
 
 

CHAPTER 7 

 

       Cardiac Arrhythmia Disease Diagnosis  
 
 
7.1. Introduc on 

Recently, heart disease is considered as one of the major diseases world-wide. 
Sudden deaths can be prevented by providing proper medical treatment, if the 
disease has been detected at an early stage [1]. ECG or EKG (Electrocardiogram) 
produces a graphical representation of electrical impulses of heart and regarded as 
an important tool to diagnose heart disease. A patient suffering from Cardiac 
arrhythmia has a problem of abnormal or irregular heart rhythm. When heart beat 
rate is less than 60 beats per minute that is too low, the patient is suffering from 
bradycardia. If heart beat rate is more than 100 beats per minute that is too fast, the 
patient is suffering from tachycardia.  
ability to pump blood may be reduced causing shortness of breath, chest pain, 
feeling tired, loss of consciousness etc. If more severe, it can cause heart attack or 
death. 

This work is an attempt to detect and classify the cardiac arrhythmia at an early 
stage to avoid any bad happenings. Approaches have already been developed for 
classifying cardiac arrhythmias based on ECG signal data but still show poor 
performance. Various machine learning and data mining methods are being 
deployed to improve the detection of cardiac arrhythmia. But, however, there are 
differences between the cardiolog s and the program classification. Taking the 

learning tools [2]. 

Different approaches have been proposed to develop automated recognition and 
classification of ECG. Self-Organizing Maps (SOM), Support Vector Machines (SVM), 
Multilayer Perceptron (MLP), Markov Models, Fuzzy or Neuro-fuzzy Systems and 
combinations of different approaches have been proposed to improve performance 
[3-9]. 
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This study is to present new approaches for cardiac arrhythmia disease classification. 
An early and accurate detection of arrhythmia is highly solicited for augmenting 
survivability. In this connection, intelligent automated decision support systems have 
been attempted with varying accuracies tested on UCI arrhythmia data base. One of 
the attempted tools in this context is neural network for classification. For better 
classification accuracy, various feature selection techniques have been deployed as 
prerequisite. This work attempts genetic algorithm and correlation-based feature 
selection (CFS) with linear forward selection search to extract feature, which are 
useful to reduce dimension of data set.  For classification, we use incremental back 
propagation neural network (IBPLN), and Levenberg-Marquardt (LM) classifiers 
tested on UCI data base. We compare classification results in terms of correct 
classification accuracy, specificity, sensitivity and AUC (area under ROC curve). This 
work attempted four combinations (i) a combination of  GA + IBPLN, (ii) a 
combination of  GA + LM, (iii) a combination of CFS + IBPLN, and (iv) a combination of 
CFS + LM.  We focus on the worst simulation result, the best simulation result as well 
as an average of 100 simulations. Experiments have been carried out using UCI data 
set [2]. The aim is to distinguish between the presence and absence of cardiac 
arrhythmia that is classifying normal or cardiac arrhythmia.  

The rest of the chapter is organized as follows. Section 2 discusses the UCI 
arrhythmia data set. Section 3 discusses applications. Section 4 discusses the 
preliminaries of feature selection and reduction and GA, and CFS as implementation 
techniques. Section 5 discusses the preliminaries of artificial neural networks (ANN) 
along with incremental back propagation learning networks (IBPLN), and Levenberg-
Marquardt (LM) classifiers. Section 6 presents the modeling results. Section 7 
presents the performance prediction parameters used in this study to judge the 
proposed system. Experimental results of simulations are presented in section 8. 
Lastly, our conclusions are summarized.  

 

7.2. UCI Arrhythmia Data Set 

This database was contributed by Dr. H. Altay Guvenir ( 1998) [2]. The total number 
of instances is 452. The number of attributes is  279, 206 of which are linear valued 
and the rest are nominal. The data set contains 32 instances with missing values. For 
missing values, in our study, we discard these 32 instances with missing values and 
use 420 instances. Class distribution of UCI cardiac arrhythmia database is shown in 
Table 7.I. There are 16 classes in the data set. We only classify the presence absence 
of cardiac arrhythmia. 
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7.3. Applica on 

Basically, this study consists of two stages: The feature extraction and reduction 
phase by genetic algorithm (GA), and correlation-based feature subset selection 
(CFS), and classification phase by incremental back propagation neural networks 
(IBPLN), and Levenberg-Marquardt (LM) algorithm. The schematic view of our 
system is shown in Figure 7.1.  

 

Table 7.1. Class Distribu on of Arrhythmia Data Set 

Class code Class Number of instances 

01 Normal 245 

02 Ischemic changes (Coronary Artery Disease) 44 

03 Old Anterior Myocardial Infarction  15 

04 Old Inferior Myocardial Infarction  15 

05 Sinus tachycardy 13 

06 Sinus bradycardy 25 

07 Ventricular Premature Contraction (PVC) 3 

08 Supraventricular Premature Contraction 2 

09 Left bundle branch block  9 

10 Right bundle branch block 50 

11 1. degree AtrioVentricular block 0 

12 2. degree AV block 0 

13 3. degree AV block 0 

14 Left ventricule hypertrophy  4 

15 Atrial Fibrillation or Flutter 5 

16 Others 22 
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    Figure 7.1. Block Diagram of a  System  for Arrhythmia Diagnosis 
 

 

7.4. Data Preprocessing 

Real world data may be incomplete, noisy and inconsistent. For this reason data 
preprocessing is an important step before analysis of data for the purpose of data 
cleaning, data integration, data transformation, data reduction and data 
discretisation. It is done to improve the result and to enhance the computational 
efficiency of artificial neural network model. All these steps of data preprocessing 
are discussed in Chapter 4. 

 

and 173 are numerical. Next, we deleted 32 rows with missing values and the rest 
420 records were considered for analysis. We completely randomize the data sets 
after missing records deletion. There is no outlier in our data. The data set is 
partitioned into three: Training set ( 68%), Validation set ( 16%), and Test set ( 16%). 
For dimensionality reduction of the data set we employed genetic algorithm (GA) 
and correlation based feature subset selection (CFS) techniques. 

 

7.4.1. Feature Extrac on or Reduc on 

The best classifier may perform worst if the appropriate features are not selected 
[10], [11]. For this reason it is considered as one of the vital steps for classification. 
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Most of the important information of original data set are represented in the 
reduced data set. This reduced data set improves the computational efficiency while 
analyzing the data using ANN. Correlation-based feature subset selection (CFS) [12], 
Principal Component Analysis (PCA) [10], Association Rules (AR) [13], Rough Set 
theory [14] and Genetic Algorithm (GA) are some of the techniques for this purpose. 
This work uses GA and CFS.  

 

7.4.2. Gene c Algorithm (GA) 

Genetic Algorithms is a procedure to find optimum value of some function based on 
the idea of Darwinian forces of natural selection (Mitchell, 1998). Many studies used 
this algorithm to select effective features from data set. GA calculates an initial set of 
candidate solutions referred to as population and their corresponding fitness values. 
Larger fitness values are better. Each solution is known as an individual. Next 
population is made up of producing offspring by randomly combining the individuals 
with the best fitness values. To accomplish this individuals are selected and undergo 
crossover and also are subject to random mutations. By repeating the process many 
generations are created to produce better solution. 

For feature selection, the individuals are subsets of predictors that are represented 
as binary; a feature is either included or not in the subset. The fitness values are 
some measure of model performance. 

GA has been applied as attribute evaluator. Binary encoding, the most frequently 
preferred representation style was used to represent parents in GA. We ran Genetic 
Algorithm for 50 generations with population size 30 for 50 times and selected 
features set for each time was recorded. Crossover operator in this algorithm was 
taken as 50% and mutation rates defined as 5%. Finally we select those attributes as 
reduced features which are present in 60% of the recorded sets of features.  16 
reduced features obtained in this way are shown in Table 7.2. 
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    Table 7.2. Reduced Feature Sets Applying GA  
          Sr. Reduced Attributes 
 No. (GA) 
 1. DI18 
 2. DII29 
 3. DI33 
 4. DII88 
 5. DII91 
 6. DII93 
 7. DII99 
 8. DII101 
 9. DII103 
 10. DI160 
 11. DII174 
 12. DII179 
 13. DII201 
 14. DII256 
 15. DII259 
 16. DII260 

 
 

 

7.4.3. Correla on Based Feature Subset Selec on (CFS) 

CFS technique selects features from a data set which are highly correlated with the 
class. The selected features are uncorrelated with each other [12]. Test theory based 
[18] operational definition of feature evaluation formula is given in Eq. 1. 

 
 

   =                      (1)    
 
 
        

Variables of Eq. 1 were discussed in previous chapters. This formula along with 
proper correlation measure has been coupled with heuristic search strategy in CFS 
algorithm.  

  

 } 
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One of the most important factors of intelligent model performance is the nature of 
data used to train the model. Learning algorithm may fail if there is no statistical 
regularity in the data. Before applying classifier numerical and ordinal features   are 
transformed to categorical features using the supervised discretisation method of 
Fayyad and Irani [15] as a preprocessing step. The theory of information gain [16] is 
applied to estimate the degree of associations between nominal features. Moreover, 
if n is the number of possible initial features, there are 2n possible subsets of 
reduced features. For large data set, it would be very difficult to find the best subset 
by exploring each and every such subset. Heuristic search strategies, such as best 
first and hill-climbing [17] are often used to search the feature subset in reasonable 
amount of time. Moreover, both filter type as well as wrapper types of feature 
selection methods use correlation-based approach in different applications [18], 
[19]. As CFS operates on original data set, learning algorithms can acquire most of 
the knowledge of the original data set from the selected features.  We  apply CFS  
with linear forward selection search method as attribute evaluators. We got 18 
attributes as reduced feature set as shown in Table 7.3.. 

 

 

       Table 7.3.  Reduced Feature Sets Applying CFS  
 Sr. Reduced Attributes 

 No. (CFS) 
 1. Sex 
 2. QRS Duration 
 3. DII49 
 4. DII76 
 5. DII91 
 6. DII103 
 7. DII112 
 8. DII163 
 9. DII167 
 10. DI169 
 11. DII173 
 12. DII199 
 13. DII207 
 14. DII211 
 15. DII261 
 16. DII267 
 17. DII271 
 18. DII277 
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7.5. Ar cial Neural Network (ANN) Architecture 

In 1943, McCulloch and Pitts designed a simple neural network using electrical circuit 
to explain the working of human brain. Later, in 1958, Roserblatt invented learning 
mechanism for McCulloch and Pitts model of neuron. Different components of ANN 
are  node, input, link-weights, and output, which behave like soma, dendrites, 
synapse and axon respectively of biological neural network. ANN is a collection of 
interlinked nodes and each link is associated with a weight. Figure 7.2. Represents 
block diagram of a neuron. 

 

 

     Figure 7.2. Block Diagram of a Neuron. 

 

 

where, Xis are inputs, Wis are link weights, Yin is the net input to the activation 
function and is evaluated as follows: 

 

 Yin = X1W1 + X2W2 + X3W3 mWm   (2) 
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The output Y is the activation function of net input i.e. 

 

 Y = F(Yin)       (3) 

 

Taking the above model as basis different studies use different forms of ANN model 
to perform different tasks. The topologies of the ANN model also vary depending on 
the tasks to be performed. Design and learning or training are the two important 
tasks while working with ANN. Number of layers, number of neurons in each layer, 
type of network whether feedback or feedforward, type of activation function to be 
used, and the architecture of connectivity between neurons are the decisive factors 
in design phase. It should be done to improve the efficiency of the system. Validation 
set is very much useful in managing such decisions successfully [20]. Network 
topologies i.e. network parameters except link weights are adjusted using the 
validation set of the data set. Logistic function of the form F(x) = 1/ (1+e-x) is used as 
an activation of the hidden and output nodes. Theoretically, any function can be 
approximated arbitrarily closely if logistic function is used as an activation function at 
the hidden and output nodes of the network containing only one hidden layer [21]. 
For this reason the network with one input layer, one hidden layer, and one output 
layer is used in this work. Choosing the number of neurons in hidden layer of ANN 
architecture is always a problem; too few hidden nodes as well as too many hidden 
nodes may cause certain problems. To overcome the problem, the formula proposed 
by Goa [22] was used in our study. The said formula is as follows: 

 

s =   (a1m2 +  a2mn + a3n2 + a4m + a5n + a6) + a7               (4) 

 

where s is the number of neuron, m is the number of input, n is the number of 
output, a1 ~ a7 are undefined coefficients. Using least mean square ( LMS), Huang et 
al. [23] derived the following formula:  

 

s=  (0.43mn + 0.12n2 + 2.54m + 0.77n + 0.35) + 0.51      (5)    
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In the present study for the combinations GA + IBPLN and GA + LM the values of m 
and n are 16 and 2 respectively; hence s = 8 after round off. So, 8 neurons are used 
in the hidden layer for these combinations. The corresponding network architecture 
(16-8-1) is shown in Figure 7.3. For the combinations CFS + IBPLN and CFS + LM, m = 
18, n =2; and hence s= 8 after round off. So, we use eight neurons at the hidden layer 
for these combinations. So, our network becomes 18-8-1, which is shown in Figure 
7.4. As overtraining control measure, we retain the copy of the network with the 
lowest validation error. 

 

 
Figure 7.3. ANN Architecture for the Combina ons GA + IBPLN and GA + LM 
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Using training data set, the link weights and threshold values are adjusted during 

learning phase. Donald Hebb was the first to propose the learning rule [24]. 

Recently, hundreds of such training algorithms are there in the literature [25], but 

backpropagation [26], [27], ART [28], and RBF networks [29] are the most well-

known among them. This work used incremental back propagation learning network 

and Levenberg-Marquardt algorithms as classifiers.   

  

Figure 7.4. ANN Architecture for the Combina ons CFS + IBPLN and CFS + LM 
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7.5.1. Incremental Back Propaga on Learning Network (IBPLN) 

In the case of IBPLN algorithm, a technique is used to minimize network output error 
with respect to previous records subject to the approximation of the network output 
to the desired result of the new record [30]. For this reason it is not incremental by 
nature [31] as the previous information is reexamined. Knowledge is represented by 
weight vector which is brought within a validity bound. Backpropagation rule of 
Rumelhart et al. [32] is employed as learning mechanism. Weight modification is 
bounded in a way to preserve the previous network knowledge while there is room 
for new knowledge. To do this a scaling factor s is employed to scale down all weigh 
adjustments to keep them within bounds. The scaling factor the nth iteration is as 
follows: 

 

 

 

where, B(p) is the bound for weight adjustment for an instance p, Wij is the weight 
from unit I to unit j, ( 0<  < 1) is a trial-independent learning rate, j  is the error 
gradient at unit j,  Oi  is the activation level at unit i, and the parameter k denotes the 
k-th  iteration. The learning rule is given in Eq. 7. 

 

Wij(k)  =  s(k) j(k)Oi(k)                 (7) 
 

 

For a given single misclassified instance the learning rule (2) is applied repeatedly 
until stopping criteria are met. Old weights are restored and bounded weight 
adaptation learning rule is applied if learning from the new instance has been done 
correctly, otherwise old weights are restored and the structural adaptation learning 
rules are applied. The stopping criteria are: the instance can be correctly learned or 
the output error fluctuates in a small range 
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7.5.2. Levenberg-Marquardt Algorithm (LM) 

Levnberg-Marquardt (LM) algorithm is considered as the most popular optimization 
method. It is generally implemented to find solution for minimization of nonlinear 
least square problems. This algorithm is useful to train small and medium sized 
network in the field of artificial neural network. The disadvantage of steepest 
descent method is that it suffers from problems of slow convergence. It is an 
inefficient technique as the convergence process is slow. This problem of slow 
convergence has been taken care of in Gauss-Newton approach, which provides fast 
convergence by choosing proper step size in each direction. LM algorithm combines 
these two techniques to achieve advantage of faster convergence of Gauss-Newton 
method and the stability of steepest descent method. By combining these two 
techniques the weight adjustment formula in step k+1 is calculated as given in Eq. 8. 
 
 

       w(k+1) = w(k)  (JT J + I)-1 JT (k)                 (8) 

 

where J, , and  are Jacobian matrix, adjustable parameter and  error vector 
respectively. Based on the development of error function the value of  is modified. 
If the step causes a reduction of error function, the result is accepted. Otherwise,  is 
changed; reset the original value and recalculate w(k+1). 

LM algorithm is one of the most efficient learning algorithms which solve the 
problems remaining in both steepest gradient descent algorithm and Gauss-Newton 
algorithm. The fundamental idea is that LM algorithm provides a combined learning 
process in which it behaves as steepest descent process around the complex 
curvature area until proper local curvature is found for making quadratic 
approximation; after that it behaves like Gauss-Newton method for faster 
convergence. It locates the minimum of multivariate function that is expressed as 
sum of squares of nonlinear real valued function [33], [34]. 

 

7.6. Modeling Results 

Alyuda Neuro Intelligence [35] was used for feature set reduction using GA. WEKA 
[36] was used for feature set reduction using CFS. The classification algorithms using 
four combinations were also implemented in Alyuda Neuro Intelligence [35]. All the 
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mentioned tasks were executed on Intel Core Solo T1350 CPU (1.86GHz, 533MHz 
FSB, 2MB L2 cache) with 512MB DDR2 RAM. 

Table 7.4(A) and Table 7.4(B) shows the network structure, epochs, numbers of 
retain, and number patterns used in training, validation and testing phases for four 
combinations. The copy of the network with the lowest validation error was retained 
as a measure of overtraining control. 

 

 

Table 7.4(A). Network Parameters Applying to Arrhythmia Data Set 
Types of  Network  

Epochs Numbers patterns 
 

 

Classifiers  structure    

  

(retrain) 
    

 

 I  HL  O Training Validation  Testing  

    
 

GA+ 
16 

 

8 
 

1 2000(10) 68% 16% 
 

16% 
 

IBPLN     

           

GA 
16 

 

8 
 

1 2000(10) 68% 16% 
 

16% 
 

+ LM     

          
 

 

 

Table 7.4(B). Network Parameters Applying to Arrhythmia Data Set 
Types  Network  

Epochs Numbers patterns 
 

 

Classifie  structure    

  

(retrain) 
    

 

rs I  HL  O Training Validation  Testing  

     

CFS + 
18 

 

8 
 

1 2000(10) 68% 16% 
 

16% 
 

IBPLN     

           

CFS 
18 

 
8 

 

1 2000(10) 68% 16% 
 

16% 
 

+ LM    
 

          
 

 

 

 7.7. Performance Evalua on Methods 

Classification accuracy, sensitivity, specificity and AUC are evaluated to measure 
performance of the models as these parameters are very important to measure 
predictive performance of an intelligent model [37]. The formulations are as follows: 
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Accuracy =   x 100%                          (9) 

 

Sensitivity =  x 100%                                     (10) 

 

Specificity =  x 100%                                     (11) 

 

where TP, TN, FP, and FN denote true positives, true negatives, false positives, and 
false negatives respectively. Moreover, area under ROC curve (AUC) is taken into 
consideration as measure of predictive performance of the models as it is used in 
biomedical research to assess the performance of diagnostic tests [38]. AUC close to 
one indicates more reliable diagnostic result [38] and in two-class problems it is 
considered one of the best methods for comparing classifiers. 

 

7.8. Experimental Results 

The compiled results from 100 simulations of our studies for four combinations are 
shown in Table 7.5(A), Table 7.5(B), Table 7.6(A), and Table 7.6(B).  

Table 7.5(A). Results from 100 Simula ons 

 

 

Methods 

Test set ( CCR%) Specificity 

Highest 
( freq) 

Lowest 
( freq) Avg 

Highest  
( freq) 

Lowest 
( freq) Avg 

GA + IBPLN 90.38 (1) 73.08 
(1) 

80.79 92.31(1) 71.11(1) 81.33 

GA + LM 90.38 (1) 
75     
(1) 82.18 90.48(1) 73.68(1) 83.77 
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Table 7.5(B). Results from 100 Simula ons 

           
 
 
 

 Table 7.6(A). Results from 100 Simula ons 

 

 

 

 

 

Methods 

Sensitivity AUC 

Highest 
( freq) 

Lowest 
( freq) Avg 

Highest  
( freq) 

Lowest 
( freq) Avg 

GA + IBPLN 100 
(8) 

50(1) 79.46 88(2) 60(4) 78.26 

GA + LM 100 
(4) 

50 (1) 77.35 90(4) 70(1) 79.69 

Methods 

Sensitivity AUC 

Highest 

( freq) 

Lowest 

( freq) 
Avg 

Highest 
( freq) 

Lowest 

( freq) 
Avg 

CFS + IBPLN 
100 

(31) 
60(2) 84.7 95(1) 62(1) 79.26 

CFS + LM 
100 

(33) 

55.56 
(1) 

86.72 

 
96(1) 60(1) 81.88 
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Table 7.6(B). Results from 100 Simula ons 

 
 

Observations, which are noted are as follows: 

 Out of the four methods, CFS+LM shows best performance in terms of 
CCR, Specificity, Sensitivity, and  AUC.  

 All of the methods provide 100% sensitivity  as the highest performance 
using 68% training, 16% validation, and 16% testing data sets.  

 

7.9. Conclusion 

This work has explored four combinations of intelligent diagnostic systems for 
cardiac arrhythmia diagnosis. We argue that the lowest performance should also be 
a judging parameter for the performance of a system. So, we present here the 
highest, lowest, and the average behavior of the methods used. 

This work provides a better result in terms of average classification accuracy 
compared to the results of some recent works [39, 40] on the same data set.  In a 
significant number of cases, sensitivity has reached 100%. It is proposed that CFS 
derived set of reduced features would have been worthwhile when the final decision 
is made by the doctors. 

 

Methods 

Test set ( CCR%) Specificity 

Highest 

( freq) 

Lowest 

( freq) 
Avg 

Highest  
(freq) 

Lowest 

( freq) 
Avg 

CFS + IBPLN 92.68(5) 
73.17 

(1) 
86.02 96.77(1) 72.97(1) 86.65 

CFS + LM 95.12(3) 
80.49 
(3) 

87.71 

 
100(1) 79.17(1) 88.38 
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