was applied to the ECG recordings to 
produce the RR-interval signals. However, the 
information carried by the RR-interval signal is 
insufficient to distinguish between certain types of 
cardiac rhythms, included in the database, therefore they 
are assumed to belong to a single rhythm category: 
normal sinus rhythm, paced rhythm, pre-excitation and 
sinus bradycardia are all classified as normal sinus 
rhythm, ventricular bigeminy and atrial bigeminy are 
classified as bigeminy, ventricular tachycardia and 
supraventricular tachyarrhythmia are classified as 
tachycardia, auial flutter and atrial fibrillation are 
classified as atrial flutter/fibrillation. Table 1 presents the 
cardiac rhythms (categories) classified by the proposed 
method, the annotation used, the corresponding rhythm 
annotations of the MIT-BIH arrhythmia database and the 
number of episodes included in our dataset for each 
cardiac rhythm. The dataset was randomly divided into a 
training and a testing set, selecting half of the episodes 
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from each rhythm category for training, while the 
remaining episodes were used for testing. 

wi M =< 

Table 1. Cardiac rhythms classified by the proposed 
method. 

rO, M < min{ M i  } 

min( M i  ) I M < mean{ Mi }-  stdev( M i  ) 

mean{ M i  )- stdev( M i  ) 5 M I mean( M i  } i- s&v( M i  ) 
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1, 

max( Mi-)- M 
m( Mi )-(mean( M i  f stdev( M i  )) ’ 
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2.2. Fuzzy logic analysis 
Fuzzy logic analysis is used for the first level 

classification of the cardiac rhythms. For every rhythm 
category the mean value and the standard deviation of the 
RR-intervals of each episode included in the category 
(only in the training set) are calculated. Then, the 
parameters M i  and Si are calculated far each rhythm 
category i + as follows: 

I f f ,  

Ni j = l  

1 N .  

Ni j= i  

Mi = - E r n e a n ,  , 

Si = - 2 sfdevi , 
where Ni is the number of episodes included in the ith 
rhythm category, mean, is the mean value and stdevj is 

the standard deviation of the j rh  episode. Also min( Mi ) , 
M i  - stdevt M i  I , M i  + stdev( M i  ) , maxt Mi ) , min( Si ) , 
Si - srdev( Si ) , Si + stdev( Si } and max( Si ) are 
calculated. These values are used to create two fuzzy 
membership functions. Having an episode E to be 
classified, Eq. (3) presents the fuzzy membership function 
according to the mean value M of the RR-intervals of E.  
wl? expresses the similarity (membership) of E to the 

category i based on M . In a similar manner ws , which 

is the membership degree of E in the i‘’ rhythm 
category based on the standard deviation S I  is calculated 
( w: , wl! E [0,1]). The classification, from the fuzzy 

system, is then achieved computing wi = wy * w~!, 
where wi is a measure of the membership of E in the i” 
rhythm category. 

Number 

misodes 

Anno- MIT-BIH of 
cardiac tation annotation 

Normal sinus 
rhythm 

Idioventricular 
rhythm 

Nodal rhythm 

2” heart block 

Trigeminy 
(ventricular or 

atrial) 
Bigeminy 

(ventricular or 
atrial) 

Tachycardia 
(ventricular or 

supraventricular) 
Ventricular 

flutter/fibrillation 

Atrial 
flutterlfibrillation 

N 

IV 

ND 

BII 

TG 

BG 

TC 

VF 

AF 

N, P, 
PREX, 

SBR 

IVR 

NOD 

BII 

T 

B, AB 

VT, 
SVTA 

VFL 

AFIB 

695 

4 

36 

5 

83 

224 

87 

6 

123 

2.3. Methods 
Symbolic representation is used to produce sequences 

of characters (symbols) from the RR-interval signal. Two 
techniques are used. The first technique is symbolic 
dynamics (SD), a non-linear technique, used to measure 
the complexity of the signal [9]. SD transforms the RR- 
interval signal into a sequence of symbols Dj , reducing 
the samples of the signal to few symbols, and therefore, 
simplifying the modelling of its dynamical behaviour. It 
is based on the transformation presented in Eq. 4, where 
RR, is the duration of the j ”  RR-interval, p is the mean 
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D .  = 

(U o <  RRj S(1-a)p 
b ( l - a ) p <  RR, I p  
c p <  RR, 5(1+a)p  

[ d  ( l + a ) p <  RRj 

I (4) 

value of the RR-interval signal and a is a parameter 
quantifying the standard deviation of the RR-interval 
signal, set to 0.05. The alphabet consists of four symbols 
{ a , b , c , d } .  

The second approach transforms the RR-interval signal 
into a sequence of symbols, Lj , and is based only on the 
=-interval duration: 

L .  = 

a RR, 10.3 
b 0.3 < RRj S 0.4 

c 0.4 < RR, 10.5 

y 2.6 < RRi 2 2 . 7  
z 2.7< RRj 

... ... 

where RKj is the duration of the j" RR-interval. The 

alphabet used consists of 26 symbols {a,b,c ,..., y,z}  . 
Two sets of Markov models are created, one using the 

B, symbol sequences (i.e. using symbolic dynamics for 
transformation of the =-interval signa1 into symbol 
sequence) and one using the BL symbol sequences (i.e. 
using the RR-interval length for transformation of the 
RR-interval signal into symbol sequence). The Markov 
models are crated using the episodes of the training set, 
measuring the a-priori transition probability from each 
symbol to all others, given a specific rhythm category: 

# of transitions from s, to s2 in category i 
total # of transitions in category i 

. (4) i -  
P S I S 2  - 

This corresponds to i M x M  matrices, where i is the 
number of rhythm categories (in our case nine) and M is 
the number of symbols used (4 for 8, and 26 for EL). 
The probability to produce a given symbol sequence B 
( B ,  or B , )  from model i (i.e. belongs to i rhythm 
category) is defined as: 

c-1 
pb( BD ) = n pi,,,,, for the Dj symbol sequences (7) 

j= l  

1,-I 

pL( BL ) = ]II pi,9i,9j., for the Lj symbol sequences (8) 
1'1 

where 1, is the length of B (number of symbols). 

2.4. Arrhythmic episode classification 

follows: 
1. For a new episode E , wi , i = 1 ,..., 9 are calculated. 
2. The RR-intervals of episode E are transformed into a 

sequence of symbols using one of the proposed 
representations ( BD or BL ). 

3. The probabilities pb(B ,  1 or p;(B,  ), i=l._.., 9 are 
calculated. 

4. The episode is classified into the category c,, or 
c, according to the representation selected: 

Arrhythmic episode classification is performed as 

3. Results 
Both representation techniques were tested. The results 

are shown in Table 2, in terms of sensitivity, specificity 
and positive predictive value for a11 nine rhythm 
categories. The results indicate that the proposed method 
performs well in classifying cardiac rhythms. The 
accuracy of the method is 72.2% for the first symbolic 
representation (SD) and 72.7% for the second one. 

4. Discussion and conclusions 
The proposed method classifies arrhythmic episodes 

into nine rhythm categories through a two-stage 
classification: (a) fuzzy logic analysis and (b) Markov 
models. The obtained results indicate high performance in 
arrhythmic episode cfassification. Selected approaches in 
the literature indicate better results [2-61, which, however, 
are justified due to: (i) the application in very small 
datasets compared to the 24 hours of ECG recordings 
included in the MIT-BEH arrhythmia database and (ii) the 
classification in a maximum of four (4) categories instead 
of nine (9). Therefore, the results are good enough 
considering the multi-class nature of the classification 
problem. 

A thorough review of the episode classifications 
indicates that: (a) there is high correlation between the 
normal category (N) and categories ND, TG and AF, for 
both symbolic representations, therefore there is a 
decrease in the positive prediction value for these 
categories; (b) although the accuracy is almost identical 
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Table 2. Classification results for cardiac rhythms. 

Symbolic dynamics RR-interval length 

Positive 
predictive 
value % 

Sensitivity Specificity Positive 
predictive 
value % 

Rhythm Sensitivity Specificity 
category 90 % % % 

N 67.8 ’ 93.4 92.5 72.4 92.0 91.6 
IV 100 79.1 50.0 100 81.2 66.7 

ND 72.2 78.9 24.1 77.8 81.3 36.8. 

BII 66.7 85.4 100 100 85.4 100 

TG ’ 78.6 84.3 46.8 69.0 84.5 67.4 
BG 83.9 88.9 90.4 75.9 83.3 92.4 

TC 81.8 88. I 65.5 77.3 81.4 64.2 

VF 66.7 88.7 66.7 66.7 83.0 50.0 

AF 64.5 91.6 45.5 64.5 85.5 32.5 

Accuracy 70 72.2 72.7 

for both B, and B,sequences the sensitivity and 
specificity for each rhythm category varies. Further 
testing of the proposed method is necessary to identify 
which of the two symbolic representations results in 
higher performance. 

An efficient method for arrhythmic episode 
classification in ECGs is proposed. The method is based 
on the analysis of the RR-interval signal using fuzzy logic 
and Markov models.- The method is advantageous 
compared to methods presented in the literature because: 
(a) it provides classification for a large number of cardiac 
rhythms (nine); (b) it uses only the RR-interval signal, 
which can be extracted with high accuracy even for noisy 
ECG recordings, while the extraction of all other ECG 
features or any other type of ECG qalysis is seriously 
affected by noise; (c) it performs in real time. The 
proposed method classifies pre-determined arrhythmic 
episodes (i.e. the start and the end of the episodes are 
determined). Therefore, an extension of the present work 
must include automatic detection of episodes. 

- .  
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