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Abstract  

Hypertrophic cardiomyopathy (HCM) is a cardiovascular disease where the heart muscle is partially 

thickened and blood flow is - potentially fatally - obstructed. It is one of the leading causes of sudden 

cardiac death in young people. Electrocardiography (ECG) and Echocardiography (Echo) are the standard 

tests for identifying HCM and other cardiac abnormalities. The American Heart Association has 

recommended using a pre-participation questionnaire for young athletes instead of ECG or Echo tests due 

to considerations of cost and time involved in interpreting the results of these tests by an expert 

cardiologist. Initially we set out to develop a classifier for automated prediction of young athletes’ heart 

conditions based on the answers to the questionnaire. Classification results and further in-depth analysis 

using computational and statistical methods indicated significant shortcomings of the questionnaire in 

predicting cardiac abnormalities.  

Automated methods for analyzing ECG signals can help reduce cost and save time in the pre-

participation screening process by detecting HCM and other cardiac abnormalities. Therefore, the main 

goal of this dissertation work is to identify HCM through computational analysis of 12-lead ECG. ECG 

signals recorded on one or two leads have been analyzed in the past for classifying individual heartbeats 

into different types of arrhythmia as annotated primarily in the MIT-BIH database. In contrast, we 

classify complete sequences of 12-lead ECGs to assign patients into two groups: HCM vs. non-HCM. The 

challenges and issues we address include missing ECG waves in one or more leads and the 

dimensionality of a large feature-set. We address these by proposing imputation and feature-selection 

methods. We develop heartbeat-classifiers by employing Random Forests and Support Vector Machines, 

and propose a method to classify full 12-lead ECGs based on the proportion of heartbeats classified as 

HCM. The results from our experiments show that the classifiers developed using our methods perform 

well in identifying HCM.  
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Thus the two contributions of this thesis are the utilization of computational and statistical methods 

for discovering shortcomings in a current screening procedure and the development of methods to identify 

HCM through computational analysis of 12-lead ECG signals.   
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                                                                             Chapter 1

Introduction 

Inherited cardiovascular disease is the main cause of sudden cardiac death (SCD) in young athletes. In the 

United States the incidence has been reported as 1:50,000 – 1:100,000 per year [13, 43, 52]. While the 

incidence of SCD is lower in comparison to other causes of death, it is disconcerting in that these deaths 

occur in young and otherwise perceived-to-be healthy individuals, most often without any prior cardiac 

symptoms. Moreover, as most of these deaths occur in athletes of high-school age, they are a cause for 

much concern in the media, the public and the medical community [13, 63]. 

In this dissertation, we aim to automatically detect hypertrophic cardiomyopathy (HCM) patients 

from electrocardiography (ECG) signals. HCM is one of the most common inherited cardiovascular 

disorders that occurs in 1 in 500 persons worldwide. It is the leading cause of sudden cardiac death (SCD) 

in young people. HCM is also associated with heart failure, cardiac arrhythmia, and a severe decrease in 

exercise capacity often making it challenging for patients to perform activities of daily living. In HCM 

patients, a portion of the heart muscle (myocardium) is thickened (hypertrophied). The most consistent 

feature of HCM is the thickening of the muscle at the lower left chamber of the heart (left ventricle) [45]. 

Figure 1.1 shows a normal and a hypertrophied heart.  

 

 

 

Figure 1.1: Illustrations of a normal heart (left) and a heart of a HCM patient (right). The heart walls 

(muscle) are much thicker (hypertrophied) in the HCM heart [29]. 
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An imaging method, namely two-dimensional echocardiography (Echo) is often used to identify 

HCM patients. However, this method is not reliable when the thickening of the muscle of the left 

ventricle is not clearly detectable. Moreover, early prediction of the disease for patients without any 

thickening of the muscle is not possible through echocardiography. Therefore, analysis of ECG signals in 

patients with a family history of HCM and without significant thickening in the muscle of the left 

ventricle has high diagnostic value for early detection and prediction of HCM [44].  

ECG and Echo are the standard methods for identifying cardiac abnormalities. However, 

interpretation of ECG and Echo test-results by an expert cardiologist requires time and may become 

expensive, especially when used for pre-participation screening of a large number of athletes. While ECG 

is used in Europe for such screening, the American Heart Association has recommended a questionnaire 

for pre-screening of young athletes in the United States due to cost and time associated with ECG and 

Echo tests. As a part of this dissertation work, we critically evaluated the efficacy of this questionnaire.  

The results from our study, which is presented in Chapter 3, show that the questionnaire is not effective in 

predicting cardiac abnormalities that can be detected by a cardiologist using ECG and Echo tests. Hence 

ECG may be useful in identifying potential cardiac abnormalities in the pre-participation screening 

process. Automated ECG analysis methods can help reduce cost and time in such pre-screening process 

and may contribute by potentially detecting HCM and other cardiovascular disease in young athletes. 

In this work, we aim to develop a classifier that can distinguish ECG signals of HCM patients from 

those of non-HCM controls. Training such a classifier requires ECG signals from two sets of people: 

HCM patients and non-HCM controls. ECG signals recorded from young and healthy controls (normal 

heart condition) should be used if the classifier is developed to screen for HCM among young athletes. 

We need ECG signals recorded from young and healthy controls to develop a classifier for the pre-

screening process of young athletes. However, obtaining such ECG data is difficult, because patients 

referred for ECG tests in hospitals do not usually have a normal cardiac diagnosis and recording ECG 

signals from a large group of healthy people outside hospitals is not easy. Moreover, in many cases 
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apparently healthy people may have some type of inherited cardiovascular disease. ECG data from other 

cardiovascular patients can be used as controls to train a classifier for the diagnosis of HCM patients in 

hospitals which is an essential and important task. In this thesis, we use ECG signals recorded from other 

cardiovascular patients as controls. Hence, we aim to develop a classifier that can contribute towards 

diagnosing HCM patients in hospitals. Nevertheless, the computational methods we propose may help to 

develop other classifiers that can potentially distinguish HCM patients from healthy young athletes. We 

note that the classifier is not expected to replace extensive cardiovascular diagnosis by cardiologists. 

Rather, it is intended as an initial screening method that will hopefully detect patients that may have 

HCM. The automatically detected patients will be referred for further cardiovascular tests and be 

examined by expert cardiologists.  

In the rest of the chapter, we first present the thesis statement (Section Error! Reference source 

not found.) where we provide an outline of the research contributions we make in this thesis. In Section 

1.2, we introduce the biological background of ECG signals and different heartbeat classes. Finally 

Section 1.3 describes the organization of this thesis. 

1.1 Dissertation Goal 

The primary goal of the research presented here is to identify HCM by classifying ECG signals using 

machine learning methods. The main motivation of this research goal comes from our study of the 

efficacy of the pre-participation questionnaire recommended by the American Heart Association (AHA). 

We initially pursued building a classifier to automatically predict young athletes’ heart condition based on 

their answers to the questionnaire. The dataset that we used for training and testing the classifiers 

contained the answers to questions by several hundred athletes and their respective heart conditions as 

adjudicated by a cardiologist based on ECG and Echo readings. However, classification results exposed 

significant weakness in the pre-screening procedure itself. We thus conducted an in-depth informatics-

driven and probabilistic analysis of the questionnaire that revealed important shortcomings in the AHA 
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screening procedure, whose use is advocated as the primary screening tool for athletes. This motivated us 

to develop automated ECG based classifiers for identifying HCM that may contribute significantly to the 

pre-participation screening process. Thus, the two contributions of this dissertation are: 

a) Utilizing computational, statistical and information-based methods for critically analyzing the 

efficacy of AHA-recommended questionnaire for identifying potential cardiac abnormalities in 

young athletes; and 

b) Developing an automated method to identify HCM by classifying 12-lead ECG signals. 

In the following two subsections we briefly describe our approach toward making these contributions. 

1.1.1  Analyzing the Efficacy of the AHA-recommended Questionnaire 

We first trained machine-learning based classifiers to automatically predict athletes’ heart conditions as 

determined by ECG and Echo tests where we used the answers to all questions as features. We also 

examined each question’s information-content and used an informative subset of questions to improve 

classification performance. The poor classification results and low information-content of individual 

questions led us to conduct further probabilistic analysis of the answers from the athletes who did not 

have completely normal hearts as diagnosed by cardiologists. Combinations of positive answers to the 

questions were also examined to determine whether they can identify athletes with non-normal heart 

conditions. The classification result, the information-content of individual questions and the results from 

other analyses exposed significant shortcomings in all elements of the pre-screening questionnaire in 

predicting athletes’ heart condition. Hence the main finding from this study is that the standard practice of 

conducting ECG which is often used in Europe should not be ignored for the pre-participation screening 

of young athletes in the United States. 

1.1.2 Developing a Machine-learning based Classifier for HCM Detection 

The HCM-detection method proposed in this thesis is primarily based on classifying individual heartbeats 

by applying machine-learning methods. Although heartbeat-classification is a mature research area, it has 
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not been used before for identifying HCM. In heartbeat-classification literature, machine-learning 

methods have been employed mainly for detecting arrhythmia (irregular heartbeats).  

We first identified individual heartbeats from the ECG signals of HCM patients and non-HCM 

controls using an existing tool. These heartbeats were identified from standard 10-second ECG signals 

recorded on all 12 leads. The next step was to extract features from these heartbeats for classification. As 

there is no existing work that extracts a list of features for identifying HCM, we have extensively 

surveyed the literature for investigating the types of features researchers have extracted before for 

heartbeat classification. We have also consulted with an expert cardiologist to determine the features that 

may help to distinguish HCM patients from non-HCM controls. Based on the survey on previous research 

and the suggestion of the expert cardiologist, we have compiled a list of 360 features to be extracted from 

12-lead ECG signals. Some heartbeats were missing feature-values in one or more leads. We have 

proposed an imputation method to replace these missing values. We have also successfully reduced the 

number of features using a feature-selection method. We then developed heartbeat-classifiers by applying 

Random Forests and Support Vector Machines. If the majority of the heartbeats from a subject are 

classified as HCM, our method labels that subject as a HCM patient. We trained and tested classifiers 

using standard 5-fold and 10-fold cross-validation procedure. The classifiers achieved high performance 

detecting HCM by classifying individual heartbeats using Random Forests and Support Vector Machines. 

1.2 Biological Background 

In this section, we first introduce the basic terminology pertaining to the heart’s electrical system and the 

representation of electrical signals as ECG waves. We also discuss different types of arrhythmia that have 

been detected in the past work by classifying individual heartbeats. 

1.2.1 The Heart’s Electrical System and ECG waves 

The heart has four main chambers: right atrium, left atrium, right ventricle and left ventricle. Figure 1.2 

shows these four chambers where the upper two chambers are the atria and the lower two chambers are 
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the ventricles. The heart’s electrical system (also known as the cardiac conduction system), shown in 

Figure 1.2, controls all the activities of the heart such as contraction and relaxation of the atria and 

ventricles. The three main components the heart’s electrical system that generate signals are the sinoatrial 

(SA) node (in the right atrium of the heart), the atrioventricular (AV) node (on the interatrial septum) and 

the His-Purkinje system (along the walls of the ventricles).  The electrical signals generated by these 

nodes are recorded as different waves on the electrocardiogram (ECG) rhythm strip. These waves are 

shown in Figure 1.3. 

 

Figure 1.2: Heart's electrical system [26]. 

A heartbeat is a single cycle in which the heart’s chambers relax and contract to pump blood. In the 

case of a normal heartbeat, an electrical signal originates in the SA node initiating a heartbeat and 

subsequently the depolarization of the right and left atria causes the contraction of the atria. As the signal 

travels through the walls of the right and the left atria, blood is pumped into the ventricles. This signal 

causes the P wave in the ECG. Figure 1.3 shows the P wave and the other ECG waves. When this signal 

arrives at the AV node, it is slowed down to allow the ventricles to be filled with blood. The released 

signal from the AV node travels along the left and right bundle branches in the heart’s septum via the 

bundle of His. The Q wave in the ECG is generated by this traveling of the signal.  
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Figure 1.3: ECG waves [17]. 

 

After leaving the left and right bundle branches, this signal quickly spreads across the walls of the 

ventricles through the Purkinje fibers. This signal causes the ventricles to depolarize, but not at the same 

time. The left ventricle depolarizes before the right ventricle. The R and S waves are caused by the 

depolarization of the left and the right ventricles, respectively. These Q, R and S waves are together called 

the QRS complex. The left and right ventricles relax after pumping the blood as the signal passes along 

their walls. This relaxation period generates the T wave on an ECG. The time difference between 

consecutive R waves is called RR interval. The measurements taken from the QRS complex and RR 

intervals are widely used features for classification of ECG data. 

Usually ECG signals are recorded for a 10-second duration by placing electrodes on patients’ limbs 

and the surface of the chest. 12 different views of the heart’s electrical activity are recorded by these 

electrodes. These 12 views are called 12 leads and the names of these 12 leads are: I, II, III, aVR, aVL, 

aVF, V1, V2, V3, V4, V5, and V6. In the past, features have been extracted from the ECG waveforms 

identified in one or more of these 12 leads for heartbeat classification. In our classification experiments, 

we have identified heartbeats and extracted features from all these 12 leads.  
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1.2.2 Types of Arrhythmia 

Arrhythmia is primarily defined based on the heart rate. The heart rate is defined as the number of 

heartbeats per minute. This is usually measured by how frequently the ventricles depolarize. As the 

depolarization of the ventricles produces the QRS complexes, the rate at which the QRS complexes 

appear on the ECG helps to determine the heart rate. When the heartbeat originates at the SA node as 

described in Section 1.2.1 and has a heart rate between 60 and 100 beats per minute, it is called normal 

sinus rhythm. When the heart rate is too fast (over 100 beats/minute), the heartbeat is called Tachycardia, 

while a heartbeat with too slow heart rate (below 60 beats/minute) is called Bradycardia. These and other 

irregular heartbeats are called arrhythmia. An arrhythmia can occur when the heartbeat is initiated by a 

signal that does not originate in the SA node unlike the normal beat. When the signal originates in the 

ventricles, the heartbeat is called Ventricular Beat, whereas Supraventricular Beat is initiated by a signal 

from any other place above the ventricles in the heart. In such arrhythmia, the electrical signal propagates 

in atypical route and transmits from cell to cell in the heart muscle causing various shapes of the waves on 

the ECG. 

Among several kinds of arrhythmia, Ventricular Fibrillation and Ventricular Tachycardia are the 

most life-threatening, and have received a lot of attention in the research on heartbeat classification. In 

Ventricular Tachycardia, three or more successive ventricular beats happen at a heart rate above 120 

beats/minute. In Ventricular Tachycardia, QRS complexes appear wider than normal heartbeats on the 

ECG. Ventricular Tachycardia can be life-threatening and a long episode of Ventricular Tachycardia can 

turn into Ventricular Fibrillation. In Ventricular Fibrillation, the ventricles quiver in a rapid pace and 

cannot pump blood. If not treated within a few minutes (by applying a defibrillator), the patient may die. 

Ventricular Fibrillation happens mainly during or after myocardial infarction (heart attack). Figure 1.4 

and Figure 1.5 show the pattern characteristic of ventricular tachycardia and ventricular fibrillation, 

respectively, as it appears on an ECG strip. 
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Figure 1.4: Ventricular tachycardia [60]  

 

Figure 1.5: Ventricular fibrillation [59] 

Ectopic Beat is another type of arrhythmia commonly identified using machine-learning methods. 

Ectopic Beats appear earlier than expected on the ECG as premature beats and can be initiated by a signal 

from any region of the heart, but they are usually classified as either Atrial, AV Junctional or Ventricular 

Ectopics. In Atrial Ectopics, the P wave appears earlier than expected and has an abnormal shape     

(Figure 1.6). 

 

Figure 1.6: Atrial Ectopic beats [3] 

AV Junctional Ectopics activate the ventricles that make QRS complex to appear early. In Ventricular 

Ectopics, QRS complex appears as wide on the ECG and each QRS complex is followed by inverted P 

waves.  

 Research on heartbeat classification has often focused on detecting the types of arrhythmia 

described above. As our HCM-detection work involves classifying heartbeats, in the next chapter 

(Chapter 2) we present a survey of the heartbeat-classification literature.  
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1.3 Thesis Organization 

This chapter has introduced the main objectives of our research. We have also introduced a brief 

biological background on ECG signals and different heartbeat classes. In the next chapter (Chapter 2) we 

present the survey on the related work, i.e., heartbeat classification. In Chapter 3, we describe the methods 

and results from our study on the efficacy of AHA-recommended questionnaire. Chapter 4 presents our 

research on identifying HCM from 12-lead ECG signals. Finally Chapter 5 concludes this dissertation 

work and outlines possible directions for future research.  
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                                                                             Chapter 2

Related Work 

The main objective of our research is to identify hypertrophic cardiomyopathy (HCM) by classifying 

individual heartbeats. We are not aware of any previous work on heartbeat-classification that detects 

HCM. Historically, the main focus of the research on heartbeat classification has been on identifying 

arrhythmia in cardiovascular patients. The early research-effort in this field was concentrated on 

automatic detection of life-threatening arrhythmia such as Ventricular Fibrillation and Ventricular 

Tachycardia. At present, arrhythmia detection is a mature research area where methods have been 

proposed and experiments have been conducted to classify all different types of heartbeats using many 

machine-learning algorithms and various features extracted from ECG data.   

 The most commonly used machine-learning methods in literature for classifying heartbeat are: 

Artificial Neural Networks, Linear Discriminants, Support Vector Machines, Random Forests and Hidden 

Markov Models. Morphological (amplitude values) and temporal (length of intervals) features have been 

widely extracted for the classification purpose. Fast Fourier Transform and Wavelet Transform have also 

been applied to extract features in frequency domain.  

Many different types of arrhythmia have been identified previously using these methods and 

features. Comparing among performance of machine-learning methods that have been reported in the 

literature is difficult, because the types of arrhythmia detected by different methods are not the same.  

Moreover, the classification results have been reported in the literature using different performance 

measures. The Association for the Advancement of Medical Instrumentation (AAMI) has published 

standards to follow when reporting the results of arrhythmia-detection experiments [40]. Several 

publications on arrhythmia detection have followed these standards. AAMI standards recommend five 

categories of heartbeats for classification purpose. These five categories are: Ventricular Ectopic Beats 

(VEB), Supraventricular Ectopic Beats (SVEB), Fusion Beat, unknown beat and any other beat not in the 
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first four categories (e.g., normal beat and Left Bundle Branch Block Beat). Among these categories, 

AAMI standards strongly recommend to report the performance of the classification algorithms in terms 

of the ability to distinguish VEB from non-VEB and SVEB from non-SVEB. The recommended 

performance measures are sensitivity, positive predictivity and accuracy.   

In this dissertation work we classify individual heartbeats for distinguishing HCM patients from 

non-HCM subjects. To select useful features and machine-learning methods for heartbeat classification,   

we study previous research on classifying heartbeats that followed the AAMI standards. In the rest of 

chapter, we present a survey on the use of machine learning methods for heartbeat classification. For each 

work, we describe the types of features extracted from the ECG signals, the heartbeat-types classified and 

the classification performance.   

2.1 Artificial Neural Network and Related Methods  

One of the first machine-learning methods to be applied to heartbeat classification was based on Artificial 

Neural Network (ANN). Back-Propagation Neural Network is the most common among the ANN-based 

methods used for arrhythmia detection. Other ANN-based methods employed in this field are 

Probabilistic Neural Network, Learning Vector Quantization and Self Organizing Map. In the following 

subsections the use of Back-Propagation Neural Network and other ANN-based methods for heartbeat 

classification is discussed. 

2.1.1 Back-Propagation Neural Network 

Yeap et al. [66] used Back-Propagation Neural Network (BPNN) to classify ECG beats into normal or 

Ectopic. Morphological and temporal features from the QRS complex, the T-wave slope and the RR-

intervals were used as the features for classification. The dataset contained 80 ECG recordings. From 

each recording, 1000 beats were used to extract the feature set. Four recordings (4000 beats) were used 

for training and the rest were used for testing. They achieved 67.6% sensitivity and 78% positive 

predictivity using their 3-layer Backpropagation Neural Network. Evans et al. [21] have also used the 
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Back-Propagation algorithm to train a 3-layer Neural Network to differentiate between normal sinus 

rhythms and Ventricular Tachycardia. Morphological features from the QRS complex were extracted. 

ECG data from 11 patients were collected and sampled at 406 Hz. The training dataset contained ECG 

records from half of the patients and the network was tested with the data from the other half. The 

reported sensitivity and specificity were approximately 90%. 

Clayton et al. [10] extracted features in the frequency domain by applying Fast Fourier Transform 

on ECG signals. They classified ECG data to distinguish Ventricular Fibrillation (VF) from VF-like 

events such as Ventricular Tachycardia, Atrial Flutter and the noise arising from the poor electrode 

contact. The dataset contained 190 segments of ECG recordings (each of 4.096 seconds). The ECG 

segments were sampled at 250 Hz. Fast Fourier Transform was applied to the ECG segments. The 

training set comprised 80 data segments, 40 of which were of the VF class from five patients and the rest 

was of the VF-like class from six patients. 70 segments of the VF class from 15 patients and 40 segments 

of the VF-like class from ten patients were used as the test set. The sensitivity achieved by the classifier 

was 84%, while the specificity was 59%.  

 Minami et al. [47] also extracted features after applying Fast Fourier Transform and classified 

three kinds of heartbeats: Supraventricular, Ventricular (Ventricular Tachycardia and Premature 

Ventricular Contraction (PVC)), and Ventricular Fibrillation. Back-Propagation algorithm was applied to 

train a 3-layer Neural Network. In total 700 QRS complexes (500 for training and 200 for testing) were 

used in the experiments. Approximately 90% sensitivity was obtained for the Supraventricular and 

Ventricular Fibrillation classes, whereas the sensitivity for the Ventricular class was 80%. The specificity 

for all three classes was above 90%. 

Wavelet Transform has also been used to convert the ECG data into the frequency domain for 

feature extraction. Prasad and Sahambi [54] derived 23 coefficients from the Discrete Wavelet Transform 

of the ECG data. These 23 coefficients and the RR intervals were used to construct the feature vector. The 

classification was performed by a Back-propagation Neural Network having two hidden layers. Forty six 
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ECG records from the MIT-BIH arrhythmia database [39] were used in the experiments. The number of 

beats in the training and testing set was 30293 and 75130 respectively. There were thirteen types of beats 

in the dataset. The results were reported in terms of accuracy and the average classification accuracy of all 

beat types was 96.77%. 

None of the work described above have used AAMI standards for choosing the classes of 

heartbeats or reporting performance measures. Mar et al. [38] have followed these standards for both 

these purposes. They initially compiled a list of 71 temporal and morphological features. Sequential 

Forward Floating Search algorithm was applied to reduce the number of features to 9. These nine features 

include the RR intervals, the duration and the amplitude of the QRS complex, and the amplitude of the T-

wave. The training and test data were obtained from the MIT-BIH arrhythmia database (22 records each 

for training and testing). The classifiers were used to identify four types of heartbeats: normal, SVEB, 

VEB and Fusion as recommended by AAMI.  Back-propagation Neural Network performed better when 

using the reduced set of features than the complete set. For the VEB class, the accuracy, the sensitivity 

and the positive predictivity achieved was 97.3%, 86.8% and 75.9%, respectively. The heartbeats of the 

SVEB class were classified with 93.3% accuracy, 83.2% sensitivity and 33.5% positive predictivity.    

2.1.2 Probabilistic Neural Network and other ANN-based Methods 

Yu and Chou [67] used Probabilistic Neural Networks for their classification experiments and compared 

the results with Back-Propagation Neural Networks. They applied independent component analysis (ICA) 

to extract features from the ECG signals. ICA is a signal processing technique that expresses a set of 

random variables as a linear combination of statistically independent component variables. The RR-

intervals and the features extracted using ICA were used to construct the feature vector. 9800 ECG data 

segments from the MIT-BIH arrhythmia database were used for the experiments. Each data segment was 

0.556s long. One half of the dataset was used for training Neural Networks and the other half was used 

for testing. The heartbeats were classified into eights types: normal beat, Left Bundle Branch Block beat, 

Right Bundle Branch Block beat, Atrial Premature beat, Premature Ventricular Contraction, Paced beat, 
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Ventricular Flutter Wave, and Ventricular Escape beat. The Probabilistic Neural Network performed 

marginally better than the Back-propagation Neural Network. Overall accuracy achieved using 

Probabilistic Neural Network was 98.71%. Sensitivity for the classes was greater than 88% and 

specificity for each class was very high (close to 99%).  

Hu et al. [28] applied Self Organizing Map and Learning Vector Quantization to develop heartbeat 

classifiers. They used the mixture of experts (MOE) approach for patient adaptive arrhythmia detection 

by combining two classifiers: global expert (GE) and local expert (LE). The GE classifier is trained using 

the whole dataset from all the patients in the ECG database. On the other hand, the LE classifier is trained 

using the data from a particular patient whose ECG record needs to be classified. The QRS complex was 

extracted as a 29 point template and then reduced to a 9-dimensional vector using principal component 

analysis. This 9-dimensional vector and the RR interval were used to construct the feature vector. The 

beats in 14 records (each of 30 minutes) were selected as a training set from the MIT-BIH arrhythmia 

database. These 14 records were used to train the GE classifier.  The beats from another set of 20 records 

(each of 30 minutes) was selected as the test set. The objective of the classification was to classify 

Premature Ventricular Contractions from three other types of heartbeats: normal beats, Fusion beats and 

unclassifiable beats. 62.2% accuracy, 63.5% sensitivity and 31.9% positive predictivity were achieved by 

the GE classifier. The performance of the classifier improved significantly when combined with the LE 

classifier using the MOE approach (94.0% accuracy, 82.6% sensitivity and 77.71% positive predictivity). 

2.2 Linear Discriminants  

Chazal et al. [7] followed AAMI standards to classify heartbeats in ECGs from the MIT-BIH arrhythmia 

database into five categories by using Linear Discriminants as the classification method. The feature set 

used in their work are RR intervals, heart-beat intervals (QRS duration, T-wave duration, etc.) and 

various ECG morphology features. The ECG morphology features are the amplitude values of the ECG 

signal, e.g., 10 samples between QRS onset and QRS offset, 9 samples between QRS offset and T-wave 
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offset. The training set and test set both had 22 records (each of 30 minutes) of ECG data from the MIT-

BIH arrhythmia database. The training and the testing set had 51,020 beats and 49,711 beats respectively. 

The sensitivity was 77.7% and positive predictivity was 81.9% for the VEB class. For the SVEB class, 

the sensitivity was 75.9%, but the positive predictivity was low (38.5%). The accuracy was 97.4% for the 

VEB class and 94.6% for the SVEB class.  

Chazal et al. [8] extended their earlier work [7] towards patient adaptive arrhythmia detection 

where the classifier uses the annotation of a small section of the recording under analysis to improve the 

detection rate on the rest of the recording. The annotation of this small section is done by a human expert 

and a classifier is trained on these annotated beats. This is called the local classifier which is similar to the 

concept of LE classifier trained by Hu et al. [28]. The local classifier was combined with the so called 

global classifier that was trained using the MIT-BIH arrhythmia dataset in the earlier work [7]. The 

combination of the classifiers was performed by calculating the weighted sum of the classifier-parameters 

(class means and common covariance). Higher weight was given to the global classifier. This combined 

classification approach achieved better sensitivity and positive predictivity for the VEB and the SVEB 

class than that was reported in the earlier work by Chazal et al. [7]. The sensitivity was 94.3% for the 

VEB class and 87.7% for the SVEB class. The positive predictivity of the VEB class was 96.2% whereas 

it was low for the SVEB class (47.0%). The beats in the VEB and SVEB class were classified with the 

accuracy of 99.4% and 95.9% respectively. 

Llamedo et al. [36] also applied Linear Discriminants for heartbeat classification. The classifier 

was trained using the same dataset as used by Chazal et al. [7, 8] previously.  From a list of 39 features, 

eight features were selected using the Sequential Forward Floating Search algorithm. The heartbeats were 

classified following the AAMI recommendation with a modification (the Fusion beats were merged with 

the Ventricular Ectopic Beats). For the modified VEB class, the sensitivity was 81% and the positive 

predictivity was 87%. 77% sensitivity and 39% positive predictivity were achieved for the SVEB class. 
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2.3 Support Vector Machines and Random Forests 

In addition to Artificial Neural Networks and Linear Discriminants, Support Vector Machines (SVM) and 

Random Forests have been used for heartbeat classification. Osowski et al. [49] have extracted two 

separate feature sets from the QRS complexes available in the MIT-BIH arrhythmia database. SVM with 

Gaussian Radial Basis kernels were used to classify the ECG beats into 13 types of arrhythmia. The 

number of beats in the training dataset was 6690 and a separate set of 6095 beats was used for testing. 

The classification accuracy using the two feature sets were 94.57% and 93.72%. The accuracy improved 

to 95.91% when the two classifiers using two feature sets were combined by weighted voting.  

Melgani and Bazi [46] improved the classification performance achieved by SVM using a 

stochastic optimization technique. They applied Particle Swarm Optimization [32] to automatically detect 

the subset of the best discriminative features and to adjust the parameters of the classifier (i.e, estimating 

the best values of the regularization and kernel parameters). Six types of heartbeats from the MIT-BIH 

arrhythmia database were classified. The six classes were: Normal Sinus Rhythm, Atrial Premature Beat, 

Ventricular Premature Beat, Right Bundle Branch Block, Left Bundle Branch Block and Paced Beat. The 

feature set included ECG morphology features (amplitudes of the QRS complex) and temporal features 

(QRS duration and RR intervals). The experiment was conducted with 250, 500 and 750 training beats. 

The number of beats in the test set was 40,438. The overall accuracy was 86.97%, 90.52% and 91.67% 

for the training sets of 250, 500 and 750 beats respectively. This accuracy was superior to the accuracy 

(82.61%, 87.76% and 89.7%) that was achieved by the SVM classifier without using Particle Swarm 

Optimization.  

Recently Alonso-Atienza et al. [1] have used SVM and applied filter-based feature-selection 

methods to a set of temporal and spectral features for the classification of VF vs. non-VF arrhythmia. 

ECG recordings from the three databases in the Physionet repository were used for classification 

experiments. The training set consisted of randomly chosen 70% heartbeats, while the rest 30% was used 

for testing. 92% sensitivity and 97% specificity are reported.  
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Although Random Forests has not been used widely for heartbeat classification, it has been shown 

to perform very well by couple of publications. Emanet [20] has applied Discrete Wavelet Transform to 

extract features in the frequency domain and classified the beats into the types classified by Melgani and 

Bazi [46] except Atrial Premature Beat. The training and test set had 600 and 300 beats respectively from 

the MIT-BIH arrhythmia database. Random Forests classified the heartbeats with 99.8% overall accuracy. 

Recently Park et al. [51] have also used Random Forests to classify heartbeats from the MIT-BIH 

arrhythmia database following AAMI standards. They have extracted temporal and morphological 

features from the P-waves and the QRS-complex. The five heartbeat classes recommended by AAMI 

were recognized with 98.68% overall accuracy. 

2.4 Hidden Markov Models 

The earliest work on using Hidden Markov Models (HMM) for heartbeat classification is by Coast et al. 

[11]. Their left-to-right model had separate paths from the start to the end state to represent different types 

of heartbeats. The sequence of the digitized ECG samples was used as the observation sequence. 

Gaussian probability density function was assumed for the continuous observation sequence. Heartbeats 

were classified by finding the best possible state sequence using the Viterbi algorithm. The American 

Heart Association (AHA) ventricular arrhythmia database was used for classification experiments. The 

heartbeats were classified as normal or Ventricular Ectopic Beat (VEB). The reported sensitivity for VEB 

detection was 97.25% and positive predictivity was 85.67% on a test set containing 799 heartbeats.  

While Coast et al. used left-to-right model, Koski [33] performed normal vs. Premature Ventricular 

Contraction (PVC) heartbeat-classification by training two Ergodic models where transitions are allowed 

from each state to any other state. The digitized ECG samples were first divided into straight-line 

segments using Piecewise Linear Approximation. Each linear segment was characterized by a vector of 

two features: the duration and the amplitude at the start point. Two Ergodic HMMs consisting of 30 states 

each were designed to model normal and PVC beats. Each model was trained using 4 ECG signals and 
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tested with two signals. Heartbeats from both signals were correctly classified. Cheng and Chan [9] used 

the same Piecewise Linear Approximation procedure used by Koski for ECG samples and they extracted 

differential amplitude between the start and the end point, and the interval of the line segment normalized 

by R-R intervals as features. Separate HMMs were trained to classify normal, PVC and Fusion heartbeats. 

Classification experiments were conducted on the AHA ECG database. The test dataset contained 20147 

normal, 1733 PVC and 516 Fusion beats. The classification accuracy was 93% for normal beats, 65.55% 

for PVC beats and 56.38% for Fusion beats.  

Rather than training models to represent complete ECG signals, Andreao et al. [2] performed 

heartbeat classification by first modeling individual waveforms (e.g., P wave, QRS complex and T wave) 

through elementary HMMs. Then each heartbeat class was represented by just changing the transitions 

among these elementary HMMs in the appropriate manner. Continuous Wavelet Transform was applied 

on the ECG sequence to extract features. Gaussian density function was used at each state as the 

observation probability distribution. From various morphologies of each waveform and segment present 

in the training dataset, multiple models were designed and trained using HMM likelihood clustering 

method. The segmented waveforms were connected to form the heartbeats and then classified as one of 

the two heartbeat classes: normal beat and PVC beat. For the classification experiment, the training set 

contained 20809 normal beats and 321 PVC beats. The test set had 60168 normal beats and 1375 PVC 

beats. The sensitivity and positive predictivity for PVC beat detection was 87.2% and 85.64% 

respectively. 

While most of the work on using HMMs for heartbeat classification have used continuous 

observation sequence, Pan et al. [50] have extracted four features from ECG waveforms and then 

quantized them to obtain discrete observation sequence. Four types of abnormal heartbeats were 

identified:  Left Bundle Branch Block (LBBB), Right Bundle Branch Block (RBBB), Ventricular 

Premature Contractions (VPC), and  Atrial Premature Contractions (APC). ECG signals in the MIT-BIH 

arrhythmia database were used for training and testing. The number of heartbeats in the training dataset 
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was: 4500 (normal), 2100 (LBBB), 1800 (RBBB), 300 (APC) and 600 (VPC). The test set contained 

3600 normal beats, 2400 LBBB beats, 2100 RBBB beats, 1200 APC beats and 300 VPC beats. The 

classification accuracy for two types of heartbeats (VPC and APC) is 100%, but the other two types 

(LBBB and RBBB) were identified with less than 50% accuracy.  

Recently, Liang et al. [34] have applied HMM to identify two types of abnormal heartbeats (PVC 

and APC) from real-time ECG recorded through wearable ambulatory device. Each heartbeat and the 

corresponding waveforms were detected by the Viterbi algorithm and then inter-wave intervals were used 

as features. The ECG signals from the MIT-BIH arrhythmia database and MSG-300U ECG dataset were 

used for performance evaluation. The number of PVC and APC beats in the test dataset was 2000 and 

144, respectively. The abnormal heartbeats were identified with approximately 95% sensitivity. 

2.5 Discussion 

An objective comparison among all the publications discussed in this chapter is difficult, mainly due to 

the absence of agreed upon training and test dataset, heartbeat types to be classified and performance 

measures. This issue has been raised also by a recent survey of arrhythmia-detection literature [37]. Some 

of the publications address this difficulty by following the AAMI recommendation for heartbeat classes 

and performance measures [7, 8, 28, 36, 38, 51]. Among these publications, Random Forests classifiers 

have shown to perform the best in terms of overall classification accuracy [51]. We chose Random 

Forests as one of the heartbeat-classification methods for our research. We have also chosen Support 

Vector Machines for classifying heartbeats because we found it to perform equally well in our 

classification experiments.  

We describe our experiments on heartbeat classification using Support Vector Machines and 

Random Forests for HCM detection in Chapter 4. In the next chapter (Chapter 3), we present the main 

motivation behind our research on identifying HCM, where we examine the efficacy of the American 

Heart Association recommended questionnaire for pre-participation screening of young athletes. 
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                                                                             Chapter 3

Critical Analysis of the AHA Screening Questionnaire 

In this chapter we present our study on evaluating the efficacy of the pre-participation questionnaire 

recommended by the American Heart Association. The motivation of this study is presented in Section 

3.1. The questionnaire data is described in Section 3.2. We discuss the methods and tools used in our 

experiments in Section 3.3. Section 3.4 describes the results from our experiments. We present the 

conclusion in Section 3.5. 

3.1 Motivation and Objectives 

Initial screening through electrocardiogram (ECG) and echocardiogram (Echo) is a first step for 

identifying morphological anomalies that can lead to cardiac abnormalities, and in extreme cases to 

sudden death. However, due to considerations of speed, ease of administration and cost, these standard 

procedures, while often used in Europe are not used for large-scale pre-screening of young athletes in the 

United States [14].  As an alternative preventive measure, the American Heart Association (AHA) has 

recommended a screening procedure, intended as a cost-effective, practical initial measure for pre-

participation screening of athletes [41].  

The current, revised, AHA pre-participation screening recommendations were published in 2007, 

and include 12-element screening guidelines [42] (see Table 3.1). Under these guidelines, each athlete 

answers several questions concerning personal and family history and undergoes a physical examination 

(we refer to the combination of questions and physical exam as “the questionnaire”). If any of the 

questions is answered in the affirmative, or if the physical examination suggests an abnormality, the 

athlete is then referred for a more extensive cardiologic evaluation through ECG and Echo, in which 

responses that are Non-normal (i.e., deviate from the Normal measures established for athletes, but not  
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Table 3.1: The AHA 12-element Screening Guidelines [42] 

conclusively abnormal) can be identified; athletes with Non-normal results are referred for further, more 

extensive testing to verify whether any serious heart condition is present.  

In a preliminary study [31], we conducted two statistical tests (Fisher’s exact test and N-1 Chi-

squared test) to determine the association between the response to the questionnaire and the heart 

condition as determined using the standard ECG and Echo tests. The response to the questionnaire was 

considered to be abnormal if at least one of the answers was affirmative or the physical exam was 

abnormal. We did not find any statistically significant association between the overall response to the 

questionnaire and the results from the ECG and Echo tests. This broadly suggests low predictive power of 

the AHA screening questionnaire. However, in that study, we did not make use of machine learning 

methods to try and develop a predictive tool based on the answers to all individual questions. Moreover, 

we did not analyze the answers to each of the questions and their predictive value.  

To study the efficacy of the questionnaire and its possible contribution to predicting cardiac 

irregularities, we set out to pursue what appeared to be a straightforward task: namely, training a 

Guideline # Question Type Question Contents as described in the AHA guideline 
1 Personal 

History 
Exertional chest pain/discomfort? 

2 Unexplained syncope/near-syncope? 
3 Excessive exertional and unexplained dyspnea/fatigue, associated 

with exercise? 
4 Prior recognition of a heart murmur? 
5 Elevated systemic blood pressure ? 
6 Family History Premature death (sudden and unexpected, or otherwise) before age 

50 years due to heart disease, in at least one relative? 
7 Disability from heart disease in a close relative younger than 50 

years of age? 
8 Specific knowledge of certain cardiac conditions in family 

members: hypertrophic or dilated cardiomyopathy, long-QT 
syndrome or other ion channelopathies, Marfan syndrome, or 
clinically important arrhythmias? 

9 Physical Exam Heart murmur 
10 Femoral pulses to exclude aortic coarctation 
11 Physical stigmata of Marfan syndrome 
12 Brachial artery blood pressure (sitting position) 
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machine-learning-based classifier, based on the answers to the questionnaire from several hundred 

athletes, in order to automatically predict from these answers the athletes’ heart condition. The heart 

condition for the purpose of this study was either Normal or Non-normal, as determined by a cardiologist 

based on ECG and Echo readings. The cardiologist’s adjudication, which is based solely on ECG and 

Echo, serves here as the gold-standard to which the AHA guidelines results are compared.  

We note that ideally an evaluation of the AHA questionnaire’s effectiveness would directly attempt 

to correlate actual sudden death events with specific questionnaire answers. However, such an approach 

is impractical, fortunately, due to the relatively low incidence of actual sudden cardiac death (SCD). That 

said, we also note that the reasoning behind the questionnaire is that it should suggest (or rule-out) the 

presence of certain morphological anomalies that can lead to sudden death. Such anomalies are best 

assessed by a cardiologist through the analysis of the ECG and the Echo tests. Based on this insight, the 

expectation was that the answers to the questionnaire should be predictive of the Echo/ECG results.  

Intending to follow the common machine-learning procedures for learning a classifier from data we 

also aimed to select the most informative features, that is, identify the items in the AHA-based pre-

screening procedure, whose answers are the most predictive of the cardiologist’s adjudication. We thus 

anticipated that by using filled-in questionnaires from a relatively large population of young athletes, we 

could train a classifier to distinguish between athletes with potential cardiovascular abnormalities (as 

determined by ECG and Echo tests) from normal ones.  

However, classification results and the information content of individual questions indicated very 

low predictive power of the AHA questionnaire. Hence we conducted further experiments to analyze the 

efficacy of the questionnaire in identifying potential cardiac abnormalities. We first describe the dataset 

used in our study in the next section before presenting the methods, tools and results. 
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Table 3.2:   The list of questions used in the questionnaire presented to the athletes in this study, along 
with the AHA guideline number to which each question corresponds 

3.2 Questionnaire Data 

The study included 470 participants, all of whom are young athletes participating at state-level athletic 

events. They were all asked to fill a questionnaire consisting of 12 Yes/No questions as shown in Table 

3.2 (Q1-Q12), corresponding to AHA elements 1-8 shown in Table 3.1. They have also undergone a 

standard, basic physical exam corresponding to AHA elements 9-12 in Table 3.1. The results of the 

physical (which can either be normal or abnormal), are listed as Question 13 (Q13) in Table 3.2. Notably, 

the AHA 12-elements are intended to be clear to physicians but not necessarily to laymen. Therefore, the 

questionnaire filled by the athletes, as shown in Table 3.2, uses simply-phrased questions that correspond 

to each element's intention. In several cases more than one question is needed to cover an element, and 

some questions address more than a single element. The element number(s) covered by each question is 

shown in the rightmost column of Table 3.2. 

In addition to answering questions Q1-Q12 and undergoing the basic physical (Q13), the 

participants have separately undergone ECG and Echo tests. The latter two tests were evaluated by an 

Quest.  # Question content as presented to athlete AHA Guideline # 
Q1 Dizziness/Passed Out during/after exercise?  2 
Q2 Chest Pains or shortness of breath? 1 
Q3 Become tired quicker than peers during exercise?  3 
Q4 Heart murmur/disease? 4 
Q5 Skipped heartbeats or racing heartbeats? 1 (discomfort), 4 
Q6 Heart disease development or related death in family? 6 
Q7 Does anyone in the family have fainting episodes or seizures? 6,7 
Q8 Chest discomfort when active? 1 
Q9 Have you been told you have high blood pressure? 5 

Q10 Have you experiences seizures or exercise related asthma?  1,2 
Q11 Anyone in family experienced heart surgery or have a pacemaker or 

defibrillator under the age of 50 years?   
7 

Q12 Anyone in family diagnosed with Cardiomyopathy, aneurysm, 
Marfan's, IHSS?     

8 

Q13   Physical examination results abnormal? 9-12 
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expert cardiologist to draw a more conclusive adjudication regarding each individual’s heart condition, 

based on measurable, observable cardiac parameters as opposed to questions. The two possible 

conclusions were: Normal and Non-normal, where Non-normal heart condition means that further 

extensive cardiological evaluation of the athlete is required. The cardiologist’s adjudication was based 

solely on the ECG and Echo tests, and did not include any analysis or consideration of the questionnaire 

results. Of the 470 participants, 348 were categorized by the cardiologist as Normal, while 122 were 

categorized as Non-normal.   

As not all participants answered all the questions, when analyzing individual questions for 

information content and conditional probabilities, we consider, per-question, only the number of answers 

that the question has actually received.  Please see Table 3.3 for per-question statistics.  

3.3 Methods and Tools 

Our analysis of the AHA questionnaire data started by applying classifiers to the data, and was followed 

by an information-content analysis of each question. We used the information-content analysis to also 

select the most informative attributes (questions) from the questionnaire, and re-applied the classifiers 

using only these attributes. We also performed probabilistic and sensitivity analysis of the answers to each 

question, and investigated the possibility of identifying subsets of questions that may show a stronger 

association with abnormal outcomes than individual questions do. These methods and related tools are 

presented in the following subsections. 

Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10 Q11 Q12 Q13 
# of answers 469 466 466 436 431 380 423 466 440 468 459 367 451 
# of positive 
answers 

94 121 51 33 22 40 45 55 26 65 6 12 40 

#  of negative 
answers 

375 345 415 403 409 340 378 411 414 403 453 355 411 

Table 3.3: Number of answers received for each question, along with the number of positive and 
negative answers. The second row shows how many answers were received for each of the questions, 
while the third and fourth rows indicate how many of the answers were positive and how many of them 
were negative, respectively. 
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3.3.1 The Classifiers 

As a baseline for examining the feasibility of predicting the heart condition of young athletes using the 

AHA questions and physical examination as attributes, we applied three standard classification methods: 

Naïve Bayes (e.g., [48]), Random Forests [4] and Support Vector Machines (SVM) [16]. These three 

classifiers are briefly introduced below. 

Given an instance represented as a vector of attributes, , , , … ,  and a set of classes , the 

Naïve Bayes classifier aims to find the most probable class  for the instance by calculating the 

posterior probability of an instance to belong to a class such that 

argmax
∈

	 	 | , , , … , . 

Calculating this posterior probability using Bayes’ theorem requires estimating the likelihood: 

	 , , , … , | . 

However, a reliable estimation of this likelihood requires a large training dataset. Hence, the Naïve Bayes 

classifier makes a simplifying assumption that the attributes , , , … , 	 are conditionally 

independent of each other given the class label. This assumption allows the re-writing of the likelihood as 

follows: 

	 , , , … , | . 

Clearly estimating the individual conditional probability  requires a significantly smaller 

training set than estimating 	 , , , … , | . 

Random Forests forms an ensemble classifier based on a collection of decision trees, learned from 

multiple random samples taken from the training set. In a decision tree, each internal node corresponds to 

an attribute, and the branches descending from that node are labeled with the possible values of that 

attribute. Each leaf of the tree is labeled with a class. Given an instance for classification, the value of the 

attribute corresponding to the root of the tree is examined. The appropriate branch is then selected based 

on the value of the attribute and the same process is continued at the next internal node along that branch. 
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If the next node is a leaf, the class-label at the leaf is the predicted class for the given instance. Deciding 

which attribute should be used at each internal node is the main component of any decision tree learning 

algorithm. The information gain criterion is widely used for selecting the attribute that has potentially 

better classification capability than other attributes. In Random Forests, several decision trees are trained 

using random samples that are selected uniformly from the training dataset, with replacement, such that 

the total size of each random sample is the same as the size of the whole training set. To classify a new 

instance, each decision tree is applied to the instance, and the final classification decision is made by 

taking a majority vote over all the decision trees.  

Support Vector Machines (SVM), in its basic form is binary linear classifier. A hyperplane is learnt 

from the training dataset in a high or infinite dimensional space to separate the training instances for 

classification. The hyperplane is constructed such that the margin, i.e., the distance between the 

hyperplane and the data points nearest to it is maximized. If the training instances are not linearly 

separable, these can be mapped into high dimensional space to find a suitable separating hyperplane. 

We used the standard classification packages in WEKA for all three classifiers [25]. The Random 

Forests algorithm was implemented with 100 trees. Gaussian radial basis function was used as the kernel 

for SVM. We have also tried linear kernel, but Gaussian radial basis kernel performed marginally better 

than the linear kernel. To train/test and evaluate the performance of the classifiers, we used the standard 

10-fold cross-validation procedure. We can see in Table 3.3 that not all participants answered all the 

questions and so some values are missing in the questionnaires. For classification purposes, we denote 

each missing value as Not Known (NK). Hence, each athlete’s response to the questionnaire is represented 

as a 13-dimensional vector , , , … , , where ∈ , , , denoting a negative, a positive 

or a Not Known answer, respectively, to question . The intended task for each classifier is to assign 

each such instance (athlete) into one of the two possible classes: Normal or Non-normal. For the purpose 

of this study, the gold-standard, true class for each of the 470 athletes is as assigned by the cardiologist 
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based on the results of the ECG and Echo tests (348 have Normal conclusion and 122 have Non-normal 

conclusion).  

As the dataset is biased toward the Normal class, to correct for the imbalance, we used the 

procedure of sub-sampling from the over-represented class to create a balanced dataset for 

training/testing. Under the sub-sampling method, instances are chosen at random from the majority class 

to make the size of the two classes equal. By randomly selecting 122 instances from the Normal class and 

taking the whole subset of 122 Non-normal instances we obtain a balanced dataset. We have repeated the 

sub-sampling procedure 5 times to ensure stability of the results.  The classifiers have been trained and 

tested on both the original and the balanced dataset. To evaluate the performance of the classifiers, we 

have used several standard measures, namely, the Accuracy (the proportion of correctly classified 

instances), as well as the widely used measures of Precision, Recall (Sensitivity), Specificity and F-

measure. Accuracy, Precision, Recall (Sensitivity) and Specificity are defined below, where true positives, 

denote Non-normal cases that are correctly classified as Non-normal: 

#	 	 	 	 / 	 	 	 		; 

	 #	 	 	 / #	 	 	 #	 	 	 		; 

	 #	 	 	 / #	 	 	 #	 	 	 ; 

#	 	 	 / #	 	 	 #	 	 	 ; 

The F-measure is the harmonic mean of the Precision and the Recall. The definition of the F-measure is: 

2 . /  

3.3.2 Information Content Analysis 

As discussed further in Section 3.4.1, using all the questions as attributes results in poor classification 

performance. Hence we investigated each question individually to assess its predictive capability. We use 

the well-known information gain criterion (e.g., [48]) for this purpose. The information gain, calculated 

for each question, measures how much information is gained about the conclusion (Normal or Non-

normal) when the answer to that question is obtained. It thus indicates how predictive the answer to a 
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question is in classifying participants as having a Normal or a Non-normal heart-condition. It is calculated 

as the difference between the unconditional entropy associated with the conclusion and the conditional 

entropy of the conclusion given the answer to a question. These measures are formally defined below.  

Let  be the set of conclusions (class labels) and  be the answer to question Q. The maximum 

likelihood estimate for the probability of the conclusion being Normal, or Nor for short, , 

is calculated as: 

	 #	 	 	 	 	 . / 	#	 	 	 , 

while the probability of Non-normal (denoted NNor) conclusion is calculated as: 

1 	 . 

Similarly, we define the conditional probability of the conclusion to be Normal (or Non-normal) 

given the answer (Yes or No) to question Q. We define this probability, for a question Q, as: 

,	where  is either Nor or NNor and  is either Yes or No. The conditional 

probabilities are estimated from the observed proportions; e.g., the probability of the conclusion being 

Non-normal given that the answer for question Q is positive, | , is estimated 

as: 

#	 	 	 	 ‐ 	 	
	 	 	 	

	#	 	 	 	 	 	
	 	

 

The entropy of the conclusion, , is defined as: 

	 .	 

Let the conditional entropy of the conclusion, given a positive or a negative answer be  

 and , respectively. The conditional entropy of the conclusions set C 

given the answer to a question Q is calculated as: 

∗ ∗ . 

The information gain associated with question Q, , , is formally defined as: 

, 	 – 	 | . 



30 

 

3.3.3 Attribute Selection 

As all questions lead to very low information gain (Section 3.4.2) and are thus not individually 

informative for predicting the heart condition as determined by the ECG or Echo tests, we have used an 

attribute subset selection algorithm to determine whether there is a subset of questions that may show 

high correlation with the conclusion and thus will have better predictive capability. To obtain such a 

subset of questions, we have used the Correlation-based Feature Selection (CFS) approach [64]. CFS 

finds a subset of the attributes that is the most informative among all the possible subsets, in the sense that 

the average correlation of the attributes of the selected subset with the class is high, while the average 

inter-correlation among those attributes is low. CFS uses the information-content of each question to 

measure the correlation.  

Applying the WEKA implementation of CFS to find the subset of questions that is highly 

informative of the conclusion resulted in the identification of a subset consisting of four questions, 

namely Q2, Q9, Q11 and Q13. The answers to these four questions were then used as attributes. Each 

athlete was represented as a 4-dimensional vector , , , ,	 (where  is the athlete's answer to 

question Qi) for training and testing the Random Forests classifier. The results from this classification 

were compared with the results obtained using answers to all the questions as attributes.  

3.3.4 Individual Questions’ Ability to Indicate Non-normal Heart Condition 

As the classification performance remained quite poor even when using an informative subset of 

questions (Section 3.4.3), we investigated for each question whether a positive answer to it has a 

significantly higher probability of indicating a Non-normal conclusion, compared to a negative answer. If 

this is true for a question, its positive answer is then expected to at least indicate a likely Non-normal 

conclusion (even if it does not reliably identify Normal conclusions). We have investigated the Bernoulli 

distributions resulting from two probabilities:  and 

, and used the Z-test to check whether the difference between the two 

distributions is statistically significant [61].  The procedure is described below.  
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Given a question Q, let  be the total number of participants answering Yes while  

denotes the total number of participants answering No to the question. The Z-statistic for the probabilities 

P |  and |	 	  is calculated as:  

Pr

1 1/ 1/
	, where 

p	
TAQ No*Pr Con NNor	 	AQ Yes TAQ Yes*Pr Con NNor	|	AQ No

TAQ Yes TAQ No
 

For a two-sided test, if the value of the Z-statistic is greater than 1.96 or smaller than -1.96, the difference 

between the two probabilities is considered statistically significant with 95% confidence (p-value<=0.05). 

We note that correctly identifying a Non-normal conclusion is more important than correctly predicting a 

Normal conclusion, because failure to identify an athlete with a Non-normal heart can be potentially life-

threatening, whereas misidentifying a Normal heart as Non-normal will only incur extra cost to conduct 

further tests.   

To further demonstrate a question’s value (or there lack-of) in identifying Non-normal conclusions, 

we have also calculated the Sensitivity of each question, i.e. the conditional probability                  

	 | ‐ , which is widely used as a criterion for evaluating a test’s ability to 

identify the presence of a disease. Obviously, a high Sensitivity indicates that a negative answer to the 

question Q is very unlikely in the presence of a Non-normal heart condition.  

3.3.5 Combination of Affirmative Answers to Detect Non-normal Heart Condition 

The results from the probabilistic and sensitivity analysis show that none of the question’s positive 

answer individually can indicate Non-normal heart condition. Hence, we also considered the possibility 

that there are combinations of two or more questions that when answered together in the affirmative have 

a non-negligible association with the Non-normal conclusion. We investigated this association by 

identifying all such combinations of questions and counting how many athletes with Non-normal heart 

condition gave positive answers to the questions in each combination. 
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Table 3.4: Classification results from the WEKA implementation of Naïve Bayes, Random Forests 
(RF) and Support Vector Machines (SVM), on the original (biased) dataset 

3.4 Experiments and Results 

We initially set out to build a classifier to predict young athletes’ heart conditions using traditional 

machine learning methods: Naïve Bayes, Random Forests, and Support Vector Machines. We also 

examined each individual question’s information content. The classification results and the information 

gain associated with each question are presented in Section 3.4.1 and Section 3.4.2, respectively. Poor 

classification results and low information content of individual questions lead us to try and use an 

informative subset of questions for classification. We describe this experiment and its results in Section 

3.4.3. As the classification results did not improve using the informative subset of questions, we 

conducted further probabilistic analysis of individual question’s ability to indicate cardiac abnormality. 

Positive answers to combinations of questions were also analyzed for predicting Non-normal heart 

condition. Sections 3.4.4 and 3.4.5 present results of these analyses.  

3.4.1 Classification Results using All Questions as Attributes  

The classification Accuracy, Precision, Recall, Specificity and F-measure for the three classification 

methods when applied to the original (biased) dataset are shown in Table 3.4. All three classifiers 

performed poorly for the Non-normal class, as evaluated using 10-fold cross validation. While the 

classifiers performed well for the Normal class (high Specificity), the Naïve Bayes, the Random Forests 

and the SVM classifiers correctly identified only 9.8%, 11.5% and 9.8% of Non-normal instances, 

respectively as shown by the Recall (Sensitivity).  

 As noted before, the performance over the Non-normal class is very important because 

misclassifying an athlete who has an abnormal heart condition as Normal is unacceptable in a pre-

screening process. We note that the low performance level of the classification for Non-normal class may 

Classifier Accuracy Precision Recall (Sensitivity) Specificity F-measure 
Naïve Bayes 0.742 0.522 0.098 0.968 0.166 
RF 0.70 0.298 0.115 0.905 0.166 
SVM 0.742 0.522 0.098 0.968 0.166 
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Table 3.5: Classification results when the balanced dataset is used. The Weka implementations of 
Naïve Bayes, Random Forests (RF) and Support Vector Machines (SVM) are applied for 
classification.

be attributed to the bias in the dataset, which can lead the classifier to assign most of the instances to the 

majority class. To correct for this, we have used sub-sampling for balancing the set; Table 3.5 shows the 

classification results for the balanced datasets, averaged over 5 random sub-samples. Correcting for the 

imbalance in the dataset indeed improved significantly the classification results for instances of the Non-

normal class (the Recall in particular), but still, about 50% of the Non-normal cases are misclassified as 

Normal by Naïve Bayes and 36% are misclassified as Normal by Random Forests. Similarly the SVM 

classifier misclassifies 45% of the Non-normal cases as Normal. Moreover, the specificity shows that the 

vast majority of the Normal cases (more than 50% for all three classifiers) have been classified as Non-

normal. Notably, such a low level of performance is close to the performance of a classifier that assigns 

classes at random.  

3.4.2 Information Gain Associated with Individual Questions 

As discussed previously, to pursue the information-content based analysis of each question, we calculated 

the information gain per question. The information gain associated with questions Q1-Q12 ranges 

between 0.001-0.003 and for Q13 (the result of the AHA-recommended physical exam) it is 0.008. Table 

3.6 shows information gains associated with all questions and related per-question statistics. Clearly, the 

information gain for all of the questions is very low.  

As a point of comparison, in a hypothetical case in which even just 70% of the Yes answers to 

question Q13 would corresponded to a Non-normal conclusion, the information gain would have been 

0.106, which is significantly higher than any of the gains associated with the questions. This very low  

Classifier  Accuracy Precision Recall (Sensitivity) Specificity F-measure 
Naïve Bayes 0.475 0.477 0.508 0.443 0.492 
RF 0.553 0.545 0.639 0.467 0.589 
SVM 0.504 0.504 0.549 0.459 0.525 
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Table 3.6: Information gain associated with each question, and other per-question statistics. The row 
labeled IG, shows the information gain per question. The rows labeled Total Yes and Total No show for 
each question how many athletes responded in the affirmative or in the negative to this question, 
respectively. The two rows following each of the Total rows (Yes, Normal; Yes, Non-normal; No, Normal; 
No, Non-normal), summarize how many athletes with the respective Yes/No answer were adjudicated as 
Normal or Non-normal based on their Echo and ECG tests. 

information content of each question explains the poor classification results, especially the close-to-

random classification performance over the balanced dataset.  

3.4.3 Classification Results using a Highly Informative Subset of Questions 

As none of the questions is individually informative in predicting the heart condition as determined by a 

physician based on the ECG or Echo tests, we have used the CFS algorithm to identify a highly 

informative subset of questions. The subset derived from the algorithm consists of four questions, namely 

Q2, Q9, Q11 and Q13. We have performed 10-fold cross validation for training/testing the Random 

Forests classifier, using the answers to these 4 questions as attributes for representing the athletes, over 

the original (biased) dataset.  

The Random Forests algorithm was expected to perform better under this representation than 

when using all the questions because information-content is used as the criterion for attribute selection 

when constructing decision trees in Random Forests, and CFS finds a subset of attributes that is 

(optimized to be) highly informative of the conclusion. However, the results do not show any significant 

  Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10 Q11 Q12 Q13 

IG .001 .003 .000 .001 .000 .003 .000 .000 .002 .002 .003 .001 .008 
Total 
Yes 

94 121 51 33 22 40 45 55 26 65 27 12 40 

Yes, 
Normal 

72 95 37 23 16 33 34 41 17 52 17 8 24 

Yes,  
Non-
normal 

22 26 14 10 6 7 11 14 9 13 10 4 16 

Total 
No 

375 345 415 403 409 340 378 411 414 403 374 355 411 

No, 
Normal 

276 250 308 301 303 251 277 305 308 295 280 264 317 

No,  
Non-
normal 

99 95 107 102 106 89 101 106 106 108 94 91 94 
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Figure 3.1: Conditional probability of adjudications being Non-normal when the answer to each 
question is Yes vs. No 

improvement in the performance of the classifier. Comparing the results obtained using the four 

informative questions (74.25% accuracy) with the results shown in Table 3.4 (71.91% accuracy) reveal a 

small improvement along this measure. However, this improvement comes at the cost of further reduction 

in the already-low Recall which dropped to 9.8% from 11.5%.  Overall the use of CFS does not lead to 

significant improvement. Results from applying attribute selection and Random Forests to classify the 

balanced dataset are similar to those shown in Table 3.5. 

3.4.4 Results from the Probabilistic and Sensitivity Analysis of Individual Questions 

To further analyze whether positive answers to the questions have higher probability of corresponding to 

Non-normal conclusion than negative answers, we have compared the following two probabilities: 

|  and | . 

The histogram in Figure 3.1 shows, for each question, the conditional probability of the conclusion being 

Non-normal given that the answer to the question is Yes, side-by-side with the conditional probability of a 

Non-normal conclusion, when the answer to the same question is No.  

We observe that for seven of the questions (Q3, Q4, Q5, Q9, Q11, Q12 and Q13), the conditional 

probability |  is indeed somewhat higher than the conditional probability 

| . However, for six of the questions, Q1, Q2, Q6, Q7, Q8, and Q10, the 

probability of a Non-normal adjudication is actually higher when the answer is negative than when the 
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Table 3.7: Number of participants who answered more than one question in the affirmative, and the 
corresponding number of Non-normal among them. 

answer is positive. We used the Z-test to verify whether these differences are statistically significant, and 

found that only for Q13 (the physical exam), the difference is statistically significant with a p-value of 

0.016. Thus the only item in the questionnaire for which a positive answer is marginally predictive of a 

Non-normal conclusion, is the physical examination (Q13). However, even in this case, the number of 

false negatives (i.e. the number of Non-normals that are left undetected) is 94 out of a total of 110 Non-

normals, which is very high.  

To further demonstrate this point of high false negatives, we have calculated the Sensitivity of 

each question Q, 	 | ‐ 	) to find whether the negative answers to the 

questions can rule out the possibility of Non-normal conclusion. The Sensitivity values for all the 

questions were very low, ranging from 0.04 to 0.21. Thus none of the questions has a high probability to 

identify Non-normal cases.  

3.4.5 Results from the Analysis of the Combination of Affirmative Answers  

As none of the questions except for Q13 is individually predictive of Non-normal conclusions, we 

investigated the possibility that positive answers to a combination of two or more questions may indicate 

abnormality in athletes’ heart condition. Table 3.7 shows the number of participants who answered in the 

affirmative to two or more question, along with the number of participants among them who were 

identified as Non-normal by the cardiologist (based on ECG and Echo tests).  

 There were 11 athletes who answered a combination of 5 questions in the affirmative and three 

of them were identified as Non-normal. However, these three participants all answered three different 

subsets of 5 questions in the affirmative. The same is true for the three participants with Non-normal 

Number of questions answered 
together in the affirmative 

8 7 6 5 4 3 2 

Total number of participants 1 3 7 11 26 46 72 

Number of Non-normal identified 0 1 3 3 9 12 13 
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Figure 3.2: Pie chart showing the combination of exactly 3 questions answered positively together, along 
with the total number of participants answering them in the affirmative, and the number of Non-normal 
conclusions (in parentheses). Combinations that were associated with only Normal conclusions are not 
shown 

Q1,Q2,Q3,1 (1)
Q1,Q3,Q9,1 (1)

Q1,Q6,Q11,1 (1)

Q1,Q7,Q10,1 (1)

Q2,Q4,Q13,1 (1)

Q2,Q7,Q8,1 (1)

Q4,Q5,Q13,1 (1)

Q2,Q8,Q13,2 
(1)

Q1,Q2,Q10,3 (1)

Q1,Q2,Q8,5 (2)

Q2,Q8,Q10,5 (1)

conclusion who answered a combination of 6 questions in the affirmative. Thus there is no subset of 5 or 

6 questions that can be associated with more than a single abnormal case. We have thus investigated the 

correspondence between Non-normal conclusions and the affirmative answer to smaller subsets of 2, 3 or 

4 questions, looking at  such subsets of questions for which at least one of the athletes who answered in 

the affirmative was identified as Non-normal.  

Figure 3.2 shows a pie chart plotting the number of athletes answering in the affirmative for each 

combination of exactly 3 questions. Each section of the chart is labeled by respective combination of 

three questions, followed by the number of athletes who answered these three questions in the affirmative, 

along with the number of athletes for which the conclusion was Non-normal in parentheses. For example, 

five athletes answered in the affirmative to the combination: Q1, Q2 and Q8. Among these athletes, two 
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Figure 3.3: Each pie in the chart shows the combinations of exactly 2 questions answered positively 
together, the total number of participants answering them, and the number of Non-normal conclusions 
(in parentheses).  

Q1,Q6,1 (1) Q10,Q13,1 (1)

Q3,Q9,2 
(1)

Q4,Q7,2 (1)

Q9,Q13,2 (1)

Q1,Q13,3 (2)

Q6,Q11,4 (2)

Q2,Q10,6 (1)

Q2,Q8,6 (1)

Q1,Q2,9 (2)

were identified as Non-normal; there is no other combination of 3 questions for which more than one 

participant with Non-normal heart condition answered in the affirmative.  

Similarly, a pie chart for the combination of 2 questions (Figure 3.3) shows that there is no 2-

question combination for which more than 2 athletes with Non-normal conclusion answered in the 

affirmative. For the combination of 4 questions, none of the combinations was answered by more than 

one athlete in the affirmative. Hence, there does not exist any combination of questions for which a large 

number of athletes with abnormality in heart conditions answered in the affirmative. As such there is no 

combination of two or more questions for which a positive answer is strongly indicative of abnormality in 

the athletes’ heart conditions. In the next section, we present the conclusion from all the experimental 

results that we have described in this section. 
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3.5 Discussion and Conclusion 

We have presented an analysis of the AHA-based 12-element screening procedure to determine each 

element’s capability to identify potential abnormality in young athletes' heart conditions. Potential 

abnormality was determined by an experienced cardiologist based on Electro- and Echo-cardiogram tests, 

which are not included in the AHA screening procedure.  Our initial application of traditional machine-

learning methods to the AHA-based data set did not perform well in categorizing the athletes into those 

with potential abnormality and those who are normal. This leads us to conduct an in-depth study of the 

various elements included in the AHA guidelines and their ability to distinguish Normal from Non-

normal cases.  

In terms of information content, none of the questions included in the questionnaire was found to 

contribute significant information about the findings obtained through traditional ECG and Echo-based 

tests. Moreover, using the most informative subset of questions, (as identified by an attribute selection 

algorithm), did not improve the prediction performance of the learned classifiers. Further analysis of the 

respective conditional probabilities through statistical tests, indicate that an abnormal physical 

examination is the only item within the questionnaire that is associated with a statistically-significantly 

higher probability of a Non-normal ECG/Echo than a normal physical examination. However, even for 

the latter, the sensitivity analysis shows that a normal physical cannot be trusted to rule out the possibility 

of Non-normal ECG/Echo due to the high rate of false negatives. We also show that the affirmative 

answers to a combination of questions do not indicate the presence of abnormality in the athletes’ hearts. 

All of the results described above demonstrate that relying on normal findings from the physical 

examination (Q13), and on negative answers to questions Q1-Q12 in the AHA questionnaire as a way to 

assess whether athletes can safely participate in competitive activities leads to a high rate of false 

negatives (as shown by the sensitivity analysis in Section 3.4.4). That is, athletes with potential heart 

abnormalities (identified by a cardiologist through ECG and Echo tests) are very likely to be pre-screened 
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as Normal, and not be referred for further examination. This is clearly an undesirable scenario in a pre-

screening process.   

Thus, the 12-element procedure proposed by the American Heart Association for pre-participation 

screening of young athletes is not effectively correlated with the outcome obtained by a standard, more 

extensive examination by a cardiologist based on ECG and Echo tests. The conclusion suggests that the 

more extensive evaluation such as ECG may be needed to screen athletes for detecting life-threatening 

cardiac disease. This conclusion motivates us to develop automated ECG classifiers for the detection of 

hypertrophic cardiomyopathy which is one of the leading causes of sudden cardiac death in young 

athletes. In the next chapter, we present our research on developing such classifiers. 
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                                                                             Chapter 4

Heartbeat Classification for Hypertrophic Cardiomyopathy Detection 

In this chapter we present our study on identifying hypertrophic cardiomyopathy (HCM) by classifying 

individual heartbeats using machine-learning methods. Motivation of this study is presented in Section 

4.1. The electrocardiography (ECG) data used in our experiments is discussed in Section 4.2. In Section 

4.3, we describe the features we extracted from individual heartbeats for classification. The feature-

selection method is presented in Section 4.4. Methods and tools used for heartbeat classification and 

patient classification are described in Section 4.5 and Section 4.6, respectively. Classification results are 

discussed in Section 4.7 and we summarize our findings in Section 4.8. 

4.1 Motivation and Objectives 

We have shown in Chapter 3 that the pre-participation questionnaire recommended by the American 

Heart Association cannot effectively predict cardiac abnormalities that can be detected by ECG and Echo 

tests.  Therefore, automated detection of HCM through computational analysis of ECG signals may help 

reduce both cost and time of the pre-screening process.  

Left ventricular hypertrophy is the most common indicator of the presence of HCM in 

cardiovascular patients. Several criteria, derived from amplitude values of ECG waveforms have been 

proposed to detect cardiovascular patients with left ventricular hypertrophy (LVH) based on ECG signals. 

Many studies have been conducted to validate these LVH-detection criteria, which have generally 

achieved high specificity (approximately 100%) [5, 12, 55, 57]. However sensitivity has been reported to 

be low (approximately 50%) across different studies [56]. Multiple linear regression and rule-based 

methods have also been used to detect cardiovascular patients with LVH [30, 62]. Corrado and McKenna 

have proposed a set of amplitude-thresholds for specifically detecting HCM patients [15]. Potter et al. 

have tested these thresholds on a small group of 56 HCM patients and 56 healthy control subjects [53]. 
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The reported sensitivity and specificity from this study was approximately 90%.  However, we are not 

aware of any previous work that employs machine learning methods for identifying HCM patients from 

ECG signals. Moreover, 218 HCM patients and 501 control subjects have been used in our classification 

experiment which is much higher than other previous work on HCM detection  

We aim to develop a classifier that can distinguish between ECG signals from HCM patients and 

those from non-HCM controls. In order to develop a classifier for automated detection of HCM, we have 

segmented ECG signals into individual heartbeats, extracted features from each heartbeat and then 

classified these heartbeats by applying machine learning methods.  We assigned the ECG sequence of a 

patient to the HCM class if the number of heartbeats classified as HCM is equal to or greater than the 

number of heartbeats classified as Control.  

For our classification experiments, we have extracted morphological (amplitude values of ECG 

waves) and temporal (length of inter-wave intervals) features from ECG signals. We have applied 

Random Forests and Support Vector Machines classifiers to distinguish between heartbeats from HCM 

and those from non-HCM patients. Using 5-fold and 10-fold cross validation for training and testing, we 

achieve high performance levels as measured in terms of precision, recall (sensitivity), specificity and F-

measure. For comparison, we also applied Logistic Regression as a baseline classifier. We use feature 

selection to reduce the number of features needed to achieve the same performance level as that obtained 

by using the complete set of features. 

4.2 Electrocardiography Data 

The ECG dataset used in our study comprises standard 10-second, 12-lead ECG signals from two groups 

of cardiovascular patients. The first group consists of 218 hypertrophic cardiomyopathy (HCM) patients. 

Each HCM patient has one or more ECG recordings in the dataset. The total number of ECG signals in 

the HCM patients’ dataset is 749. In the second group there are 501 subjects, all of which were diagnosed 

with ischemic or non-ischemic cardiomyopathy, and had implantable cardioverter defibrillator (ICD) 
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Table 4.1: Summary of the ECG dataset used in this study. Each HCM patient has one or 
more ECG signals, whereas each of the controls has only one signal in the dataset. 

installed for primary prevention of sudden cardiac death. As none of the ICD patients was diagnosed with 

HCM, their ECG data is used as the Control in the experiments described here. While there may be cases 

in which a set of healthy controls would be preferable (e.g., pre-screening for HCM among young 

athletes), we have chosen the ICD patients’ ECG dataset as the Control because most of the patients 

referred for ECG tests in a hospital do not usually have a normal cardiac diagnosis; accordingly 

distinguishing HCM patients from other cardiovascular patients is a realistic, essential task. That said, we 

expect the methods used in this study to be applicable in other scenarios of distinguishing HCM patients 

from another group. Each patient in our Control dataset has exactly one ECG recording, resulting in a 

total of 501 ECG signals in the Control set.  

 We segmented each ECG signal into individual heartbeats using the freely available 

ECGPUWAVE tool [18]. While identifying each heartbeat, ECGPUWAVE detects the onset and offset 

points of the P-wave and the QRS-complex. It also identifies the offset point of the T-wave and the peak 

of the QRS-complex. The segmentation of ECG signals was conducted on signals from each of the 12 

leads. We then identified the heartbeats that are simultaneously detected on all 12-leads. Each of these 

heartbeats was classified using machine learning methods as described in Section 4.5. The summary of 

the dataset is presented in Table 4.1.  

  

Type of patient Number of 
patients 

Total number of ECG 
recordings 

Total number of  
Heartbeats 

HCM 218 749 6488 

ICD (Control) 501 501 4442 
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4.3 Feature Extraction 

As described in Section 4.2, we utilized the ECGPUWAVE tool to detect individual waveforms from 

heartbeats of HCM and ICD patients. We utilized the onset and offset points of various waveforms 

detected by the tool for extracting temporal and morphological features from each heartbeat. The peak of 

the QRS-complex was used to measure the length of intervals between the R-waves of consecutive 

heartbeats. The temporal features and the morphological features extracted from the QRS complex and 

the T-wave have been used in the literature for heartbeat classification in a different context, namely, 

automatic detection of arrhythmia in cardiovascular patients [7, 8]. The same features extracted from P-

waves have not been used before for arrhythmia classification. Nevertheless, we initially extracted these 

features from the P-wave for our classification experiments based on the suggestion of an expert 

cardiologist.  

However, many of the P-waves in both HCM and Control patients’ ECG signals were missing. T-

waves were also missing in some heartbeats. The common methods of dealing with missing values in a 

dataset include imputation and removal of the instances that is missing some feature values. We analyzed 

the number of missing waves in each of the 12 leads to decide how to deal with the missing values in our 

dataset. This analysis is presented in the following sub-sections.   

4.3.1 Missing P-waves 

Figure 4.1 shows the percentage of missing P-waves for each of the 12 leads. For lead-V2, more than 

45% of heartbeats from Control patients are missing P-waves. In a normal sinus rhythm, P-waves are 

usually best visible in lead II and V1 [27]. Hence, some of the missing P-waves in other leads may not 

have been detected by the tool because they are not clearly visible. However, P-waves can be completely 

absent due to different heart diseases [27]. P-waves that are absent due to some heart conditions should 

not be imputed.  We also notice in Figure 4.1 that there are differences between the percentage of missing 

P-waves in Control heartbeats vs. HCM heartbeats in each of the 12 leads. We conducted the Z-test to 

determine whether these differences are statistically significant. In 10 of the 12 leads, the difference is 
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statistically significant (p-value<0.05). Therefore, rather than using morphological and temporal features 

extracted from P-waves, we included in the list of features a flag-feature that indicates whether a P-wave 

is present or absent in the heartbeat. The complete list of features is shown in Table 4.2. To represent each 

heartbeat, we extracted all 30 features from each of the 12 leads, resulting in a total of 360 features. 

 

 

 

 
Figure 4.1: The percentage of heartbeats missing P-waves in each of the 12 leads 
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Table 4.2: Complete list of the 30 features extracted from each of the12-lead ECG signals for 
classifying heartbeats. (The total number of features is 30x12=360).  

 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Group 
 

Feature Definition Number of 
features 

Temporal          
(based on 
length of  
intervals) 

Pre-RR 
interval 

The interval between the current heartbeat and 
the previous heartbeat 

5 

Post-RR 
interval 

The interval between the current heartbeat and 
the following heartbeat  

Average RR-
interval 

The mean of the RR intervals of the complete 
ECG signal. The same mean is used as a feature 
for all individual heartbeats in the ECG signal. 

QRS interval The interval  between  the Q-wave onset and the 
S-wave offset 

T-wave 
duration 

The interval  between S-wave offset and T-wave 
offset 

Morphological 
(based on 
amplitude 
values) 

QRS 
morphology 

10 equally spaced positions are identified 
between the Q-wave onset and the S-wave 
offset. If one of these positions does not coincide 
with the original sampled data points, linear 
interpolation is used to fit a line between two 
neighboring original samples and a new data 
point is sampled from the line. 

24 

Maximum and minimum of original sampled 
amplitude values in the QRS complex. 

T wave 
morphology 

10 equally spaced positions are identified 
between the S-wave offset and the T-wave 
offset. If one of these positions does not coincide 
with the original sampled data points, linear 
interpolation is used to fit a line between two 
neighboring original samples and a new data 
point is sampled from the line. 
The maximum and the minimum of the original 
sampled amplitude values between the S-wave 
offset and the T-wave offset. 

Flag 
P-wave flag 
feature 

A flag feature indicating whether the P-wave is 
present or absent 

1 
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4.3.2 Missing T-waves 

Figure 4.2 shows the percentage of heartbeats that were missing T-waves for each of the 12 leads. The 

number of missing T-waves was low as compared to the number of missing P-waves (Figure 4.1). 

Although the T-wave is not usually absent in a heartbeat, its shape can vary between different leads in the 

presence of a heart disease. For example, left ventricular hypertrophy can cause abnormally-shaped T-

waves in leads I, aVL, V4, V5 and V6 [27]. Some of these T-waves may not be detected by the 

ECGPUWAVE tool. For this reason, many of the heartbeats in our dataset were missing T-waves in some 

of the leads, while in other leads the T-waves were identified for the same heartbeats. 

 

 

 

 

Figure 4.2: For each of the 12 leads, the percentage of heartbeats missing T-waves is shown. 
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Figure 4.3: The percentage of heartbeats that does not have recognizable T-waves in one or more leads. 

 

 

 

 

 

 

 

 

 

 

Figure 4.3 shows the percentage of heartbeats that were missing T-waves in one or more leads. 

Approximately 4% of heartbeats were missing T-waves in all 12 leads. We removed these heartbeats from 

the dataset. We also removed the heartbeats that were missing T-waves in 3 or more leads as these 

constitute a small percentage of the total number of heartbeats.  

After removing these heartbeats we imputed the missing features values for the heartbeats that did 

not have any identifiable T-waves in one or two leads (the first two columns in Figure 4.3). To impute the 

missing value of a feature extracted from the ECG signals recorded by a lead, we first identified all other 

heartbeats from the same patient that were not missing any T-wave. If no such heartbeat from the same 

patient is available, we do not proceed with the imputation for the missing T-wave and remove that 

heartbeat from the dataset. Based on the available feature values, we then find the most similar heartbeat 

to the one that is missing the T-wave. The Euclidean distance was calculated between the feature-vector 

representations of individual heartbeats to find the closest heartbeat. The missing feature-values are 

imputed by available values from this closest heartbeat. Finally, the total number of heartbeats in our 

dataset is 10170 of which 8965 are original and 1205 are imputed.  
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4.4 Feature Selection 

We initially used all 360 features to classify heartbeats as HCM or Control beats. Building classifiers 

from a large feature set can possibly lead to over-fitting; moreover, including features that carry only 

negligible information about the heartbeat-class may incur unnecessary extra training time. To address 

these issues, we performed feature selection to reduce the number of features.  

To select features that have high predictive value, we utilized the well-known Information Gain 

criterion [33]. For each feature, the information gain measures how much information is gained about the 

heartbeat-class when the value of the feature is obtained. It is calculated as the difference between the 

unconditional entropy associated with the heartbeat-class and the conditional entropy of the heartbeat-

class given the value of a feature. These measures are formally defined as follows: Let 

,  be the set of heartbeat-classes and  be the value of the feature . The maximum 

likelihood estimate for the probability of a heartbeat to be recorded from a HCM patient, , 

is calculated as: 

#	 	 	 	 	 .
	#	 	 	

, 

while the same estimate for a Control heartbeat is calculated as:  

1 	 . 

Similarly, we define the conditional probability of the heartbeat-class to be HCM (or Control), 

given the value of feature F, as: 	 | , 1  where  is either HCM or Control and  

is one of  possible values of . The conditional probabilities are estimated from the observed 

proportions; e.g., the probability of the heartbeat-class to be HCM given that the value of feature  is , 

| , is estimated as: 

|

#	 	 	 	 	 	
	 	 	 	 	 	 	

	#	 	 		
	 	 	 	 	 	 	

 

For a heartbeat-class variable, C, the entropy is defined as: 
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	 .	 

The conditional entropy associated with  given that the value of the feature  is 	is defined as: 

|  

| | 	 | Pr | . 

Based on this definition, the conditional entropy associated with class  given a feature  is calculated as: 

| | . 

The information gain associated with a feature , , , is thus formally defined as: 

, 	 – 	 | . 

We calculated the information gain using the feature selection package in WEKA, which first conducts 

binning on feature values following Fayyad and Irani’s algorithm [22].  

After calculating the information gain for each feature, we removed the 20 least-informative 

features and repeated the 5-fold cross validation experiment. We continued conducting this procedure by 

gradually removing 20 features at a time until we observed decline in performance. Notably, only the 

training dataset is used for information gain calculation and feature selection. Once the reduced feature set 

has been determined, the test set is represented based on the selected features. 

4.5 Heartbeat Classification  

As a first step to automatically detect HCM from 12-lead ECG signals, we developed a classifier whose 

task was to assign each instance (heartbeat) into one of two possible classes: HCM or Control. As noted 

before, in this study heartbeats from ICD patients serve as controls. We applied two standard 

classification methods: Random Forests [4] and Support Vector Machines (SVM) [16]. We have chosen 

these two methods because they have been previously used and were reported to perform well when 

classifying heartbeats for arrhythmia detection [20, 46]. For comparison, we also conducted an 

experiment using a Logistic Regression classifier [6], which is often employed for classification tasks in 

biomedicine [19, 35, 58] . 
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We applied the standard Random Forests classification package in WEKA [25], using 500 trees in 

the Random Forests implementation. The number of features selected at random at each tree-node was set 

to 2√ , where  is the total number of features. We chose this number because in our classification 

experiments we found it to perform well compared to several alternatives proposed in the literature (e.g.  

log , √ , 2√ , /2 [4, 23, 24]). In our experiments, we used the WEKA libsvm package  [65], 

employing the Gaussian radial basis function kernel. We have also tried linear and polynomial kernels, 

but the Gaussian radial basis kernel performed better than the other two kernels.  

Another classification method we used for comparison is Logistic Regression. Given a training 

dataset  consisting of instances , , … ,  where each is represented as a feature vector                    

, , … , , a linear combination of the input features for  is defined as: ∑ . 

The conditional probabilities of the binary class variable,  over the values ,  given the 

instance  are calculated as: 

Pr , 		and Pr , 1 Pr , ,  

where 1/ 1 	  is known as the logistic function. The training dataset  is used to estimate 

the values of the parameter vector , , … , , such that the conditional data likelihood is 

maximized. The conditional data likelihood is the conditional probability of the observed heartbeat-

classes in the training dataset given their corresponding feature vector. Thus,  is estimated such that 

the following is satisfied: 

← Pr | , , 

where  denotes the observed value of the class variable and   denotes the observed value of the 

feature vector in the -th instance of the training dataset. An instance,  is assigned the class label 

 if ∑ 0, and   otherwise. We used the logistic package in WEKA 

for implementing the Logistic Regression classifier. 
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In our classification experiment, we represented each heartbeat as a 360-dimensional vector of 

features where 30 features were extracted from each of 12-leads as described in Section 4.3. We used the 

stratified 5-fold cross-validation procedure for training and testing.  

4.6 Patient Classification 

Although we have classified individual heartbeats as described in the previous section, recall that the goal 

of this study is to classify patients into two groups: HCM vs. Control. Hence, we partitioned both HCM 

patients and Control patients into 5 equal sized groups to conduct 5-fold cross validation. While, 

heartbeats from one group of HCM patients and from one group of Control patients were included in the 

test set, the other four groups were used for training. We repeated the process 5 times such that each 

heartbeat from a HCM patient or from a Control subject is tested exactly once. We also applied 10-fold 

cross validation in the same manner to verify the stability of the classification performance. 

After classifying all heartbeats from a subject, we labeled that subject as a HCM patient based on 

the number of heartbeats classified as HCM. If the number of heartbeats classified as HCM is equal to or 

higher than that of heartbeats that have been classified as Control, the subject is labeled as a HCM patient. 

Otherwise the Control label is assigned to that subject. 

To evaluate the performance of both the heartbeat and the patient classification, we have used 

several standard measures, namely, precision, recall (sensitivity), and specificity. These measures are 

defined below, where true positives (TP) are correctly classified HCM heartbeats, while true negatives 

(TN) are correctly classified Control heartbeats (or patients); False positives (FP) denote Control 

heartbeats (or patients) that are misclassified as HCM and HCM heartbeats (or patients) incorrectly 

classified as Control are false negatives (FN);  
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	 	, 

	 	 	
	
	, 

	 	 	. 

In addition to these three measures, we also calculate the F-measure, which is the harmonic mean of 

precision and recall, defined as: 

2.
.

	. 

We compared the performance measures obtained by Random Forests, SVM and Logistic Regression, 

where the paired t-test was used to assess the statistical significance of the differences along each 

performance measure [32].  

4.7 Results and Discussion 

In the following subsections we first discuss the results from classifying heartbeats using all 360 features 

(Section 4.7.1). We then describe the results from feature-selection experiments in Section 4.7.2 where 

we reduce the number of features using the information-gain criterion. Section 4.7.3 presents the results 

of classifying patients for HCM detection. 

4.7.1 Results from Heartbeat-Classification Experiments using All Features 

As explained in Section 4.5, the first step in our experiment toward identifying HCM patients was to 

classify individual heartbeats such that each heartbeat is assigned to one of the two classes: HCM or 

Control. We applied Random Forests and Support Vector Machines classifiers using the complete set of 

360 features for heartbeat classification. As noted earlier, we also used Logistic Regression for 

comparison.  
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Table 4.3: Results from classifying heartbeats using all 360 features (5-fold cross validation). 
Standard deviation is shown in parentheses. 

Table 4.3 shows the results from the 5-fold cross validation experiments using all three 

classifiers. Both Random Forests and SVM performed better than Logistic Regression. Differences in 

precision and specificity between Logistic Regression and the other two classifiers are statistically 

significant (p<0.05). Therefore we do not use Logistic Regression further in the rest of our experiments, 

namely, patient classification and feature selection. For both Random Forests and SVM classifiers, 

precision (0.94) is the same. The small differences in recall, specificity and F-measure for these two 

classifiers are not statistically significant (p>0.24). We also conducted 10-fold cross validation 

experiments using the complete feature set and the results are shown in Table 4.4. All four performance 

measures are exactly the same for both 5-fold and 10-fold cross-validation. Hence we apply 5-fold cross 

validation for training and testing Random Forests and SVM classifiers using the reduced set of features 

as described below. 

 

 

 

 

Classifier Precision Recall (Sensitivity) Specificity F-measure 

Random Forests (all 
features) 

0.94 (0.02) 0.89 (0.03) 0.92 (0.02) 0.90 (0.02) 

SVM (all features) 0.94 (0.03) 0.88 (0.03) 0.91 (0.03) 0.91 (0.02) 

Logistic Regression 
(all features) 

0.90 (0.02) 0.85 (0.02) 0.86 (0.02) 0.87 (0.02) 

Classifier Precision Recall (Sensitivity) Specificity F-measure 

Random Forests  (all 
features) 

0.94 (0.02) 0.89 (0.02) 0.92 (0.03) 0.90 (0.02) 

SVM (all features) 0.94 (0.03) 0.88 (0.02) 0.91 (0.03) 0.91 (0.02) 

Table 4.4: Heartbeat-classification results using all 360 features (10-fold cross validation). Standard 
deviation is shown in parentheses 
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Figure 4.4:  Histogram of the information gain distribution across 360 features 

 

 

 

 

 

 

4.7.2  Results from Heartbeat-Classification Experiments after Feature Selection 

To investigate how the four performance measures change when the number of features is reduced, we 

first calculated information gain for each feature. The highest information gain was 0.6 and the lowest 

was 0.001. Figure 4.4 shows a histogram of the information gain distribution across features, where the -

axis shows the information gain values and the -axis shows the number of features associated with each 

information gain. As values on the x-axis are rounded to 2 decimal points, an information gain of less 

than 0.01 is shown as zero (the leftmost column on the graph).  

We observe that more than 170 features (four columns from the left) are associated with a 

negligible information gain (less than 0.04). We expect that removing some of these features will not lead 

to significant reduction in the classification performance. Therefore, as described in Section 4.4, we 

gradually removed the least-informative features, 20 at a time, and repeated the heartbeat classification 

experiment using both Random Forests and SVM. The change in performance in terms of all four 

measures using Random Forests for classification is shown in Figure 4.5. All four performance measures 

fluctuate slightly as we continue removing features until the number of features reaches 260. After that, 

the performance steadily declines as additional features are removed. We have also plotted the 

performance measures for SVM while removing 20 features at a time, as shown in Figure 4.6. The 

performance remains almost the same when gradually reducing the number of features from 360 to 280. 

Beyond that, the performance declines steadily as we remove additional features. 
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Figure 4.6: The Heartbeat-classification performance of SVM while gradually removing 20 features 
at a time. 
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Figure 4.5:  Performance measures from heartbeat classification using Random Forests while gradually 
removing 20 features at a time. 
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Table 4.5: Results from the patient-classification experiment, where heartbeats were classified using 
the complete set of 360 features. Standard deviation is shown in parentheses. 

4.7.3 Results from Patient-Classification Experiments 

The next step in identifying HCM patients was to classify each subject as belonging to one of two classes: 

HCM or non-HCM. If the percentage of heartbeats classified as HCM was 50% or more, the subject was 

labeled as an HCM patient. Table 4.5 shows results of patient classification, where the heartbeats used in 

the classification were represented based on all 360 features. Random Forests and SVM perform almost 

the same and the marginal difference in performance measures is not statistically significant (p>0.5). 

 As using 260 features for the Random Forests classifier and 280 features for the SVM classifier 

resulted in the same level of performance as using the complete feature-set when classifying individual 

heartbeats, we used the respective reduced feature sets to classify patients based on the number of 

heartbeats categorized as HCM or Control. Patient classification results are presented in Table 4.6, where 

heartbeats were represented using 260 features for Random Forests and 280 features for SVM. The paired 

t-tests show no statistically-significant performance-difference between SVM and Random Forests for 

classifying patients, when the reduced feature-sets are used for heartbeat classification (p>0.48).   

 The classification results described above show that we were able to achieve high performance 

level while distinguishing HCM patients from Control subjects by classifying individual heartbeats using 

a set of 360 features. We also demonstrate that reduced feature-sets, obtained by gradually removing the 

least informative features, perform equally well. The statistical tests applied show that the difference in 

performance obtained by Random Forests and by Support Vector Machines is not statistically significant. 

Classifier Precision Recall 
(Sensitivity) 

Specificity F-measure 

Random Forests  (all 
features) 

0.85 (0.05) 0.89 (0.03) 0.93 (0.02) 0.87 (0.03) 

SVM (all features) 0.82 (0.05) 0.89  (0.03) 0.92 (0.03) 0.86 (0.03) 
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4.8 Summary 

We have classified individual heartbeats from standard 10-second, 12-lead ECG signals to identify 

hypertrophic cardiomyopathy (HCM). We have used ECG signals from HCM patients and from non-

HCM controls to train and test heartbeat classifiers by applying Random Forests and Support Vector 

Machines. A comprehensive set of 360 features extracted from ECG signals was used for heartbeat 

representation and classification. A subject was labeled as a HCM patient if the majority of heartbeats 

from the patient were classified as HCM; otherwise we assigned the Control label.  

The four performance measures from the patient classification experiment using Random Forests 

are: precision 0.85, recall 0.89, specificity 0.93 and F-measure 0.87; similar performance measures were 

obtained by using SVM, as confirmed by the paired t-test. For comparison, we have also applied the 

Logistic Regression method to classify heartbeats, which showed a diminished level of performance 

compared to both Random Forests and SVM. We have used the information-gain criterion for selecting 

highly informative features to represent the heartbeats in the training and in the test set. For Random 

Forests, performance measures using 260 selected features were similar to the measures obtained using 

the complete set of 360 features. For SVM, this was true for a set of 280 informative features. In the next 

chapter, we conclude this thesis by presenting our contributions and possible future work. 

  

   

  

Classifier Precision Recall (Sensitivity) Specificity F-measure 

Random Forests  
(260 features) 

0.86 (0.04) 0.88 (0.03) 0.94 (0.02) 0.87 (0.03) 

SVM(280 
features) 

0.83 (0.05) 0.90 (0.03) 0.92 (0.03) 0.87 (0.02) 

Table 4.6: Performance measures from the patient classification experiment, where reduced sets of 
260 (RF) and 280 (SVM) features were used for heartbeat classification. Standard deviation is shown 
in parentheses. 
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                                                                             Chapter 5

Conclusion and Future Work 

This chapter summarizes the contributions of our dissertation work and presents possible directions for 

future research.  

5.1 Contributions 

We initially aimed to develop an automated classifier to predict cardiac abnormalities in young athletes 

based on their answers to the questionnaire recommended by the American Health Association (AHA) for 

the pre-participation screening process. As the classifiers did not perform well, we conducted an in-depth 

study of the questionnaire. The study results indicate that the questionnaire is not effective in detecting 

cardiac abnormalities as determined by a cardiologist based on Electrocardiography (ECG) and 

Echocardiography (Echo) tests. Therefore, the main goal of this thesis is to develop computational 

methods to identify hypertrophic cardiomyopathy (HCM) using 12-lead ECG signals. The two 

contributions of this thesis are as follows: 

 We have conducted informatics-driven and probabilistic analysis of the 12-element screening 

procedure recommended by the American Heart Association to determine each element’s 

capability to identify potential abnormality in young athletes' heart conditions. The conclusion 

from the analysis is that the 12-element procedure proposed by the American Heart Association 

for pre-participation screening of young athletes is not effectively correlated with the outcome 

obtained by a standard, more extensive examination by a cardiologist based on ECG and Echo 

tests.  

The significance of the presented research is our application of computational and 

statistical methods for effectively exposing important shortcomings in a current screening 

procedure. The conclusion from our study suggests that ECG, which is commonly used in 
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Europe, may contribute significantly to pre-participation screening of young athletes in the 

United States. Automated methods for analyzing ECG signals should also be developed to 

identify cardiovascular abnormalities. Such methods will accelerate the pre-screening process and 

also help reduce related cost.  

 We have developed automated methods to identify HCM through computational analysis of ECG 

signals. This work is the first of its kind aiming to automatically identify HCM by classifying 

complete ECG sequences recorded on all 12 leads. We have developed imputation methods to 

address the challenge of missing ECG waves in one or more leads. We have also addressed the 

issue of dimensionality reduction of the feature-set by proposing a feature-selection method.  

We have proposed a two-steps method for identifying HCM by first developing 

heartbeat-classifiers and then assigning class labels to the ECG sequences recorded from patients 

based on the proportion of heartbeats classified as HCM. The results from our classification 

experiments show that the proposed methods can attain high performance while distinguishing 

between ECGs from HCM patients vs. those from non-HCM controls.  

5.2 Future Work 

The work presented in this thesis is the first step in automated identification of HCM patients from 12-

lead ECG signals. Possible future directions for extending this research include: 

 

HMM Based Classification In this dissertation work we have first classified individual heartbeats and 

then assigned labels to patients based on the percentage of heartbeats classified as HCM. Possible future 

research should focus on analyzing and modeling the complete sequence of heartbeats. Patient 

classification may be conducted by sequential probabilistic modeling of complete ECG signals using 

Hidden Markov Models.  
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Combination of ECG and Echo Echocardiography (Echo) is often used to detect left ventricular 

hypertrophy in HCM patients. However, in the absence of significant thickening, Echo alone may not be 

enough to identify HCM patients. In such cases, features can be extracted from the images taken using 

Echo and classifiers can be developed using the combination of Echo-based and ECG-based features for 

identifying HCM patients with high accuracy.  

 

Combination of Questionnaire and ECG For pre-participation screening of young athletes, we 

have shown that the questionnaire alone is not effective in identifying cardiac abnormalities that can be 

detected using ECG and Echo. However, there is possibility that some elements of the questionnaire may 

indicate abnormal heart condition when ECG test results are taken into consideration. The features we 

extracted from ECG signals in this research have shown to perform well in detecting HCM patients. 

Therefore, the answers to the questionnaire may be combined with the ECG based features and new 

feature selection and classification experiments can be conducted in future to improve upon the level of 

performance that we have achieved here.  
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Appendix A  

Analysis of Informative Features 

We first divide the complete set of 360 features into six groups to understand the semantics of the 

informative features that can distinguish HCM heartbeats from non-HCM heartbeats. Table A1 shows 

these 6 groups, their description and the number of features in each group. Please note that each feature is 

extracted from ECG signals recorded on each of the 12 leads. Hence, the total number of features shown 

on the last column is calculated by multiplying the number of features in each group by 12. 

Table A1: Six groups of features 

Name of the 
group 

Description (each feature is extracted 
from ECG signals recorded on each of 
the 12 leads) 

Total number of 
features extracted 
from 12 lead signals 

RR interval The length of the interval (measured in seconds) 
between consecutive R-peaks. For each heartbeat, 
three intervals are calculated: pre-interval, post-
interval and average interval. Please see Table 4.2 
for definitions.  

36 

QRS morphology 10 equally spaced positions are identified between 
the Q-wave onset and the S-wave offset. If one of 
these positions does not coincide with the original 
sampled data points, linear interpolation is used to 
fit a line between two neighboring original 
samples and a new data point is sampled from the 
line. The maximum and the minimum of the 
original digitized samples are also used. 

144 

QRS duration The duration (measured in seconds) between  the 
Q-wave onset and the S-wave offset (the width of 
the QRS complex) 

12 

T-wave morphology 10 equally spaced positions are identified between 
the S-wave offset and the T-wave offset. If one of 
these positions does not coincide with the original 
sampled data points, linear interpolation is used to 
fit a line between two neighboring original 
samples and a new data point is sampled from the 
line. The maximum and the minimum of the 
original digitized samples are also used. 

144 

ST duration The duration (measured in seconds) between  the 
S-wave offset and the T-wave offset (the width of 
the ST interval) 

12 

P-wave flag Presence or absence of the P-wave, represented as 
‘P’ or ‘A’, respectively 

12 
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Table A2 below shows the most informative 200 features sorted based on the information gain. We have 

condensed the list of features based on their groups. For example, the first row in Table A2 below shows 

that the most informative 12 features belong to the ‘RR Interval’ group. The next 3 informative features 

are from the ‘QRS Morphology’ group. We have also plotted the number of feature from each group in 

this list of 200 informative features in Figure A1. We note that all these features have been used before 

for heartbeat classification to detect arrhythmia. As this is the first work on identifying HCM using 

machine learning methods, we are interested to find out the informative features that contribute towards 

distinguishing HCM patients from non-HCM controls.   

As shown in Table A2 below, 12 out of total 36 features of the RR interval group appear at the 

top in the list of 200 most informative features. Figure A1 also shows that all 36 features from this group 

are highly informative. The features in the RR-interval group essentially indicate the heart rate. According 

to the opinion of Dr. Roselle Abraham, an expert cardiologist, the heart rate is not an important factor in 

distinguishing between ECG signals of HCM patients vs. non-HCM controls. High information content of 

the features in RR-interval groups may be due to the difference between the average age of the patients 

from two different groups. Hence careful consideration is needed for including the features from the RR-

interval group to identify HCM while developing classifiers using the computational methods proposed in 

this thesis.  

The next most informative group of features is QRS duration. Figure A1 shows that all 12 QRS-

duration features are informative. QRS duration measures the width of the QRS complex. It makes sense 

to use this feature, because the QRS complex is generated by the ventricular contraction and left 

ventricular hypertrophy is the most consistent characteristic of the heart of a HCM patient. The durations 

of the three waves (Q, R and S) that constitute the QRS complex may be informative too. However we 

have not extracted these individual durations as features in our research as the tool we used for ECG 

segmentation does not identify these three waves separately.  
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Features in the ST duration group also have high information content. As shown in Figure A1, 10 

out of 12 features from this group are informative. The high information content of most of the features in 

this group is reasonable, because the T wave is generated by the relaxation of the ventricles. Among other 

features, some of the amplitude values extracted from the QRS complex and the T-wave (QRS 

morphology and T-wave morphology) have high information content. However we note that 

approximately half of the 144 features in each of these two groups do not belong to the list of 200 highly 

informative features.  As some of feature of these groups have high information gain, further analysis is 

required to find whether morphology features such as amplitude values at the peaks of Q, R, S, and T 

waves are useful for identifying HCM.  

The only group of features that does not appear in the list of informative features (Table A2) is 

the P-wave flag. However, the tool that we have used for ECG segmentation has missed many P-waves 

and this may have influenced the information content of the P-wave flag. We conclude from this analysis 

that the width of the QRS complex (generated by ventricular contraction) and the ST duration are the 

most interesting features as indicators of the difference between ECG signals of HCM patients vs. non-

HCM controls. We also find that carefully choosing the amplitude values from the QRS complex and the 

T wave as features may be helpful.  

 

 

Figure A1: Number of features from each group in the list of 200 highly informative features
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Table A2: The feature-groups sorted based on the information gain 

Feature Group Number of features 
RR Interval 12 
QRS Morphology 3 
T-wave Morphology 1 
QRS Morphology 2 
T-wave Morphology 1 
QRS Duration 1 
QRS Morphology 1 
T-wave Morphology 2 
QRS Duration 1 
T-wave Morphology 2 
QRS Morphology 1 
T-wave Morphology 1 
QRS Duration 1 
T-wave Morphology 1 
QRS Morphology 2 
T-wave Morphology 3 
QRS Morphology 1 
QRS Duration 2 
QRS Morphology 3 
T-wave Morphology 1 
QRS Morphology 2 
T-wave Morphology 1 
QRS Morphology 1 
RR Interval 1 
T-wave Morphology 1 
QRS Duration 1 
QRS Morphology 1 
RR Interval 1 
QRS Duration 2 
RR Interval 2 
T-wave Morphology 1 
QRS Duration 1 
QRS Morphology 1 
RR Interval 10 
QRS Morphology 2 
RR Interval 6 
QRS Morphology 1 
T-wave Morphology 1 
RR Interval 4 
T-wave Morphology 2 
QRS Morphology 1 
T-wave Morphology 1 
QRS Morphology 1 
T-wave Morphology 1 
QRS Morphology 1 
T-wave Morphology 1 
QRS Duration 1 
QRS Morphology 1 
T-wave Morphology 1 
QRS Morphology 1 
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Feature Group Number of features 
T-wave Morphology 4 
QRS Morphology 1 
QRS Duration 1 
T-wave Morphology 2 
QRS Morphology 1 
T-wave Morphology 1 
QRS Morphology 3 
T-wave Duration 2 
T-wave Morphology 1 
QRS Morphology 1 
T-wave Morphology 1 
QRS Morphology 1 
T-wave Morphology 1 
QRS Morphology 1 
T-wave Morphology 1 
QRS Morphology 1 
T-wave Morphology 1 
QRS Morphology 7 
T-wave Morphology 1 
QRS Morphology 2 
T-wave Morphology 3 
T-wave Duration 1 
QRS Morphology 1 
T-wave Morphology 1 
QRS Duration 1 
T-wave Morphology 3 
QRS Morphology 1 
T-wave Morphology 2 
QRS Morphology 4 
T-wave Duration 1 
QRS Morphology 4 
T-wave Morphology 1 
QRS Morphology 1 
T-wave Duration 1 
QRS Morphology 1 
T-wave Duration 1 
T-wave Morphology 2 
T-wave Duration 1 
QRS Morphology 2 
T-wave Morphology 1 
QRS Morphology 3 
T-wave Morphology 1 
QRS Morphology 1 
T-wave Morphology 5 
QRS Morphology 1 
T-wave Morphology 2 
QRS Morphology 1 
T-wave Morphology 1 
QRS Morphology 1 
T-wave Morphology 2 
QRS Morphology 1 
T-wave Morphology 1 
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Feature Group Number of features 
QRS Morphology 3 
T-wave Morphology 3 
QRS Morphology 1 
T-wave Morphology 3 
QRS Morphology 1 
T-wave Morphology 3 
T-wave Duration 3 
T-wave Morphology 1 
QRS Morphology 1 
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Appendix B 

 

Data and Program Source Codes 

All data files, source codes and executables are stored in redtape.cs.queensu.ca.  Please find below the list 

of directories that contain the required files and programs to conduct the experiments discussed in this 

thesis. 

AHA questionnaire analysis (Chapter 3) 

Data as received from Johns Hopkins University: /cis/hs/projects/Quazi/Data/Questionnaire 

Description of Data Files: 

AHA_abstract_data.xlsx: the dataset used in the preliminary study that was presented as an abstract in the 

AHA symposium. This excel file has 3 worksheets for the data collected in years 2008, 2009 and 2010. 

answers.xlsx: Answers to the questions presented to the athletes. 

patients_info_ECG_echo.xlsx: Personal information of the athletes and the ECG/Echo test results. 

All excel worksheets have been saved in .csv formats. 

Files required for Weka classification: 

/cis/hs/projects/Quazi/Experiments/AHAQuestionnaireAnalysis/ClassificationData 

Description of the files: 

original_unbalanced_data.csv: the original data file ready for classification using Weka. This file contains 

the answers and heart conditions of all the athetes as received from Hopkins. First 12 columns contain 

answers to 12 questions presented to athletes. Column no. 13 shows the results of the physical exam. The 

last column the athletes' heart condition as determined by ECG and Echo tests. 

Please see Sections 3.2 and 3.3.1 of the thesis. 
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balanced_data_set1.csv ... balanced_data_set5.csv: These 5 files are 5 balanced datasets as used for 

classification after randomly choosing 5 subsamples from the Normal class to address the implabalnce 

between Normal and Non-normal class.  

Please see Sections 3.2 and 3.3.1 of the thesis. 

Classification tool: Weka 3.6 

Weka packages: 

Naïve Bayes: NaiveBayes; Parameters: defaults 

Support Vector Machines: SMO; Parameters: c = 100000.0, kernel = RBFKernel, gamma = 1.0E-5 

Random Forests: RandomForest; Parameters: numTrees = 100 

Classification Results (Weka output): 

/cis/hs/projects/Quazi/Experiments/AHAQuestionnaireAnalysis/ClassificationResults 

Information gain and other experiments: 

/cis/hs/projects/Quazi/Experiments/AHAQuestionnaireAnalysis/OtherExperiments 

Description of Files: 

IG_&_other_analysis.xlsx: This file contains following 11 worksheets. 

information_gain -  calculates information gain associated with each question (Section 3.3.2 of the thesis) 

conditional_probs - analysis of conditional probabilities (Section 3.3.4 of the thesis) 

other 9 worksheets - analysis of combination of positive answers (section 3.3.5 of the thesis) 

All these worksheets have been saved in .csv formats. The pie charts representing the combinations of 

questions answered in positive are saved in .jpg format. 

 

ECG classification (Chapter 4) 

Data as received from Johns Hopkins University: 

HCM ECGs: /cis/hs/projects/Quazi/Data/ECG/HopkinsHCM 

Control ECGs: /cis/hs/projects/Quazi/Data/ECG/HopkinsControl 
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Format of the ECG data files: The header of each file is - "Rhythm signal: 5000 X 12". This means that 

each 10-second, ECG record was discretized at a sampling rate of 500 samples/second. Each of the 12 

columns in the data files contains 5000 sampled amplitude values from one of the 12 leads. The order of 

the leads (from left to right) is: I, II, III, aVR, aVL, aVF, V1, V2, V3, V4, V5, V6. 

Training and Testing dataset for heartbeat classification: 

/cis/hs/projects/Quazi/Experiments/ECGClassification/TrainingTestingData 

Classification tool: Weka 3.7 

Weka packages: 

Random Forests: RandomForest; Parameters: numTrees = 500,  

numFeatures = 2 ∗ 	 	  

Support Vector Machines: LibSVM; Parameters: defaults 

Logistic Regression: Logistic; Parameters: defaults 

Classification Results: /cis/hs/projects/Quazi/Experiments/ECGClassification/ClassificationResults 

 

Programs and executables required for preprocessing ECG signals (segmentation, feature 

extraction and imputation): /cis/hs/projects/Quazi/Experiments/ECGClassification/Programs 

There are 4 C++ programs and 2 Matlab programs in this directory. For each of the C++ programs, the 

source file and the execuatable has the same name. For example, the executable for ecg_segmentation.cpp 

is ecg_segmentation.exe. The execuatables of C++ programs were created using Cygwin on a 64-bit 

Windows 7 operating system installed on a laptop with Intel Core i5 CPU. Cygwin can be downloaded 

from: 

https://www.cygwin.com/ 

The execuatables were created using the following command: 

g++   -o     name_of_the_executable   source_file.cpp 
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The Matlab programs were executed on Matlab for Windows version R2012a. These programs do not 

need any package. 

 

Instructions for executing programs: 

ecg_segmentation.exe: This program segments complete ECG signals (one lead at a time) into individual 

heartbeats and identify individual waveforms using the ECGPUWAVE tool. The WFDB package and the 

ECGPUWAVE tool need to be installed first. Here are the download links 

https://www.physionet.org/physiotools/wfdb-windows-quick-start.shtml 

https://www.physionet.org/physiotools/ecgpuwave/ 

Input: The ECG data files that were received from Johns Hopkins University. 

Output: The files generated by the ECGPUWAVE tool 

Command line arguments:  

source directory - the location of original ECG data files, 

destination directory - the files generated by the ECGPUWAVE tool will be saved here 

Column no. - the index of the column in the ECG data files (from 0 to 11) 

Example: the following command will read all the data files from /home/Quazi/data/hcm/  and store the 

files generated by ECGPUWAVE in  /home/Quazi/hcm0/. This will segment the ECG signal of the first 

column (Lead I) of the data files.  

./ecg_segmentation   /home/Quazi/data/hcm/    /home/Quazi/hcm0/    0 

feature_extraction.exe: This program extracts features from the segmented ECG signals (one lead at a 

time). 

Input: The output files generated by the ecg_segmentation.exe program from one lead ECG data.  

Ouput: A .csv file containing features extracted from individual heartbeats 

Command line arguments: 
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beat type - hcm or control 

column no. - from 0 to 11 

source directory - the directory that contains the output of ecg_segmentation.exe 

destination directory – The file containing feature values will be stored in this directory 

Example: the following command will read the output of ecg_segmentation.exe for column 0 (Lead I) of 

HCM ECGs, extract features and save the feature file (hcm_lead_0.csv) in the directory 

/home/Quazi/hcm_features/ 

./feature_extraction hcm     0     /home/Quazi/hcm0/       /home/Quazi/hcm_features/ 

find_common_beats_hcm.exe: This program removes the HCM heartbeats that are not detected in all 12 

leads.  

Input: 12 feature files (for all 12 leads) generated by feature_extraction.exe. 

Output: 12 feature files (for all 12 leads) containing HCM heartbeats that are detected in all 12 leads 

Command line arguments: 

source directory - the directory that contains 12 feature files for HCM ECGs 

destination directory - the heartbeats that are not detected in all 12 leads will be removed from 12 features 

files and new feature files will be stored in this directory 

Example:  

./find_common_beats_hcm    /home/Quazi/hcm_features/    /home/Quazi/hcm_features/common_beats/ 

find_common_beats_control.exe: Same as find_common_beats_hcm.exe except that it is for the Control 

heartbeats. 

impute_1_lead.m and impute_2_leads.m (Matlab Programs): These two programs impute the feature 

values of the heartbeats that are missing T-waves in one lead and two leads, respectively. To use these 

programs, first prepare 3 files as described below: 

For each lead's feature file as generated by find_common_beats_hcm.exe and 

find_common_beats_control.exe, add a lead number (1 to 12) at the end of each column header. For 
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example, for qrs_duration of lead I, make it qrs_duration-1. In each file, remove columns B to D and all 

P wave features except P-Flag. Finally merge all 12 files into one .csv file. Each column in this file will 

be a feature from one of the 12 leads. Using the T-wave flag, remove all heartbeats that are missing T-

waves in more than 2 leads. Sort all columns in the file such that the same features from the different 

leads stay adjacent to each other. Then remove the 12 columns for the T-wave flags. Convert heartbeat ids 

(the first column) such that it contains only numbers (no letters). Create following 3 .csv files and put 

those in the same directory as impute_1_lead.m and impute_2_leads.m: 

t_present_all_leads.csv - contains the heartbeats that are not missing any t-waves 

t_missing_two_leads.csv - contains the heartbeats that are missing t-waves in 2 leads 

t_missing_one_lead.csv - contains the heartbeats that are missing t-waves in one lead 

Execute impute_1_lead.m: The matrix missing_data will contain feature values of all imputed heartbeats 

that were missing T-waves in one lead. 

Execute impute_2_leads.m: The matrix missing_data will contain feature values of all imputed heartbeats 

that were missing T-waves in two leads. 

 

 

 


