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Abstract 

 

Introduction: Postoperative atrial fibrillation (POAF) is exhibited by 20-40% of patients 

following coronary artery bypass grafting (CABG). POAF is associated with increased long-term 

morbidity and mortality, as well as additional healthcare costs. I aimed to find techniques for 

predicting which patients are likely to develop POAF, and therefore who may benefit from 

prophylaxis.  

Methods: Informed consent was obtained prospectively from patients attending for 

elective CABG. Patients were placed in the POAF group if atrial fibrillation (AF) was sustained 

for at least 30 seconds prior to discharge, and were placed in the ‘no AF’ (NOAF) group 

otherwise. I evaluated the performance of classifiers including binary logistic regression (BLR), 

k-nearest neighbors (k-NN), support vector machine (SVM), artificial neural network (ANN), 

decision tree, and a committee of classifiers in leave-one-out cross validation. Accuracy was 

calculated in terms of sensitivity (Se), specificity (Sp), positive predictive value (PPV), negative 

predictive value (NPV), and C-statistic. 

Results: Consent was obtained from 200 patients. I excluded 21 patients due to 

postoperative administration of amiodarone, 5 due to perioperative AF ablation, and 1 due to 

both. Exclusions were also made for 8 patients with a history of AF, 2 patients with cardiac 
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implantable electronic devices (CIED), and 3 patients with no CABG (valve replacement only). 

POAF was exhibited by 54 (34%) of patients. Factors significantly associated (P<0.05) with 

POAF were longer postoperative hospital stay, advanced age, larger left atrial (LA) volume, 

presence of valvular disease, and lower white blood cell count (WCC). Using BLR for 

dimensionality reduction, I created a feature vector consisting of age, presence of congestive 

heart failure (CHF) (P=0.06), valvular disease, WCC, and aortic valve replacement (AVR). I 

performed leave-one-out cross validation. In unlabeled testing data, I obtained Se=70%, Sp=56%, 

PPV=89%, NPV=26%, and C=58% using a committee (BLR, k-NN, and ANN). 

Conclusion: My results suggest that prediction of patients likely to develop POAF is 

possible using established machine learning techniques, thus allowing targeting of appropriate 

contemporary preventative techniques in a population at risk for POAF. Studies appear warranted 

to discover new predictive indices that may be added to this algorithm during continued 

enrolment and validation. 
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Chapter 1 

Introduction 

 

1.1 Summary 

 

Despite the prevalence of digital signal processing (DSP) algorithms in cardiac care,(1-21) few 

approaches incorporate computer science methodology. A number of well-established machine 

learning algorithms, such as the k-NN, the SVM, the ANN, the decision tree, and combinations 

thereof, may provide significant benefit. In this thesis I apply a solution to an open problem 

suitable for algorithms such as these: the prediction of POAF following CABG. 

Every year approximately 11,000 Ontarians undergo CABG,(22) which is an invasive 

surgical procedure designed to treat coronary artery disease (CAD), the leading cause of 

cardiovascular deaths in Canada.(23) Following this critical procedure, survival in patients at 

high risk is greatly increased.(24) Unfortunately, approximately 20-40% of CABG recipients 

develop AF postoperatively regardless of healthcare institution.(25) AF is the most frequent basis 

for hospitalizations due to heart rhythm disturbances,(26) and the primary cause of stroke.(25, 

27) POAF is a tremendous burden for patients in terms of morbidity and mortality,(28) as well as 
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for the healthcare system in terms of additional costs incurred due to increased length of hospital 

stay.(29) Despite investigators reporting numerous independent predictors for POAF,(30) its 

etiology continues to be unclear, and its prevention and management remain suboptimal.(29) A 

reduction of postoperative AF would result in a significant clinical impact. Potential therapeutic 

measures might be employed in prevention, but require targeting and identification of risk factors 

associated with the development of POAF. Recent studies suggest radiofrequency ablation or the 

use of medical therapy such as colchicine and β-blocking agents may result in reduction of 

POAF.(31-35) However a reliable method for targeting the ‘at risk’ population is not available 

and thus, such therapies would necessarily be applied to the entire population rather than patients 

at need. This has prevented adoption of prophylactic techniques into routine practice. Concerted 

efforts to reduce the incidence of POAF would achieve significant health benefits for patients and 

substantial cost savings for the Canadian healthcare system. 

CABG is performed principally to relieve symptoms of angina and to reduce risk of death 

from coronary artery disease (CAD).(36) Conduits from elsewhere in the patient’s vasculature are 

grafted to the coronary arteries to bypass atherosclerotic vessels, improving the blood supply to 

the coronary circulation supplying the heart muscle. This surgery is typically performed with the 

heart stopped, necessitating the use of a cardiopulmonary bypass machine. CABG was pioneered 

in 1960 by an American group consisting of Dr. Robert Goetz, Dr. Michael Rohman, Dr. Ronald 

Dee, and Dr. Jordan Haller.(37, 38) It has since become a routine procedure in healthcare 

institutions around the world. Although the value of CABG has been extensively demonstrated, it 

carries some risk for adverse complications such as postperfusion syndrome,(39) embolism,(40) 

and pericardial tamponade.(41) Sustained postoperative AF is the most common complication 

occurring after CABG,(42) with onset generally occurring 2-4 days into recovery,(43) and 

duration lasting several hours before a return to normal sinus rhythm.(44, 45) 
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AF, an abnormal heart rhythm characterized by irregular electrical activity in the atria 

and, consequently, by variable contraction intervals in the ventricles, is correlated with 

palpitations,(46) hypotension,(47) pneumonia,(48) syncope,(49) chest pain,(50) as well as 

CHF.(51) AF is associated with a three- to five-fold increase in stroke risk.(52) Methods such as 

the CHA2DS2-VASc scoring system can be used to estimate stroke risk in patients with non-

rheumatic AF.(53) It is estimated that 350,000 Canadians are currently living with AF,(54) and 

its prevalence is predicted to increase with Canada’s aging population.(55) Numerous approaches 

may be used to treat AF,(56) such as synchronized electrical cardioversion, catheter ablation, and 

medications that either control heart rate or convert heart rhythm back to normal. Individuals with 

AF may include anticoagulants, such as warfarin, to decrease stroke risk. Many patients with AF 

may never be diagnosed, however, as the condition can be asymptomatic.(57) Stroke accounts for 

6% of all deaths in Canada,(23) and costs the economy $3.6 billion per year in physician 

services, hospital costs, lost wages, and decreased productivity.(58) However it must be noted 

that AF occurring in the general population is not the same as AF occurring postoperatively. AF 

in the general population is a condition that occurs in patients long term, often with increasing 

frequency over time.(59-62) Postoperative AF is a transient condition, and likely has a somewhat 

different risk profile. 

I applied and evaluated an algorithm, composed of a group of machine learning 

techniques, capable of identifying patients undergoing CABG as to whether or not they will 

develop POAF. Identification made by the algorithm is based on indices that have demonstrated 

correlation with the occurrence of POAF. These indices can include age,(63) blood pressure,(63) 

resting heart rate,(29) presence of chronic heart failure,(63) gender,(29) body mass index,(64) 

smoking history,(44) signal-averaged P-wave duration (SAPW),(65) P-wave dispersion,(66) 

levels of autonomic tone,(67) and heart rate variability (HRV).(29) Using this algorithm, 
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specialists may be able to implement systematic targeting of effective prophylactic measures in 

high-risk patients, which may involve warfarin,(68) statins,(69) β-blockers,(70) amiodarone,(71) 

anti-inflammatory medications,(72) and intraoperative pulmonary vein ablation during 

CABG.(32) However, research into universally effective prophylactic interventions is also 

ongoing. 

 

1.2 Motivation 

 

Despite the benefits of CABG, the associated incidence of POAF is unacceptably high. Research 

is necessary in order to find innovative techniques for accurate prediction of POAF onset, and for 

its prevention in cases where risk is present. Strategies targeting POAF could attenuate patient 

morbidity and mortality, minimize utilization of resources, and therefore reduce costs to the 

Canadian healthcare system. 

Investigators have reported that the mean length of hospital stay after surgery is 

significantly longer for patients who exhibit POAF than for those who do not (15.3 ± 28.6 days 

vs. 9.3 ± 19.6, P < 0.01), corresponding to more than $10,055 in surplus hospital charges per AF 

patient.(29) In addition, at four to five years post CABG, survival is significantly worse in 

patients who develop POAF than in those who do not (74% vs. 87%, P < 0.01).(68) Suspected 

causative factors for POAF include surgical trauma to the atrial conductive network,(73) 

postoperative pericarditis,(74) abrupt β-blocker withdrawal,(75) and inadequate atrial protection 

during cardiopulmonary bypass.(76) I anticipate that providing healthcare professionals with 

insight into whether patients will develop POAF following CABG will be valuable to the 

Canadian healthcare system by improving patient outcomes cost-effectively. If an accurate 



CHAPTER 1. INTRODUCTION   5 

!

algorithm is used throughout Ontario, it may be able to predict, and consider prophylaxis for, up 

to approximately 3600 cases of POAF per year,(22) saving the Canadian healthcare system up to 

$16 million.(29) 

In Canada, a death from cardiovascular disease takes place every 7 minutes, comprising 

29% of all mortality.(77) Of this, 54% of deaths are due to ischemic heart disease, 20% to stroke, 

and 23% to heart attack.(77) Heart disease and stroke costs the Canadian economy more than 

$20.9 billion each year in physician services, hospital costs, lost wages and decreased 

productivity.(78) Considering that 4.8% of Canadians report having heart disease,(58) that 90% 

of Canadians have at least one risk factor for heart disease and stroke,(58) and that the prevalence 

of heart disease in Canada is rapidly increasing,(79) the need for new diagnostic techniques is 

greater than ever. The opportunities for computer science to be used in cardiac care are far 

reaching.  

 

1.3 Thesis Statement and Scope of Research 

 

Thesis statement: The development of a clinical decision support algorithm that incorporates 

machine learning techniques will provide healthcare professionals with the predictive ability to 

identify patients who will develop POAF following CABG. 

 

Machine learning refers to a type of artificial intelligence algorithm designed to identify patterns 

in input data, such as patient characteristics, in order to perform complex classification tasks 

accurately. As an example, consider the problem of prediction of cases of POAF following 

CABG using a simple yet effective technique for machine learning known as the k-NN 
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algorithm. This approach attempts to classify new patients as to their future outcome, POAF or 

no POAF, in terms of predetermined features such as age, blood pressure, and heart rate, based 

on each new patient’s similarity to the nearest ‘k’ patients seen in the past whose post-operative 

outcomes are known. Assuming a trend in the labeled example data, perhaps higher values for 

blood pressure, age, and heart rate in patients who exhibited POAF than in those who did not, k-

NN algorithm will provide an objective prediction as to the future outcome of new patients. An 

advantage of machine learning techniques is the ability to provide generalists with an approach to 

performing tasks traditionally reserved for specialized individuals with more training. 

Machine learning algorithms such as the k-NN offer a means for making predictions 

based on the underlying properties of data sets, however each machine learning algorithm has 

strengths and weaknesses. The k-NN algorithm, although simple and generally effective, is 

computationally intensive and is also sensitive to irrelevant and redundant indices in the feature 

vector. (80) The SVM is similar to the k-NN, however it attempts to address some of its 

shortcomings by projecting the labeled examples into higher dimensions where they are more 

likely to be separable. The ANN, an algorithm inspired by the structure and function of the 

biological neurons within the central nervous system (CNS), is able to detect all possible 

interactions between predictor variables.(81) However, it is a ‘black box’ approach prone to 

‘overfitting’ the data, limiting its ability to generalize to new cases. This undesired effect results 

from the model becoming overly complex and making predictions based on observations from 

outliers and artifact in the labeled examples rather than the major trends in the population.(82)  

In order to address the strengths and weaknesses of individual machine learning 

algorithms, it is possible to use a ‘committee of classifiers’, where each algorithm performs 

analysis separately on each entry to be classified, and casts a vote as to the correct class.(83) For 

example, one could use a committee of classifiers, consisting of the k-NN, ANN, and SVM 
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algorithms, to predict occurrences of POAF following CABG; each algorithm would compute a 

prediction as to whether or not a new patient will develop AF during the recovery period. If the k-

NN and SVM algorithms predicted that the patient would develop AF, and the ANN predicted 

that the patient would not, then the committee would suggest that AF will occur. Healthcare 

professionals could then consider the use of prophylactic measures. As new classifications are 

performed, a human reviewer may choose to retrospectively validate the predictions at regular 

intervals in a process known as online learning, increasing the accuracy of the algorithm by 

adding the correct cases to the database of labeled examples, and by determining reasons why 

incorrect predictions may have occurred. The aim in this case is to combine classifiers that may 

have strengths and weaknesses so that their predictive ability is robust and reproducible for a 

wide variety of patients. Assuming independence between classifiers is maximized, it is possible 

to achieve lower error in a committee than in any one of its members. 

I have built on previous research in this area by gathering independent predictors reported 

by other investigators for patients undergoing CABG, and applying techniques from the field of 

scientific computing in order to prepare an innovative algorithm appropriate for use in routine 

clinical care. By enabling timely and effective clinical decisions, this approach may significantly 

reduce patient morbidity and mortality through the targeting of appropriate preventative 

therapies, thereby accomplishing considerable cost savings for the Canadian healthcare system. 
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By performing this research, I seek to answer the following questions: 

1. Is it feasible to collect independent predictors for POAF preoperatively? What are the 

implications of this clinical decision support algorithm? 

2. Which independent predictors are most useful for classifying patients regarding their 

post-operative outcome? 

3. What performance may be achieved by applying this clinical decision support algorithm?  

 

1.4 Contributions 

 

The contributions of this thesis are: 

1. My first contribution is that I carried out a prospective clinical research study identifying 

indices associated with POAF following CABG. This is an important contribution for 

healthcare professionals and research investigators aiming to reduce the burden of POAF, 

considering that it suggests which predictors may be useful and practical for predicting 

POAF in a real-world population, and which predictors do not appear to provide as much 

value. Given this information, concerted efforts can be made to collect robust predictors 

of POAF on a routine basis so that prophylactic measures may be considered for patients 

at high risk for POAF in order to reduce morbidity and mortality, and to attenuate 

healthcare costs. This first contribution is also useful from the perspective of basic 

science, as it may be helpful in the process of determining the underlying physiological 

mechanisms of POAF. When developing a predictive model for use in clinical care it is 

important to determine the true causal chain in terms of pathophysiology. 
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2. I applied an algorithm capable of accepting predictors of POAF from patients undergoing 

CABG, and determining whether or not it would be appropriate to consider providing 

prophylaxis. Indices collected from a series of prospective patients were used to make an 

objective and robust decision for each case. I evaluated the efficacy of this approach, and 

speculated on uses for this technique in other areas of cardiac care.  

3. The type of machine learning studied in this thesis has yet to be applied to great extent in 

cardiology, an important area in which it could be an efficient tool for assisting healthcare 

professionals with decision support. This thesis provides a case for increased application 

of artificial intelligence in routine clinical care, and a framework by which it can take 

place. 

  

1.5 Organization 

 

The remainder of this thesis is organized as follows: 

• Chapter 2, Literature Review: In Chapter 2 I provide a literature review that focuses on 

the digital signal processing in medicine. The review begins with a history of the field, 

documenting important research over the past several centuries with a particular focus on 

advances taking place in the early-to-mid 1900s that are especially relevant. Topics 

emphasized are the principles of cardiac electrophysiology, medical devices, and 

algorithms for cardiac care. 

• Chapter 3, Methods: The methods of my research are presented in Chapter 3. I detail the 

various phases of the project, including administrative aspects such as applications to the 

hospital and ethics board, and research aspects such as patient recruitment, data 
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collection, electrocardiogram (ECG) recording and analysis, statistics, and algorithm 

application. My experimental design is described so that my approach can be applied by 

others. 

• Chapter 4, Results and Discussion: In Chapter 4 I present the results of my research. This 

includes the number of patients enrolled, patient demographics, ECG analysis, operative 

details and outcomes, and the results of the statistical analysis. I discuss the results, and 

hypothesize on the physiological basis for my findings. 

• Chapter 5, Predicting Postoperative AF: Chapter 5 documents the machine learning 

algorithms I used to predict POAF. These approaches include BLR, k-NN, SVM, ANN, 

and decision tree. I describe the cross validation. The training of the machine learning 

algorithms is detailed, and their performance is evaluated on training and testing sets in 

leave-one-out cross validation. The combination of machine learning algorithms into a 

committee of classifiers is described. 

• Chapter 6, Limitations and Conclusion: In Chapter 6 I describe the limitations of my 

study, and conclude the thesis. I also provide future directions for this work, which 

include the validation of the algorithm at external sites, and the application of this type of 

machine learning to other problems in cardiac care. In this section I speculate on the 

future of machine learning in medicine. 

• References: In this section I provide references for my research. These references are 

drawn from a variety of sources, including medical and technical journals, textbooks, and 

the Internet. 

• Appendix 1: In this section I provide the results of the data collection and statistical 

analysis. 
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• Appendix 2: In this section I include the ethics approval for this study. 
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Chapter 2 

Literature Review 

 

2.1 History of Digital Signal Processing in Medicine 

 

In 1791, Italian physician and physicist Luigi Galvani first documented evidence for the 

relationship between electricity and life. This consisted of his accidental observation, that the 

sciatic muscles of dissected frog’s legs twitch when stimulated by static electricity. The results 

were published in the seventh volume of the proceedings of the Institute of Sciences at 

Bologna.(84) The work of Galvani would later inspire Carlo Matteucci, a pioneer in 

bioelectricity, who demonstrated in a series of experiments in the 1830s that biological tissues 

generate electrical currents.(85) Upon reproducing Matteucci’s results as part of a training 

program under the supervision of famed German physiologist Johannes Peter Müller, Emil du 

Bois-Reymond would subsequently discover the action potentials of nerves and muscles, 

founding the science of experimental electrophysiology.(86, 87) 
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 In order to observe subtle biological signals, du Bois-Reymond refined the galvanometer, 

a recent development named in honour of Galvani, to increase its capacity for measuring small 

electrical currents.(86) Following several decades of early experimentation in electrophysiology 

by cardiac defibrillation and pacing,(88-90) Richard Caton, a British physician, documented in 

1875 what was likely the first concrete application of biological signals in clinical science.(91) 

Caton used a version of the mirror galvanometer, a device popularized by Lord Kelvin for 

transoceanic transmission of telegraphs,(92) to record the electroencephalogram (EEG) as part of 

an investigation into the physiological mechanisms of epilepsy. The first human 

electrocardiogram (ECG) would soon follow, in 1887 by Augustus D. Waller, a physician 

working at St. Mary’s Medical School in London.(93) Waller used an innovative device, known 

as a capillary electrometer, to measure electrical current and project the measurement in real time 

onto a photographic plate advanced by a toy train.(94) At the First International Congress of 

Physiologists in Bale, which took place in 1889, Waller demonstrated his apparatus by recording 

the ECG of his pet bulldog.(95) The Dutch physician Willem Einthoven would witness this 

demonstration, and would go on to invent the first practical ECG recording apparatus in 

1903,(96) a contribution which earned him the Nobel Prize in Medicine in 1924.(97) Einthoven’s 

ECG device was based around a sensitive string galvanometer he devised in 1901, which passed 

a thin conductive wire between powerful electromagnets capable of causing the moving wire to 

deflect.(96) While operated by a team of technicians, a light cast over the moving wire would 

produce a shadow on a roll of photographic paper, creating a continuous ECG tracing. 

Einthoven’s sizeable 600-pound apparatus, although created over 100 years ago, was so precise 

that many of its modern day descendants remain unable to offer the same level of signal 

clarity.(98)  
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 Einthoven’s contributions to the field of cardiac electrophysiology, such as the 

designations of the letters P, Q, R, S, and T to the waves composing the cardiac cycle,(99) as well 

as the manifestations of various cardiac disorders in the ECG,(100) are routinely referenced by 

contemporary cardiovascular specialists. Analysis of other biological signals was also underway 

in the early 1900s; Arthur Cushny published the first case report of AF by measuring blood 

pressure over time,(101) Hans Berger formalized research into the human electroencephalogram 

(EEG),(102) and CJ Campbell would develop a technique for recording the phonocardiogram 

(PCG), a signal representation of heart sounds.(103) 

 Following a similar path to the field of experimental electrophysiology, computer science 

has likewise evolved over the past several centuries, with advances taking place in the early-to-

mid 1900s that are especially relevant at present. Pioneering contributions include the mechanical 

calculator invented by 19 year-old Blaise Pascal in 1642,(104) the difference engine designed by 

Charles Babbage in 1822,(105) the first electronic digital computing device conceived in 1937 by 

Atanastoff and Berry,(106) and the concepts of algorithms, computations, and artificial 

intelligence formalized by Alan Turing,(107) who is considered the father of computer science. 

The ancestry of the modern desktop and laptop computers prevalent today may be traced to 

ENIAC, the Electronic Numerical Integrator And Computer, which was the first electronic and 

Turing-complete general-purpose computer (Figure 2.1).(108) The ENIAC construction project 

was initiated by the United States Army in 1943 for use in their Ballistic Research Laboratory, 

where it would rapidly calculate artillery weapons trajectories.(109) The design and construction 

of ENIAC took place at the University of Pennsylvania under the supervision of John Adam 

Mauchly and J. Presper Eckert Jr., who were provided with a budget of approximately $500,000, 

(109) an amount equivalent to $7,000,000 today.(110) ENIAC, which occupied 1,800 square feet 

and weighed over 30 metric tons, required such an amount of electricity that Philadelphians 
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claimed the city lights of the surrounding area would dim while the machine was in 

operation.(109, 111) The first person to use ENIAC would be John von Neumann, who ran 

computations, laid out on one million punch cards, for research into the hydrogen bomb.(112) 

Over the span of only 50 years since ENIAC was created, transistors have replaced vacuum 

tubes, integrated circuits have led to microprocessors, remote terminals have heralded the 

Internet, graphical user interfaces have emerged, and mobile computing devices are nearly 

ubiquitous. However, the fundamental concepts and theories that guided and inspired the 

designers of the ENIAC continue to do so for computer scientists and engineers today. 

 

 
Figure 2.1: The ENIAC computer c. 1947-1955.(113) 

 

Despite the invention of the ECG and the general-purpose digital computer, a third 

component was still required for the introduction of digital signal processing in medicine. This 
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would arrive in the early 1950s, when prominent American inventor and philanthropist Bernard 

Marshall Gordon created the first high speed analog to digital (A/D) converter while working at 

EPSCO, a company Gordon founded in Massachusetts with Joe Davis, a colleague he met while 

serving in the United States Navy.(114) Gordon’s invention, essential today in applications such 

as digital audio and video, subsequently enabled the digitization of analog biological signals such 

as the ECG and EMG for analysis and storage on digital computers.(115) Not long thereafter, in 

1960, Pipberger would describe the methodology for preparation of electrocardiographic data for 

analysis by digital electronic computers in an issue of Circulation,(116) and would follow with 

an algorithm for automatic screening of ECGs for cardiovascular disorders the following 

year.(117) Many accurate algorithms have since been presented for automatic diagnosis of a 

variety of abnormal rhythms apparent in the ECG, such as AF,(118) atrial flutter (AFL),(119) 

ventricular fibrillation (VF),(120) and ventricular tachycardia (VT).(121) Algorithms such as 

these are now applied in real-time, for example during cardiac surgery, using a purpose-built 

patient monitor,(122) or in a CIED such as a pacemaker or implantable cardioverter-defibrillator 

(ICD) capable of automatically providing cardiac pacing and defibrillation to patients. These 

innovations greatly enhance both the quality and the duration of life.  

 

2.2 Digital Signal Processing for Cardiac Care 

 

The heart is the first organ to function at the beginning of life, and it is the last organ to stop at 

the end. During life, the heart pumps approximately 7500 litres of blood each day throughout the 

circulatory system of the body, supplying organs and tissues with blood, and thereby transporting 

oxygen, nutrients, and metabolic waste (Figure 2.2). To illustrate the remarkable efficiency of the 
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heart muscle, the amount of blood pumped by an average heart over 7 months is approximately 

equivalent to the volume of Lake Ontario.(123) In brief, the role of the heart can be 

conceptualized as two circuits; the pulmonary and systemic circulation. Newly oxygenated blood 

travels from the lungs to the left atrium (LA), is pumped through the mitral valve the left 

ventricle (LV), and is forced throughout the body where oxygen is distributed to various organs 

and tissues. The blood, now deoxygenated, arrives in the right atrium (RA), is pumped through 

the tricuspid valve into the right ventricle (RV), and is then forced back to the lungs where it can 

be re-oxygenated. 

 

 
Figure 2.2: The circulatory system (left), (124) where oxygenated blood is illustrated in red and 

deoxygenated blood in blue, and the anatomy of the heart (right).(125) 
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 The rhythmic contractions of the heart are accompanied by a repeating electrical activity 

occurring within the tissues of the heart muscle. With every normal heartbeat, a wave of 

depolarization propagates from the sinoatrial node throughout the RA, and then through the 

Bachmann’s bundle, the intra-atrial septum, and the coronary sinus, to the LA. This causes the 

two atria to contract, thereby pumping blood into the LV and RV. The wave of depolarization 

also propagates to the AV node which, following a delay allowing the ventricles to fill with 

blood, continues to the bundle of His. The bundle of His splits the wave of depolarization into 

two pathways, known as the left and right bundle branches, one for each of the two ventricles. 

During ventricular contraction, the depolarization move propagates a short way down the 

ventricular septum to the anterior and posterior fascicles, and then to the Purkinje fibres, which 

branch out to stimulate the remainder of the ventricular myocardium. Following the contractions 

of the atria and the ventricles, the myocardium of these regions is repolarized causing them to fill 

again with blood in preparation for the next contraction. Although this process is complex, it 

typically takes place 60-80 times per minute in healthy individuals when at rest.(126) 

The biological signal most commonly analyzed in cardiac care is the surface ECG, which 

is generated by recording the difference in voltage over time between small adhesive electrodes 

placed on the subject’s chest and limbs (Figure 2.3). This periodic signal may be measured over a 

short period of several minutes, or may be collected using a portable device such as a Holter 

monitor or implantable loop recorder over a number of days in cases where symptoms are 

exhibited only transiently. The fundamental basis for the ECG is that the electrical activity 

occurring within the heart also propagates to the skin surface, and therefore may be detected by 

measuring the voltage over time between different points on surface electrodes.(127) The ECG 

signal, the peak amplitude of which is approximately 1 mV, provides useful insight into the state 

of the heart muscle.(128)  



CHAPTER 2. LITERATURE REVIEW              19 

!

 

 
Figure 2.3: An ECG signal exhibiting normal sinus rhythm (NSR) over a period of approximately 

6 seconds. 
 

The manifestation of a single normal heartbeat is depicted in Figure 2.4. Each component 

of the cardiac cycle is accompanied by a deflection on the ECG. The P wave shows the near 

simultaneous depolarization of the atria, the QRS corresponds to the coordinated depolarization 

of the ventricles, and the T wave shows the repolarization of the ventricles. The repolarization of 

the atria is not visible in the ECG due to its deflection being obscured by the large amplitude of 

the QRS complex. The inspection of the individual waves, along with the measurement of certain 

intervals within the ECG, such as the PR and QT intervals, along with the ST segment, are 

effective diagnostic techniques.(129-131) 
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Figure 2.4: The manifestation of electrical conduction system of the heart in the surface 

ECG.(132) 
 

 

The surface ECG is typically used for diagnostic purposes, in order to target appropriate 

medical therapies if required. Reasonably accurate algorithms have been presented for automatic 

diagnosis of a variety of cardiovascular disorders that manifest in the ECG.(118-122, 133, 134) 

However, the accuracy of ECG signal processing approaches typically declines rapidly in the 

presence of real-world signal artifact, often with severe consequences.(135) In certain 

populations, such as those with a recent myocardial infarction (MI),(136) those with CHF,(137) 

patients with low left-ventricular ejection fraction (LVEF),(138) and possibly even in those who 

appear to be in good health,(139) it may be beneficial to apply advanced ‘risk stratification’ 

algorithms to the surface ECG in order to identify patients susceptible to certain adverse 
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cardiovascular events, and therefore that may benefit from prophylactic measures. These 

approaches include the computation of HRV,(140) heart rate turbulence (HRT),(141) heart rate 

asymmetry (HRA),(142) QT dispersion,(143), T-wave alternans (TWA),(144) signal-averaged P-

wave (SAPW),(145) signal-averaged QRS (SAQRS),(146) and analysis of certain important 

intervals within the cardiac cycle, namely the ST and QT intervals.(147, 148) In addition, 

progress has been made on the translation of digital signal processing algorithms for research in 

animals, particularly in murine,(149) primate,(150) canine,(151) and porcine models,(152) 

enabling investigators to study the mechanisms of cardiovascular disorders, which are generally 

simulated either by genetic modification or by other means not feasible in humans. 

 Following careful preparation of the skin surface, by removal of oil, hair, and dead skin 

cells using alcohol pads, razors, and a light abrasive material, the first step for recording the 

surface ECG is electrode placement. One may use a variety of electrode types, such as needle 

electrodes, suction electrodes, and tab electrodes, although disposable latex-free adhesive 

electrodes made from a silver-silver chloride metallic compound (Ag-AgCl) with a conductive 

gel are the standard in cardiology. Electrodes are often placed in an arrangement that creates 

three ‘orthogonal leads’; ‘leads’ in this case referring to a pair of electrodes for which the 

different in voltage over time is measured to generate the ECG signal. As is depicted in Figure 

2.5, a simple configuration has an ‘x’ lead, composed of the yellow and red electrodes, a ‘y’ lead 

composed of the black and brown electrodes, and a ‘z’ lead composed of the orange and blue 

electrodes. There is also a green electrode placed on the arm for a reference to baseline electrical 

activity. Each lead pair consists of a positive and negative electrode. A wave of depolarization 

travelling toward a positive lead will manifest as an upward deflection in the signal, while a wave 

moving toward a negative lead will manifest as a downward deflection. Each of these three leads 



CHAPTER 2. LITERATURE REVIEW              22 

!

will gather an ECG signal, providing three distinct diagnostic views of the electrical activity 

exhibited by the subject’s heart. 

 

  
Figure 2.5: Typical ECG electrodes (left) (Ambu Cardiology Blue Sensor, Copenhagen, DK) and 

their placement for 3-lead signal collection (right). 
 

 The electrical activity collected over time from the surface ECG electrodes may be 

processed, stored, displayed, printed, and transmitted using a medical device such as a portable 

Holter monitor or a bedside monitoring system. These devices digitize, amplify, and sometimes 

filter the analog ECG signal at a sampling frequency of approximately 200-1000 Hz. ECG 

signals require a relatively small amount of storage space. For example, a 10-minute 3-lead signal 

digitized at 1000 Hz requires approximately 4MB, a similar amount of space to an MP3 song. 

Signals of a short duration may be sufficient for diagnosis of acute or chronic heart conditions 

visible at the time of recording, although recordings of 24 hours are often used in cases where 

symptoms are exhibited only transiently.(153, 154) In specialized cases, other ‘stress tests’ may 

be used while recording the ECG in order to uncover underlying pathophysiology.(155) These 

frequently involve treadmill exercise tests and infusions with pharmaceutical compounds capable 

of stimulating the heart. 
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 Although the surface ECG is the most common technique for diagnosis of abnormal heart 

rhythms, there are alternative methods that may provide additional insight. The first steps in 

evaluating a subject’s cardiovascular health often involve the measurement of heart rate, to 

determine if it is abnormally fast or slow, and the measurement of heart rhythm, to determine if it 

is regular or irregular. A rough estimate can be obtained from the palpation of the peripheral 

pulse on the wrist or neck,(156) by listening with a stethoscope,(157) by placing a pulse oximeter 

on the finger,(158) or by using other devices such as wristwatch exercise monitors.(159) 

However, due to the vast amount of detailed information that may be easily collected, the surface 

ECG remains the standard diagnostic technique for individuals exhibiting symptoms compatible 

with cardiovascular disorders. 

In certain specialized applications, namely during cardiovascular electrophysiology (EP) 

procedures, the morphology of the intracardiac ECG, collected from the tip of a roving catheter 

placed inside the heart, is of great importance. Patients typically undergo these minimally-

invasive catheter ablation procedures as a long-term solution for an abnormal heart rhythm, such 

as AF, AFL, or VT. By monitoring the electrical activity in the intracardiac ECG during the 

procedure, operators are able to determine sites within the heart that may benefit from 

radiofrequency (RF) ablation in order to restore NSR. Generally, RF ablation is targeted in areas 

that exhibit a variety of signal qualities. In some cases, a large degree of irregular electrical 

activity, known technically as ‘fractionation’ may be targeted, such as in catheter ablation of AF. 

Since quantification of fractionation within the surface ECG is an inherently subjective 

measure,(160) several digital signal processing algorithms have been described to provide 

operators with objective guidance.(160-162) To date, however, these approaches have achieved 

only modest success, and as a result, the expert opinion of the operator remains the standard 

measure.(163-166) 
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Many new medical products for cardiovascular specialists make use of contemporary 

digital signal processing techniques. These products include the Medtronic Carelink® Network, 

which allows patients’ CIEDs to transmit diagnostic reports remotely to their physicians when 

abnormal rhythms are detected, the CardioInsight Technologies ECVUE ‘electrode vest’ which is 

composed of many surface ECG electrodes designed for non-invasive and dynamic 

electrocardiographic mapping,(167) the EnSite Array noncontact multi-electrode diagnostic 

catheter designed by St. Jude Medical for accurate targeting of therapy during EP 

procedures,(168) and applications for mobile devices, such as the Apple iPhone and iPad, which 

allow for phonocardiogram and peripheral oxygen saturation (SpO2) recordings and diagnostics 

without peripheral hardware.(169, 170) Although the current usage of innovative products such 

as these is largely investigational, they show great promise for improving patient care. 

Abnormalities within the electrical conduction system of the heart are associated with a 

variety of irregular heart rhythms. Using the surface ECG, these disorders may be diagnosed non-

invasively. In order to assist healthcare professionals with the complex task of ECG 

interpretation, numerous ECG processing algorithms have been proposed. These include 

algorithms for classification of ECG recordings collected at home or during clinic visits, as well 

as algorithms for the care of hospital inpatients with bedside monitoring systems. 

Diagnostic tests for patients exhibiting symptoms compatible with cardiovascular disease 

often include ECG recordings. These may include a short-term ‘12-lead’ ECG, which provides 

cardiovascular specialists with 12 separate perspectives of the patient’s heart rhythm.(171) The 

patient may also be considered for an extended recording in cases where symptoms are exhibited 

transiently; this is typically accomplished with a Holter monitor over a 24-hour period, which 

provides similar insight to the 12-lead ECG, but with fewer leads.(172) For patients with 

symptoms that do not manifest on a daily basis, such as those experiencing occasional 
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palpitations or shortness of breath, it may be beneficial to consider an ILR, which is a device 

close in appearance to a USB flash drive placed subcutaneously in a similar manner to a 

pacemaker or ICD (Figure 2.6).(173) ILR devices record the ECG continuously, but generally 

overwrite segments showing normal sinus rhythm, saving only the data that may be useful for 

diagnosis when the patient returns for clinic follow-up. Hybrid devices, such as the SpiderFlash 

from Sorin Group, which is a new type of external loop recorder capable of collecting data over 

30 days, are also available.(174) Using tools such as these, appropriate treatments may be 

accurately targeted in order to improve quality of life.  

 

 
Figure 2.6: A Holter monitor (left) (ELA Medical, Montrouge, FR) and an ILR (right) 

(Medtronic, Minneapolis, USA).  
 

 The surface ECG is useful not only for diagnosis of symptoms, but also for real-time 

monitoring and treatment of inpatients at high risk for adverse cardiovascular outcomes. 

Approximately 39% of inpatients suffering from cardiac arrest may survive to discharge if 

defibrillated in less than one minute, whereas the survival rate is decreased to 19% if 

defibrillation is delayed until 6 minutes following cardiac arrest.(41) It is noted, however, that 

defibrillation is only appropriate when there is some type of cardiac rhythm remaining, such as 

VT or VF.(175) If there is no underlying rhythm, a condition known as asystole characterized by 
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a flat line in the ECG, then cardiopulmonary resuscitation (CPR) is necessary. New-onset atrial 

arrhythmias are also common for inpatients, especially for those undergoing invasive procedures 

such as CABG, where they affect 20-40% of all cases.(25) Bedside monitoring systems, which 

may collect digital signals such as the ECG and airway carbon dioxide (CO2), are essential for 

alerting staff members of the onset of cardiac arrhythmia or abnormal respiratory patterns.(176) 

 In recent years, investigators have proposed new approaches to improve the accuracy of 

patient monitoring. Kurzweil and colleagues obtained a patent in 2010 for a combined algorithm 

for detection of atrial arrhythmia, which computes diagnostic indices such as the times of P-wave 

occurrence, RR interval durations and variability. It also performs signal filtering, as well as 

analysis of multiple ECG leads and the ECG frequency spectrum.(177) ANNs were applied by 

Lim and colleagues to classify premature ventricular contractions with an accuracy rate of over 

99%.(178) A body sensor network (BSN) platform consisting of small, low-power sensors for 

wireless and secure three-lead ECG monitoring was proposed by Wang et al.(179) A 

smartphone-based cardiac rehabilitation monitoring system was developed by Worringham, with 

which the ECG is collected and transmitted along with GPS-based speed and location.(180) This 

device is intended for patients who do not have access to hospital-based rehabilitation programs, 

or who live in areas distant from their healthcare institution. AliveCor has created a remarkable 

protective case for the iPhone with two ECG electrodes, along with a network-enabled software 

application allowing patients, healthcare professionals, and veterinarians, to immediately collect a 

single-lead ECG by placing the iPhone to the patient’s chest.(181) Finally, a software application 

developed by Airstrip Technologies has gained popularity for remote monitoring of biological 

signals, particularly in obstetrics, cardiology, and intensive care.(182) Biological signals from 

multiple patients may be transmitted in real-time from the bedside to any location with internet 
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access, and can be visualized efficiently on smartphones and tablets, enabling informed and 

timely clinical decisions.  

The onset of a life-threatening cardiovascular event, such as a lethal arrhythmia or MI, 

may be sudden and unexpected.(183) Although effective treatments for cardiovascular disease 

exist, such as defibrillation, device implantation, and rate-controlling and rhythm-controlling 

medications for lethal arrhythmias; angioplasty, anticlotting agents, and bypass surgery; severe 

cases may be fatal minutes from onset. It is for these reasons that considerable effort is made 

among clinical investigators to determine risk factors for adverse cardiovascular outcomes in 

order for susceptible patients to be identified and treated preemptively. This process is known as 

‘risk stratification’. 

Risk factors for poor cardiovascular health, such as obesity,(58) smoking,(184) 

hypertension,(185) inactivity,(186) high cholesterol,(187) advanced age,(188) diabetes,(189) and 

positive family history,(190) are well known. However, risk stratification techniques can be more 

subtle. For example, a technique known as heart rate variability (HRV),(140) which is familiar to 

many cardiovascular specialists, has been studied since the 18th century (191) although much of 

its present popularity may be attributed to a report published in a 1996 issue of Circulation on 

standards of measurement, physiological interpretation, and clinical use.(140) HRV analysis 

involves the measurement of the minute beat-to-beat variability in heart rate exhibited by a series 

of consecutive heart beat interval durations using a number of time-domain, frequency-domain, 

and nonlinear signal processing techniques. A patient whose heart rate is more consistent over 

time, and therefore whose HRV is lower than normal, is generally considered to have a poorer 

prognosis than a patient who exhibits normal HRV.(192) Care must of course be made, however, 

only to measure HRV during periods of NSR, considering that too much variability in heart rate, 

such as during AF, may lead to confounded results.(193) HRV has been demonstrated as a 
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powerful predictor of events such as mortality following MI,(194) sudden cardiac death 

(SCD),(195) and AF following heart surgery,(196) among others. 

A number of additional risk stratification techniques have been developed, such as 

SAPW, which provides insight into the propensity of a patient to develop AF by measuring the 

duration of the P wave, which represents the electrical activity of the atria.(197) P-wave 

dispersion, which also stratifies risk for AF, but by measuring variability in atrial activity,(66) 

and HRA which measures accelerations and decelerations in beat-to-beat intervals in order to 

assess the autonomic nervous system, the component of the peripheral nervous system 

responsible for heart rate regulation via neurotransmitters norepinephrine and acetylcholine.(199) 

Investigators have also proposed several risk stratification algorithms in order to determine risk 

for SCD. These include HRT, which measures heart rate while the heart returns to its normal 

rhythm following a premature beat,(200) TWA, which measures small beat-to-beat variations in 

the ECG amplitude of the T-wave over time,(144) and QT dispersion, which measures the 

variability in the duration of the QT interval from an ECG recording. Although these techniques 

are capable of improving patient care by predicting adverse outcomes with great sensitivity and 

specificity, they have yet to be adopted in widespread use.(143) 

Two of the risk stratification techniques commonly used in clinical practice are ST 

elevation,(201) ST depression,(202) and long QT.(203) ST elevation and ST depression measure 

the ST interval on a standard ECG, which is the period following ventricular contraction 

preceding ventricular expansion, during which the ventricles are depolarized. When this segment 

is abnormally high or low in comparison to the baseline ECG amplitude, it is generally indicative 

of risk for ischemic conditions such as MI in which there is a blockage of blood in the coronary 

arteries.(201, 204) Also of diagnostic importance is long QT, a genetic condition affecting 

approximately 1 in 2000 individuals, characterized by prolongation of the QT interval from a 
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normal of less than 420 milliseconds to 450 milliseconds or greater in males, and 460 

milliseconds or greater in females.(148, 203, 205, 206) Measuring the QT interval is similar to 

measuring the ST interval, although it begins at the Q wave as opposed to the S wave. Also, the 

ST segment is measured in vertical space, in terms of signal depression and elevation, while the 

QT interval is measured in horizontal space, in terms of signal duration. This ‘Long QT 

Syndrome’ is characterized by mutations in 12 genes, referred to as LQT1-LQT12, predisposing 

the carrier to lethal arrhythmias such as VF.(207) It is sometimes appropriate to consider high-

risk patients exhibiting LQTS for an implantable cardioverter-defibrillator, which will attempt to 

detect lethal arrhythmias automatically and convert them back to normal sinus rhythm by 

applying pacing and defibrillation as required.(208) 

SCD can result from conduction disorders in the ventricles, which may be caused by a 

scar in the myocardial tissue, or by an acute lack of blood supply to the myocardium.(209-212) 

These conditions may cause life-threatening heart rhythms requiring immediate defibrillation, 

such as VT, in which the ventricles are beating independently of the atria at a rate of over 100 

beats per minute, or VF, in which the ventricles are rapidly quivering.(213) Each year in the 

United States, only 2%-5% of the 225,000 individuals who suffer SCD outside a hospital are 

successfully resuscitated.(214) For every minute that elapses before defibrillation, 7%-10% of 

patients who might be saved are lost.(215) Patients at high risk for SCD, such as those with poor 

ventricular function, those with QT abnormalities, and those with recurrent VT, may benefit from 

an ICD. 

 Basic ICDs apply an R-wave detection algorithm to constantly monitor the patient's 

ventricular rate, as recorded from a wire lead placed in the RV. When the rate is sustained above 

a certain threshold calibrated for the patient by a physician, for example 170 beats per minute for 

VT or 250 beats per minute for VF, the ICD will defibrillate the heart by applying an electrical 
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shock of up to 40 Joules in order to restore normal sinus rhythm.(216) The device may also apply 

temporary cardiac pacing in order to control heart rate manually, a less aggressive approach 

likely sufficient to terminate the majority of VT episodes independently of defibrillation although 

not sufficient to resolve the more rapid VF.(217, 218) Despite the reduction in mortality for high-

risk patients in whom an ICD is implanted,(219-221) however, over 10% of patients receive 

inappropriate shocks from their ICDs,(222, 223) substantially impairing quality of life.(224) In 

addition, replacements are currently necessary after approximately 7 years due to battery 

depletion.(225) Therefore there remains a need to develop efficient and accurate algorithms so 

that therapy is applied only when necessary. 

 Due to recent increases in the computational power of ICD devices, their algorithms may 

include discriminators based not only on rate, but also on arrhythmia onset characteristics, ECG 

morphology, QRS width, and rate stability. The ‘onset’ algorithm was designed to addresses a 

common problem, the differentiation between lethal arrhythmias requiring defibrillation, such as 

VT and VF, from less threatening rhythms such as sinus tachycardia (ST) and AF.(226) In order 

to address this, the onset algorithm records the initial RR intervals of a tachycardia and measures 

the rate at which they decrease. If the RR intervals demonstrate a gradual decline, and therefore 

gradual increase in rate at the onset of tachycardia, this will produce a low onset value suggesting 

an atrial arrhythmia for which defibrillation is not necessary. Certain ICD devices use template-

matching algorithms, which store examples of ECG morphologies during baseline rhythms, and 

during tachycardia induced during device implantation to provide a diagnosis by referencing the 

unknown rhythm’s features to those in the stored libraries.(227-231) An additional algorithm is 

based on the width criterion; the principle that a rhythm exhibiting a wide QRS complex is more 

likely to be an arrhythmia of ventricular origin, such as VT or VF, rather than a less threatening 

atrial arrhythmia such as AF or atrial tachycardia (AT).(232, 233) A fourth ICD detection 
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criterion that is commonly used is referred to as ‘stability’. This algorithm analyzes the beat-to-

beat variation in heart rate and classifies the current rhythm either as rapid AF, which is by 

definition irregular, or the more regular VT.(234-236) Specialized ICD algorithms have also been 

proposed, such as those designed to predict and detect lead failures, which often coincide with 

oversensing of ventricular arrhythmia, and therefore with inappropriate shock therapy. These 

algorithms aim to discriminate between ventricular arrhythmias and noise due to lead failure, 

generally by monitoring for increases in impedance along with high-amplitude and high 

frequency noise manifest in the ECG.(237-239) Upon detection, the device may change its 

arrhythmia detection thresholds, sound an audible alert, and transmit warnings wirelessly over the 

Internet. 

 Advanced devices, known as dual-chamber ICDs, place a second lead in the RA, along 

with the typical lead in the RV. The advantage of this configuration is that the atrial activity may 

be monitored accurately along with the ventricular activity. Algorithms have been created to take 

advantage of this by separately analyzing the average heart rate of the atria and ventricles, as well 

as their rate stability and coordination. This then determines if, for instance, there is a faster rate 

in the atria then the ventricles, suggesting that the arrhythmia may not be of ventricular origin, 

and therefore that it may not require defibrillation, reducing the likelihood of inappropriate 

shocks.(134, 240-243)  

 In patients whose cardiac arrhythmia is nonresponsive to anti-arrhythmic therapy and 

cardioversion, a synchronized defibrillation that is intended to restore normal sinus rhythm, a 

minimally invasive surgical procedure known as an EP study may be considered. Performed by 

an electrophysiologist in a specialized ‘EP lab’, an EP procedure involves advancing catheters, 

typically from the femoral vein in the groin, until they are inside the heart. During the procedure, 

catheters may be manipulated under fluoroscopic guidance. Electrodes on the tips of the catheters 
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have a similar role to surface electrodes; they are intended to measure voltage over time directly 

from the heart muscle, allowing for precise ‘intracardiac ECG’ measurements of electrical 

potentials in the conduction pathways. A number of techniques may be used during the 

procedure, such as the manipulation of heart rate and rhythm using a pacing catheter in order to 

study the mechanisms of the patient’s arrhythmia, and RF ablation using an ablation catheter to 

create precise lesions in areas exhibiting abnormal electrical activity.(244) Long-term success 

rates vary by the type of procedure; for example, ablations of long-standing persistent AF 

employing a popular technique known as pulmonary vein isolation (PVI) show a success rate of 

21-22% at a mean follow up of 25 months,(245) while AFL ablations typically achieve success 

rates of over 90%.(246) Multiple repeat procedures may be performed in patients with recurrence 

of arrhythmia, with drug-free success rates increasing to 37-43% in cases of long-standing 

persistent AF following a mean of 1.6 PVI procedures.(245) Integration of anti-arrhythmic 

medications may further increase success rates of PVI to approximately 54%.(245) Safety must 

be considered when opting for EP studies, however, with rates of approximately 4% for 

complications including pericardial tamponade and effusion, vascular complications, pulmonary 

vein stenosis, cerebrovascular events, and phrenic nerve injuries.(245) 

 Following its widespread introduction in the 1990s,(247) the technology of RF ablation in 

clinical cardiac electrophysiology continues to advance at a remarkable pace. Recent innovations 

include radiation shields designed to protect electrophysiologists from the fluoroscopic system, 

removing the need for heavy aprons containing lead to be worn,(248) and specialized catheters 

such as those guided by magnets for precise navigation during EP procedures,(249) ablation 

catheters that apply therapy based on the force of contact with the heart wall rather than using 

input from a regular foot pedal on the floor of the EP lab.(250) In addition, catheters which use 

laser ablation,(251) cryoablation technologies,(252) balloons for continuous contact during 
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ablation in the area of the pulmonary veins,(253) and irrigation catheters which cool the area 

surrounding the ablation lesions in order to minimize charring and coagulation, have been 

developed improve the delivery of power to tissue.(254) 

 During EP studies, it is common practice for a non-fluoroscopic 3D computer mapping 

system to be used in order to visualize the patient’s cardiac anatomy as well as the properties of 

the electrical conduction system of the heart. Two popular options are the Biosense Webster 

CARTO Navigation System,(255) and the EnSite NavX Navigation and Visualization 

Technology from St. Jude Medical.(256) NavX system employs three pairs of specialized 

electrodes placed on the skin surface, which transmit electrical signals between one another. A 

mapping catheter is placed inside the heart, which detects the electrical signal data from the 

surface electrodes and transmits these to the computer for precise visualization of the catheter on 

the screen. The catheter may then be swept along the inner surface of the heart muscle in order to 

create detailed geometry of the cardiac anatomy. The system colors the surface of the 3D model 

in order to guide the ablation catheter to the point in the heart where treatment is required. The 

CARTO system offers similar features, but functions instead with a magnetic ‘location pad’ 

placed under the patient’s chest, rather than using surface electrodes.  

If ablation is to be used during an EP study, one of several approaches may be chosen 

based on the type of arrhythmia exhibited by the patient. For example, in patients with AF, the 

electrophysiologist may opt for PVI.(257) PVI involves ablation in a circular area around each of 

the four pulmonary veins, which are the conduits responsible for transporting oxygenated blood 

from the lungs to the LA. Impulses from this area often contribute to the initiation of AF,(258) 

and it is for this reason that their electrical isolation from the remainder of the cardiac muscle by 

the creation of ablation lesions is beneficial in long-term reduction of the burden of AF.(259-262) 

Similarly, in patients with AFL, a common approach is the ablation of the cavotricuspid isthmus; 
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the area in the lower RA between the inferior vena cava, the vein responsible for transporting 

deoxygenated blood from the lower half of the body to the RA, and the tricuspid valve, which 

separates the RA from the RV.(263)  

During ablation, electrophysiologists may also use a technique known as ablation of 

complex fractionated atrial electrograms (CFAE), which involves ablation in areas for which the 

intracardiac ECG exhibits a great degree of irregular electrical activity, known technically as 

fractionation.(264-267) Since quantification of fractionation within the surface ECG is a 

subjective measure,(268) several DSP algorithms have been described that provide operators with 

objective guidance.(160-162) 

 Křemen and colleagues have described algorithms that quantify fractionation from the 

intracardiac ECG. In 2007, this group proposed a method based on the wavelet transform that 

classifies CFAEs by the degree of fractionation they exhibit, from a class of ‘1’ for organized 

atrial activity to ‘4’ for a high degree of fractionation.(162) This method, the first such technique 

documented in detail, was tested on an expert-validated set of 113 1.5-second ECG segments, 

and achieved reasonable success rates, ranging from 100% accuracy for class 1 atrial activity to 

63.89% for class 4. The discrete wavelet transform (DWT) was implemented, which decomposes 

the signal into a set of small oscillations localized in time known as ‘wavelets’. This method is 

distinct from the Fourier transform, which is a similar technique that decomposes the signal into 

sine and cosine waves of infinite length.(269) An advantage of the DWT is that it creates a time-

frequency representation of the signal, which is useful for analysis of signals that are non-

stationary. The process of wavelet analysis may be conceptualized as a signal being split into an 

‘approximation’ component and a ‘detail’ component, where the approximation is then split into 

another approximation and detail repetitively. This approach to the DWT is known as ‘packet 

analysis’. The type of wavelet selected as a template for the decomposition of the signal during 



CHAPTER 2. LITERATURE REVIEW              35 

!

packet analysis is known as the ‘mother wavelet’; in this case a ‘Coiflet’ wavelet was determined 

to be optimal. This wavelet packet analysis was performed twice on each 1.5-second ECG 

segment, the first time in order to remove noise components, and the second to characterize the 

signal. Following the second wavelet decomposition, features of interest were automatically 

detected using a pre-defined threshold value, and were inspected by the algorithm for 

fractionation. Although the performance of this algorithm in terms of accuracy was fairly modest, 

it was computationally efficient, and it represented an important first step in the analysis of 

fractionated intracardiac ECGs. More recently, Křemen and colleagues have continued to propose 

new approaches to the automated assessment of fractionation in intracardiac ECGs, with 

improved performance achieved by machine learning algorithms.(268) At Queen’s University, 

Haley and colleagues developed a promising algorithm that measures the amount of fractionation 

during catheter ablation in a manner that demonstrates close correlation to expert opinion.(270) 

Despite these advances, accurate automated quantification of fractionation from the intracardiac 

ECG, especially in terms of its routine use in the clinical environment, remains unrealized. 

  

2.3 Machine Learning for Cardiac Care 

 

Machine learning refers to a type of artificial intelligence algorithm designed to identify patterns 

in input data, such as patient characteristics, in order to perform complex classification tasks. A 

simple, yet effective, technique for machine learning is known as the k-NN algorithm. This 

technique attempts to classify objects based on a majority vote made by their closest labeled 

training samples in feature space.(83) As an example, consider the previously-mentioned problem 

of predicting cases of POAF following CABG surgery. If a set of predictive features are selected, 
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such as age, body mass index (BMI), and systolic blood pressure (SBP), they may be used to 

classify patients as to whether or not they will develop AF during the recovery period following 

CABG.  

As is the case for many machine learning techniques, the k-NN algorithm must be 

provided with a number of labeled training samples, which in this case consisted of a set of three 

features for a series of patients who have undergone CABG in the past, as well as their clinical 

outcome in terms of AF occurrence, or lack thereof, during the recovery period. If, for instance, 

20 fictional cases are collected and labeled, 10 who exhibited AF and 10 who did not, they may 

be placed into two 3-by-10 tables, where there is a row for each of the three indices collected, 

age, BMI, and SBP, and 10 columns for the 10 patients in each group (Tables 2.1-2.2). For 

further illustration, these indices may be plotted in three dimensions, with age, BMI, and SBP 

represented by the x, y, and z axes respectively (Figure 2.7). Once this is complete, the k-NN 

algorithm is ready for classification of unlabeled examples, although it is also beneficial to scale 

all variables to zero mean and unit variance in order to avoid bias. 

 

Table 2.1: Indices from patients who did not develop AF. 
Patient ID 1 2 3 4 5 6 7 8 9 10 
Age 65 54 81 80 55 66 42 66 60 60 
BMI 23 26 21 30 26 25 29 26 37 23 
SBP 162 104 134 109 146 113 134 157 126 136 

   

Table 2.2: Indices from patients who developed AF. 
Patient ID 1 2 3 4 5 6 7 8 9 10 
Age 84 75 85 70 52 73 72 75 73 64 
BMI 26 26 32 28 47 39 30 28 28 39 
SBP 139 112 184 166 127 193 118 132 133 193 
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Figure 2.7: Indices from patients represented graphically in feature space. 

 

 When a new patient arrives, their age, BMI, and blood pressure is input to the k-NN 

algorithm, creating a new point in three-dimensional feature space. In order to predict whether or 

not this new patient will develop POAF following CABG, their data is compared with the set of 

labeled training examples provided. The k-NN algorithm will then classify this new example 

based on the class of its k-nearest neighbors in feature space, where k is a number pre-defined by 

the user. If, for example, a k of three is chosen, the three nearest neighbors in feature space will 

be located, and the class most common among these neighbors will be assigned to the new 

unlabeled example. Any number may be selected for k, although it is beneficial to choose odd 
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numbers in order to avoid tied votes, and also to find a balance between too large a number and 

too small a number.(271) The advantage to a small value for k is that it can create good 

distinction between class boundaries, whereas a large value for k is less likely to be adversely 

affected by artifact and outliers. However, one may only benefit from a larger k when there is 

ample training data and therefore all k neighbors are nearby in feature space. Additionally, a 

common modification to the k-NN algorithm is to weigh the contribution of the k-nearest 

neighbors by dividing their vote, essentially a ‘1’, by their distance to the input example. This 

allows for closer neighbors to exert greater influence in the final decision. Finally, if the 

algorithm is to truly simulate a learning process, it may be beneficial for the programmer to add 

new, correctly labeled, cases to the set of example data in order to increase the accuracy of future 

predictions.(272) However, care must be made to select and collect accurate and reliable features 

in a consistent manner. For example, there may be a small difference in risk between a patient 

born in January and a patient born in December of the same year; perhaps it would be beneficial 

to measure age in days for this reason. In addition, measures such as blood pressure and body 

mass may fluctuate during the course of the day.(273-275) I hypothesize that risk for POAF may 

be significantly independent of these fluctuations, despite their potential effect on classification 

of patients. 

 A second approach to machine learning is known as the support vector machine (SVM). 

This algorithm, which is similar to the k-NN algorithm, uses a set of labeled training data to 

prepare a model capable of accurately classifying new unlabeled examples. The difference, 

however, is that the SVM attempts to divide the points in feature space by finding an optimal 

separator between classes, where the gap between the separator and points on either side is as 

wide as possible. The algorithm classifies new examples based on which side of the separator 

they are placed. If classes that are not linearly separable in the original feature space, it may be 
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advantageous to use a nonlinear separator, known as a kernel function. The separator in this case 

is referred to as a ‘hyperplane’ (Figure 2.8). In other words, the objective is to separate an n-

dimensional feature space, a three-dimensional feature space in the context of the previous 

example, with an (n-1)-dimensional plane, a two-dimensional plane in this case, which separates 

the data by the greatest possible margin. The term ‘support vector’ refers to the closest data 

points to the separator. Since linear separation is commonly not possible given outliers, artifact, 

and overlap between class distributions, nonlinear separators are often applied in practice.(276) 

 

 
Figure 2.8: An example of a data set to be classified by an SVM. Three separators are proposed: 

#1 does not separate the two classes, #3 does with a small margin, and #2 does with the 
maximum margin. 

 

 In order to determine the plane that best separates the classes, known as the ‘maximum 

margin plane’, a number of kernel functions may be used, such as polynomial or Gaussian kernel 
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functions. A simple way to illustrate this process is to imagine a series of 9 points in a straight 

line, where the middle three points are from a different class than the three points on either side. 

These lines cannot be separated linearly without error. By applying a polynomial kernel function 

to the data, the line of 9 points may be separated by a curve. For any given data set in which there 

are no two identical data points labeled as belonging to different classes, there exists a kernel 

function which will allow the data to be separated.(277) The selection of kernel function depends 

on the distribution of the data in space; although a linear classifier may be sufficient for certain 

data sets, replacing this with a polynomial or radial basis function kernel function may provide a 

better fit in some cases. However, it may be beneficial to avoid overcomplicating the classifier, as 

this can lead to the ‘overfitting’ generalization problem described previously.(278) The 

programmer may also enable the SVM to make some mistakes, by allowing a limited number of 

outlying training points to be incorrectly classified by the plane without compromising the 

algorithm’s predictive capacity; a feature referred to as a ‘soft margin’.(279) This makes it so that 

for instance the kernel function does not need to fit a complex curve to the data just to account 

for a few outlier data points. 

A third machine learning technique, known as the artificial neural network (ANN), was 

inspired by the structure and function of the neurons within the CNS.(280) Although it may 

accomplish similar tasks to the k-NN and SVM algorithms, the ANN is perhaps more 

unconventional in its design. This approach has been in continual development for over half a 

century with major advances contributed by McCulloch and Pitts,(281) Hebb,(282) and 

Rosenblatt,(283) among others. There are many ways to train ANN models, however in the 

general case the process involves optimizing the strengths of connections between an adaptive 

group of simple processing units, analogous to the network of neurons in the brain and spinal 

cord, based on patterns in labeled training data that can then be used for the classification of 
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prospective inputs. In the general case, a feature vector, containing several numerical parameters 

on which the input is to be classified, will be passed into the first layer of the network, which will 

then pass it to the following layer. Between each pair of layers, the indices of the feature vector 

are manipulated using mathematical weighting factors determined during the training process. 

The weighted sums are then placed into an activation function for each neuron, commonly a 

nonlinear threshold function such as a sigmoid. The binary output of each neuron’s activation 

function will then be passed to the next layer until the final layer is reached, at which point the 

numerical output, possibly a ‘0’ or a ‘1’ for a binary classification problem, will be produced. 

The ANN may analyze a set of labeled training examples, in the ‘supervised learning’ paradigm 

used by the k-NN and the SVM algorithms, although it is also possible to perform ‘unsupervised 

learning’ with the ANN by allowing it to model a set of unlabeled inputs. The ANN is closely 

related to the SVM; in fact an SVM model using a sigmoid kernel function is equivalent in its 

function to an ANN with one hidden layer. 

 Arthur Lee Samuel (1900-1990), an American pioneer in artificial intelligence, defined 

machine learning as “The field of study that gives computers the ability to learn without being 

explicitly programmed.”(284) In recent decades, many such algorithms fitting this definition 

have been proposed in addition to the three described previously. Other notable examples include 

decision trees and cluster analysis. 

 A typical decision tree consists of a set of pathways in the shape of a tree that begin at a 

‘root’ node, and move along pathways until they arrive at a ‘leaf’ node. A fictional example is 

presented in Figure 2.9. The objective when training a decision tree is to prepare a model with a 

path, consisting of edges and nodes, which takes into account the elements of a feature vector in 

order to make a classification in travelling from the top node, the ‘root’, to one of the end nodes. 

Decision trees may be prepared automatically using algorithms which examine all possible class 
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separators for every predictor, meaning paths which may be chosen based on a ‘yes’ or ‘no’ 

feature such as gender, and paths which may be chosen based on a numerical value chosen for a 

continuous variable. Separators are prepared based on an optimization criterion, which may be to 

minimize the standard deviation of the data on either side of the separation point, or a diversity 

measures such as the Gini index.(285) The Gini index measures the probability that two entities 

represent different types. 

 

 
Figure 2.9: A fictional decision tree for prediction of POAF. 

 

Cluster analysis describes a collection of algorithms capable of discovering distinct 

groups within a collection of unclassified data, a group of individuals in this case, which may 

otherwise appear homogeneous. Such algorithms generally attempt to minimize the distance in 

feature space between elements of the same cluster, and to maximize the distance between 

clusters. A popular approach to clustering is the k-means algorithm, in which the programmer 
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defines a value for k, which corresponds to the number of clusters to be searched for. If a k of 

four is selected there will be four clusters in feature space, each of which will ultimately be 

centered around one of four means, hence the algorithm being named ‘k-means’. In the first step 

of the algorithm, the means are placed randomly throughout the feature space. Each entry in the 

data set is then associated with the closest of the k means, effectively finding k clusters. 

Following this step, the centroid of each of the clusters is computed, and the mean for each 

cluster is moved to the centroid. The second step is then repeated, where each of the points in the 

data set is associated with its closest mean. Steps two and three are then repeated until the 

assignments of data points to clusters no longer change. 

 Although machine learning algorithms offer an effective means for making accurate 

predictions based on the underlying properties of data sets, each has its own strengths and 

weaknesses.(286) The k-NN algorithm, although simple and effective, is computationally 

intensive and can also be sensitive to irrelevant and redundant indices in the feature vector.(80) In 

addition, all of the example data must be stored in memory. The SVM can be used for similar 

tasks, however it uses a different approach that involves explicitly creating an optimal separating 

boundary between classes that minimizes classification error. Although the SVM can offer 

excellent performance, a limitation is that it is only applicable to classification problems where 

there are only two classes. For problems where there are multiple classes, it is necessary to 

combine multiple SVMs. The decision tree is computationally efficient once it has been prepared, 

and is highly practical for visual interpretation and subsequent use. However, decision trees can 

become quite large, requiring a process called ‘pruning’ to remove sections of the decision tree 

that do not provide significant benefit in classification. Similarly to the decision tree, the ANN 

algorithm is able to detect interactions between predictor variables,(81) yet it is a ‘black box’ 

approach prone to ‘overfitting’ the data; an undesired effect where the ANN becomes overly 
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complex and makes predictions based on observations from random error rather than the 

underlying trends in the data.(82) In order to address these properties of machine learning 

algorithms, it is common practice to use a simple ‘committee of classifiers’, where each 

algorithm performs analysis separately on each entry to be classified, and casts a vote as to the 

correct class. For example, one could use a committee of classifiers, consisting of the k-NN, 

SVM, and ANN algorithms, to predict occurrences of POAF following CABG; each algorithm 

would compute a prediction as to whether or not a new patient will develop AF during the 

recovery period. If the k-NN and SVM algorithms predicted that the patient would develop AF, 

and the ANN predicted that the patient would not, then the committee would suggest that AF will 

occur, which could guide the adoption of prophylactic measures in clinical practice. 

 A number of algorithms involving machine learning for cardiac care have been proposed 

over the past two decades. The k-NN algorithm has demonstrated potential in common tasks such 

as diagnosis of cardiac arrhythmia from ECG signals,(2) detection of MI,(1) ECG artifact 

reduction,(4) and QRS detection.(5) It has also been shown to accurately detect emotion from 

biological signals,(6) and to identify human subjects from their ECG morphology.(7) Similarly, 

the SVM algorithm has been applied to ECG diagnosis.(8-18) Investigators have also found it 

useful for monitoring of obstructive sleep apnea (OSA) (19) and detection of partial epilepsy 

from the ECG.(20) The ANN has also been widely applied to diagnosis of cardiac arrhythmia 

from the surface ECG.(21, 287-300) It has been applied to extraction of the fetal ECG,(301) 

measurement of ECG signal quality,(302) detection of a severe MI known as ‘ST-elevation 

myocardial infarction’ and hence the need for primary percutaneous coronary intervention 

(PCI),(303) QRS detection,(304) identification of individuals from their ECG in a similar manner 

to identification from their fingerprint,(305) and detection of ventricular premature 

contractions.(306) Decision trees have found applications in cardiac care, such as risk 
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stratification for patients discharged from the hospital with heart failure,(307) classification of 

steep stages from the ECG,(308) detection of biological signal artifact associated with false 

alarms in the neonatal intensive care unit (ICU),(309) detection of myocardial ischemia,(310) and 

classification of cardiac arrhythmia.(311) Decision trees developed without computer science 

methodology are of course also widely used in medicine, whether implicitly or otherwise.(312)   

 In 2011, Castillo and colleagues proposed an algorithm in Expert Systems with 

Applications entitled “Hybrid Intelligent System for Cardiac Arrhythmia Classification with 

Fuzzy k-Nearest Neighbors and Neural Networks Combined with a Fuzzy System”.(313) In this 

study, 30-minute ECG signals retrieved from the MIT-BIH arrhythmia database (314) exhibiting 

left bundle branch block (LBBB), right bundle branch block (RBBB), premature ventricular 

contraction (PVC), and fusion paced beat, and normal fusion beat were classified using a 

combination of machine learning techniques. These involved fuzzy k-nearest neighbors, ANN 

with gradient descent and momentum, and an ANN with scaled conjugate gradient. The 

algorithm then combined the outputs of the individual classifiers, ultimately achieving a 

classification rate of 98%. The algorithm begins by applying a bandpass filter to the 360-Hz ECG 

to remove noise. The P, Q, R, S, and T fiducial points are then detected, and the signals are 

divided at each R wave in order to obtain one signal segment for each heartbeat. At this point, all 

but the 70 highest and 70 lowest voltage samples recorded in each heartbeat are removed, leaving 

each with 140 samples. Each classifier, the k-NN and the two types of ANN, then analyze each 

heartbeat, and provide their results to a fuzzy inference system which combines the separate 

predictions into a single output of either LBBB, RBBB, PVC, fusion paced beat, and normal 

fusion beat.  

 Fuzzy logic is a science of applying approximate, probabilistic decisions rather than exact 

values, for instance of 0 and 1. The fuzzy k-NN algorithm used by Castillo and colleagues is 
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similar to the standard k-NN, except instead of simply assigning a class to a new sample based on 

the classes of the k-nearest neighbors, the fuzzy algorithm functions by assigning the sample an 

amount of membership to each class. For example, the unlabeled sample may have a membership 

of 0.49 to one class, 0.48 to another, and 0.03 to a third. Although in this case it is unlikely that 

the sample belongs to the third class, the user may be notified that it is a somewhat arbitrary 

decision as to whether the sample belongs to the first or second. The known examples also have a 

membership value assigned to each class, however this value is ‘1’ for the class they are 

assigned, and ‘0’ for the others. This algorithm also uses the ‘inverse distance’ modification 

described previously, in which the closest neighbors in feature space exert a greater influence 

over the class membership of the new sample. 

 Two of the three classifiers used in the manuscript by Castillo and colleagues are ANNs, 

the first of which uses a technique known as gradient descent with momentum, and the second 

uses scaled conjugate gradient. The ANN training process consists first of initializing the 

connection weights with random values, then computing the output of the ANN by propagating 

the labeled samples through the network, computing the difference between the desired output for 

each labeled sample and the output produced by the network, and adjusting the connection 

weights. This process is either repeated for a specified number of iterations, in the case of ANNs 

these are referred to as ‘epochs’, or until a minimum amount of error is achieved.  

 Although the two approaches to the ANN used by Castillo and colleagues are similar, 

they each use a different type of modification to enhance their performance. The first ANN uses a 

technique known as gradient descent with momentum (GDM). This technique adds a parameter 

known as a momentum coefficient, which is used when the connection weights are updated. 

Updates take into account previous changes that have occurred during the training process, 

ensuring that large changes are not made. The rationale is that the algorithm may be more likely 
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to converge on a minimum error rate rather than to pass over it by making a drastic change. A 

similar enhancement made to the second ANN is referred to as scaled conjugate gradient (SCG), 

which is a technique that measures the second derivative of the error surface, meaning that while 

the algorithm is searching for a minimum error during the learning process, the rate of change in 

error is controlled. 

 The classification results of the algorithm applied by Castillo and colleagues were 

compared with the expert annotations included with the ECG signals from the MIT-BIH 

database, which were made independently by two or more cardiologists. There were 25 men aged 

32-89 years and 22 women aged 23-89 years for whom the ECG signals were collected. The 

algorithm training stage was performed using 70% of the data, and the remaining 30% used was 

unlabeled testing data. Algorithm parameters were obtained by performing a leave-one-out cross 

validation on the labeled training data, and it was determined that the best performance could be 

found from using a k of 3 for the fuzzy k-NN algorithm. Similarly, it was found that the ANN 

with GDM performed best with 140 neurons in the input layer, corresponding to the length of the 

normalized heartbeats, 10,000 training cycles (epochs), a learning rate of 0.03 and momentum of 

0.05, 150 neurons in the middle ‘hidden’ layer, and 5 neurons in the output layer (one for each 

output class). For the ANN with SCG, the authors also used 140 neurons and 5 neurons in the 

input and output layers respectively, 10,000 training epochs, although it was determined that it 

would be best to have 100 neurons in the hidden layer and a learning rate of 0.001. The k-NN 

achieved 95.33% accuracy, defined as the amount of correct classifications, and the ANN with 

gradient descent and momentum and ANN with scaled conjugate gradient achieved 96.67% and 

97.33% accuracy respectively. The three classifiers provided for each heartbeat a list of 5 

membership values for each of the 5 heartbeat classes, which were passed to the Fuzzy Inference 

System (FIS) in order to combine these 15 outputs into a single prediction for each sample. The 
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FIS used 120 fuzzy rules with three trapezoid functions. When combined using the FIS, the final 

classification accuracy was 98%. 

 Although the final accuracy achieved by Castillo and colleagues is excellent, there are 

some aspects of this manuscript that may benefit from further consideration. In the abstract for 

example, signals gathered from the MIT-BIH database contained ECG data exhibiting “LBBB, 

RBBB, PVC, Fusion Paced and Normal arrhythmias, as well as the normal heartbeats”. In 

practice, the class of “Normal arrhythmias” contains a variety of different rhythms, each of which 

with different treatment regimens. A rhythm such as ST may fall into this category, a fast but 

regular rhythm that is not immediately life-threatening and may be treated effectively using 

medication such as β-blockers, or may not even require treatment.(315, 316) Another rhythm 

which may fall into the same category is ventricular fibrillation (VF), in which there is 

uncoordinated contraction of the ventricles. This rhythm is immediately life threatening and 

requires defibrillation.(317) Although the class of  “Normal arrhythmias” was mentioned in the 

abstract, I did not see it in the rest of the manuscript, leaving me unsure as to how these types of 

arrhythmias would be classified by this algorithm in practice. In addition, the class ‘normal 

fusion beat’ is not a commonly used phrase in clinical practice, the meaning of which is unclear. 

Finally, it appears as though the segmentation of ECG beats was performed manually, which 

suggests that the algorithm must also be validated on ‘real world’ data. I suspect that it is for this 

reason that only 150 heartbeats were classified in total (105 for training 45 for testing); applying 

the algorithm to more heartbeats would have been time consuming with manual segmentation. 

This series of 150 heartbeats may appear to be substantial, however in reality this is only the 

amount of heartbeats that one individual would have in approximately 2 minutes. 

 Although a number of investigators have proposed the use of machine learning techniques 

in cardiac care, these have principally been for classification of ECG recordings. This task is a 
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logical use of machine learning in cardiac care, although algorithms of this type may also be 

applied in any situation where there is a decision, classification, or prediction to be made based 

on input data. The example problem of prediction of AF during the recovery period following 

CABG using a machine learning system, which accepts demographic information as well as 

biological signals, has been mentioned previously. This type of binary classification algorithm 

may be extended to many other applications. Doing so may be beneficial both to healthcare 

professionals, in terms of gaining advanced tools capable of automatically providing additional 

insight into patient status and prognosis, as well as national healthcare systems in terms of 

increased efficiency. New applications for machine learning may be found in automated 

diagnosis of cardiovascular disease based on a variety of clinical indices such as age, blood 

pressure, heart rate, comorbidities, advanced perioperative monitoring of vital signals, and 

monitoring of inpatients at risk for adverse outcomes. Machine learning techniques could also be 

used for risk stratification, perhaps for patients being considered for invasive procedures and for 

implantable devices in cases where it is unclear as to whether or not the proposed intervention 

will be beneficial.  

 A natural application for machine learning in cardiac care is for the classification of 

patient populations. An important example described previously is the classification of patients 

who are, and who are not, at risk for SCD, and therefore, who may or may not benefit from 

implantation of an ICD. A machine learning algorithm may be implemented by gathering a 

collection of predictive indices associated with SCD, such as HRV,(195) age,(318) and 

LVEF,(212) and by making an accurate and objective decision based on their values for each 

patient. An additional area in which machine learning algorithms may be beneficial to routine 

clinical care is in decision support. Although to the algorithms this task is fundamentally the 

same as the classification of patient populations, there are many instances where healthcare 
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professionals may appreciate a tool for real time guidance. An example is the task of ventilator 

weaning; the process known as ‘extubation’ by which a critically ill patient reliant on mechanical 

ventilation for respiration is gradually removed as they recover in an intensive care unit.(319, 

320) Careful timing is required for weaning considering that continuing longer than necessary is 

associated with conditions such as pneumonia,(321) and alveolar damage.(322) Resources must 

also be considered; there is a large cost associated with treating patients in the intensive care 

unit,(323) and the number of patients requiring intensive care may outnumber the space available. 

A machine learning algorithm may monitor indices over time such as hemoglobin level, 

electrolyte levels, and body temperature,(324) and may also consider the ECG (325) and CO2 

(326) signals in order to assist the healthcare team by predicting appropriate times to begin, to 

continue, and to abort ventilator weaning. There are many other applications for machine learning 

in cardiac care, although perhaps less conventional. For example, optical hand gesture 

recognition technologies may be beneficial to electrophysiologists during procedures in order to 

manipulate the 3D anatomical model of the heart displayed on the computer monitor beside the 

operating table without a traditional input device such as a computer mouse or game 

controller.(327, 328) Other emerging technologies and algorithms may be applied to cardiac care, 

such as graphics processing unit algorithms for the computation of highly detailed digital models 

of the heart,(329) parallel algorithms for rapid analysis of coronary plaque from intravascular 

ultrasound,(330) wireless sensor networks for monitoring of biological signals from home,(331) 

video analysis algorithms for measuring heart rate,(332) and 3D printing of models for teaching 

and for planning of catheter-based interventions.(333) 

Although it has been little over 100 years since Einthoven presented the first practical 

ECG recording device, the science of clinical cardiac electrophysiology is now at the forefront of 

medical innovation. This is largely due to advances in clinical practice; however the treatment of 
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patients with cardiovascular disorders would be nowhere near as advanced if it were not for 

technological contributions from the field of computer science. Despite the remarkable 

algorithms and medical devices described previously, there remains a need for further 

investigation into new solutions that may provide further assistance to the healthcare 

professionals responsible for patients with cardiovascular disorders. By incorporating advanced 

computer science techniques into diagnosis of and risk stratification for adverse events, especially 

in the case of implantable devices which are required to perform these actions autonomously, it 

stands to reason that efficient solutions may be provided for a number of the important problems 

facing the field of clinical cardiac electrophysiology today.  

A practical clinical decision support algorithm for prediction of POAF following CABG 

has yet to be described. I therefore built on previous research in the fields of cardiovascular 

medicine and computer science by prospectively gathering independent predictors reported by 

other investigators for patients undergoing CABG, and by applying techniques from the field of 

scientific computing in order to prepare an algorithm appropriate for use in routine clinical care. I 

determined which predictors provide the greatest insight into the likelihood of POAF, and 

evaluated the accuracy of this algorithm.  

 

2.4 Prediction of POAF following CABG 

 

Despite the prevalence of digital signal processing algorithms in cardiac care, few techniques 

make use of advanced computer science methodology. A number of well-established machine 

learning techniques, such as the k-NN, the SVM, and the ANN, may provide significant benefit. 

An example of an open problem suitable for algorithms such as these is the prediction of 
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sustained POAF following CABG. By applying machine learning techniques to classify patients 

undergoing CABG as to whether or not they will develop POAF based on multifactorial indices 

that have demonstrated correlation with its occurrence, such as advanced age,(63) 

hypertension,(63) resting heart rate of greater than 100 beats per minute,(29) presence of chronic 

heart failure,(63) male gender,(29) obesity,(64) smoking,(44) intra-atrial conduction delay,(25) 

long SAPW,(65) P-wave dispersion,(66) increased atrial ectopy,(334) variations in autonomic 

tone,(67) and low HRV,(29) cardiovascular specialists may be able to implement systematic 

targeting of effective prophylactic measures in high-risk patients. These could include 

administration of polyunsaturated fatty acids,(42) warfarin,(68) statins,(69) β-blockers,(70) 

magnesium infusion,(335) amiodarone,(71) anti-inflammatory medications,(72) and 

intraoperative PVI.(32) Algorithms such as these are equally applicable to classification of 

patients based on their clinical indices as they are to classification of heart rhythms based on 

ECG signal morphology.(296, 336) 

The problem of predicting the onset of sustained postoperative AF in patients undergoing 

CABG remains open. Investigators have reported many clinical indices currently associated with 

postoperative AF following CABG. Contemporary machine learning techniques are well suited to 

recognizing underlying trends in labeled training data, and to using the results to classify new 

testing data. I have applied a clinical decision support algorithm capable of analyzing relevant 

clinical data from patients undergoing CABG in order to provide physicians with objective and 

non-invasive insights into the likelihood of sustained postoperative AF so that patient morbidity 

and mortality, as well as healthcare costs, can be reduced by targeting appropriate preventative 

therapies. Ideally this technique could be applied to predict cases of POAF similarly to the way 

the CHA2DS2-VASc score is used to estimate risk for stroke in patients with non-rheumatic 

AF.(53, 337) 
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As has been described, investigators have reported a great number of clinical indices 

associated with sustained postoperative AF in patients undergoing CABG. Some of these indices, 

such as age and gender, can be obtained simply from the referral documents or during a 

preoperative clinic visit. Others, such as HRV measures and SAPW duration, must be calculated 

from short-term pre-operative biological signals; in these two cases, from the ECG. I applied an 

algorithm that accepts clinical indices from new patients immediately prior to CABG. These 

indices are placed into a feature vector, in which each entry corresponds to a clinical index that 

has been correlated with onset of AF following CABG. This algorithm then uses machine 

learning techniques to predict whether or not a patient will develop sustained postoperative AF 

based on similarities and differences between their feature vector and others from patients that 

have been observed previously. Although many clinical indices exhibit strong correlation with 

the presence or absence of postoperative AF, and therefore could conceivably be used 

individually as independent predictors of its onset, the algorithm I use combines multiple indices 

into one system robust to uncertain cases where some indices suggest that the patient will 

develop AF while others do not. This approach is fundamentally similar to using BLR alone, in 

that multiple predictive indices are used to achieve a binary outcome, however I have applied 

contemporary computer science methodology in an attempt to provide better performance. 

The algorithm is composed of a number of separate approaches to classification, 

including BLR,(338) k-NN,(339) SVM,(340) ANN,(341) and the decision tree.(342) Each of 

these techniques utilizes a unique approach to perform the same task, and each exhibits strengths 

and weaknesses when compared to the others. These techniques have been applied successfully 

in engineering,(343) finance,(344) medicine,(345) and in other fields. Descriptive statistics were 

first performed to determine which predictive indices would be most effective in determining 

which patients would develop POAF. When I began applying of the algorithm, it was presented 
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with training data consisting of labeled examples, in this case the feature vectors of patients who 

underwent CABG during my research, for whom the presence or absence of sustained 

postoperative AF was determined. The algorithm found the subtle properties of these labeled 

training examples that best separate patients who develop postoperative AF from those who do 

not, and learned decision rules that weigh certain indices based on their relative importance in 

this task with respect to others. Once this training was complete, the algorithm was ready to 

examine new unlabeled cases. Each machine learning technique independently analyzes new 

feature vectors collected from unseen patients prior to CABG, and then casts a vote as to whether 

or not they believe postoperative POAF will manifest. The algorithm counts the votes made by 

this committee of classifiers in order to obtain a majority opinion, and delivers a simple ‘yes’ or 

‘no’ answer to a healthcare professional. 

In summary, I applied a clinical decision support algorithm capable of providing 

healthcare professionals with insights into whether or not patients undergoing CABG will 

develop sustained postoperative AF. I built on previous research in this area by gathering 

independent predictors reported by other investigators and applied techniques from the field of 

scientific computing in order to prepare an algorithm, appropriate for use in routine clinical care, 

that may be applied to all patients. I predict that by enabling timely and effective clinical 

decisions, the proposed algorithm may significantly reduce patient morbidity and mortality 

through the targeting of appropriate preventative therapies, and may accomplish considerable 

cost savings for the Canadian healthcare system by reducing the amount of time patients need to 

be monitored. 
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Chapter 3 

Methods 

 

By performing this research, I aimed to build on results reported by other investigators by 

prospectively gathering independent predictors of POAF, and applying techniques from the field 

of scientific computing in order to prepare an innovative algorithm appropriate for use in routine 

clinical care. I hypothesized that I would be able to predict cases of POAF, thereby improving 

patient outcomes and accomplishing considerable cost savings. In order to test this hypothesis, I 

carried out the following methodology: 

1. On March 24, 2011 I obtained Departmental Assistant status at KGH. This gave me 

permission to perform research at the hospital, and ensured that all of my immunizations 

were up to date. 

2. I obtained permission on November 10 2011 from the Queen’s Department of Medicine 

to perform this research. 

3. On January 4, 2012 I obtained approval from the Queen’s Health Sciences Research 

Ethics Board in order to propose consent to patients undergoing CABG at KGH. 
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4. On April 16 2012, March 13, 2012, and June 21, 2012, I obtained permission from the 

three surgeons at KGH to approach their patients for participation in my research.  

5. Between March 28 2012 and April 29 2013, I obtained prospective informed consent 

from patients scheduled for CABG at KGH. Although there were generally between 4 and 

12 patients undergoing CABG per week during this time, with first cases admitted at 0630 

and second cases admitted at 1000, it was not feasible to approach all patients. All 

patients undergoing CABG were considered eligible for the study, with the exception of 

patients who were unwilling or unable to provide informed consent. Following further 

discussion I subsequently excluded patients who received an intervention that would 

affect their risk for POAF from preoperative levels considering that this would confound 

the predictions. These interventions were limited to administration of postoperative 

amiodarone or perioperative AF ablation. Prospective exclusion of these patients was not 

possible considering that these interventions were not always planned preoperatively, and 

were administered as required. Although there is a 3-month blanking period associated 

with AF ablation in order to ensure lesion maturation, which perhaps limited the acute 

benefits of the intraoperative ablations, this required further investigation and was outside 

the scope of my research. In patients with POAF, I only made an exclusion for 

amiodarone administration if it was given prior to POAF onset. Patients were also 

excluded if they had a CIED, a history of AF, or did not receive CABG. 

6. Patients were approached for consent approximately 1 hour prior to entering the operating 

room. I met patients either at the KGH Same-Day Admission Centre (SDAC) if they were 

admitted to the hospital on the day of surgery, or in their hospital room if they were 

admitted in the days prior to surgery. I explained the study protocol to each patient in a 

quiet and private setting, gave them ample time to read over the informed consent, and 
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addressed and answered all questions to their satisfaction prior to signing the informed 

consent. The informed consent was obtained freely and voluntarily from all participants. 

No study procedure was done prior to consent, and a copy of the informed consent was 

given to all patients on the same day. I anticipated a low rejection rate of approximately 

5% considering that this research is anonymous, has no in-person follow-up, and requires 

relatively little from the patient. The number of patients who refused to participate in the 

research study or who were unable to provide informed consent were documented. 

7. In cases where I was able to obtain informed consent from patients, a 10-minute high-

resolution ECG in the three orthogonal lead configuration was obtained immediately with 

the patient supine on a hospital bed. Latex-free Ag-AgCl electrodes were used with a 

SpiderView Holter monitor (ELA Medical, Montrouge, FR). As per standard practice, the 

skin surface was prepared using shaving razors, abrasive ECG tape, and alcohol pads as 

appropriate. Patients were instructed to rest normally and avoid speaking during this time 

in order to minimize signal artifact. There were no further interventions associated with 

the study. Using this ECG, I calculated resting heart rate prior to surgery, this being a 

predictor of POAF.(29) This was accomplished using the THEW ISHNE software 

function to import the ECG files into MATLAB,(346) and using the Myoelectric Control 

Development Toolbox for MATLAB for R-wave detection.(347) I performed HRV, 

SAQRS, and SAPW analysis in accordance with guidelines for standardization.(140, 348) 

Frequency-domain HRV analysis was performed with HRVAS and validated using 

Kubios.(349, 350) I performed SAPW and SAQRS analysis using the P Wave Averaging 

MFC Application by Stafford and Hallier.(348) 

8. Patients underwent CABG by one of three surgeons following angiography. The morning 

of surgery, patients had taken their usual medications, with the exception of 
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anticoagulants, angiotensin converting-enzyme (ACE) inhibitors, oral hypoglycemics, and 

herbal medications, which were all held preoperatively. All patients underwent general 

anesthesia with endotracheal intubation and arterial and central venous pressure 

monitoring.  At KGH pulmonary artery catheters are rarely used for routine cases, 

although I documented procedures for which they were necessary. Conduit arteries and 

veins were harvested, with radial arteries harvested in an open fashion, veins via a 

minimally invasive approach, and internal thoracic arteries via a median sternotomy. 

Cardiopulmonary bypass was established utilizing direct cannulation of the ascending 

aorta and a single two-stage venous cannula via the RA. All CABG surgeries were 

performed on the arrested heart under a single aortic cross-clamp.  Following cross-clamp 

removal pacing wires were placed. Pacing wires were typically configured with two in the 

RA and two in the RV, although a subset of patients received only RV pacing wires 

depending on the operator’s judgment. External pacing was performed as required, based 

on patient need and operator judgment. Following surgery the patients were transferred 

from the operating room to a dedicated cardiac intensive care unit (CSU).  

9. Post-operative care, while relatively standardized for routine post-operative patients, was 

left to the judgment of the CSU attending and attending cardiac surgeon. At the time of 

CSU admission, patients typically received one 50-100 mg dose and four 25 mg hourly 

doses of protamine, magnesium sulphate (2000 mg) in 100 mL of IV fluid over 2 hours, 

enteric-coated acetylsalicylic acid (81 mg) 6 hours post extubation, acetaminophen (1300 

mg), ondansetron (4 mg), cefazolin (1000 mg) or vancomycin (1000 mg), doses of 

morphine as needed (1-2.5 mg) or hydromorphone (1-4 mg), nitroglycerin or labetalol (5-

10 mg), and a titrated infusion of propofol. All patients were placed on β-blocker therapy 

during the postoperative recovery period.  
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10. Patients were monitored on telemetry continuously by specialized staff for at least 96 

hours postoperatively, and all clinically relevant information, including any occurrence of 

AF, was documented in the patients’ charts. In cases where POAF was suspected 

following the removal of telemetry, the patient underwent a 12-lead ECG. Following 

hospital discharge, research data was obtained remotely from the patients’ charts using the 

KGH QuadraMed System. No additional judgment was made when collecting patient 

demographics; I recorded all indices as noted in the chart. To illustrate this important 

point, one may consider a patient with an LVEF < 40% likely to have CHF,(351) however 

if I saw an LVEF below this level and the patient was not noted to have CHF I indicated 

in the demographic indices that they did not have CHF. A similar protocol was followed 

for categorical indices such as presence of valvular disease and diabetes. All patient data 

was stored on a secure hard drive, and all enrolment documentation was locked in a 

secure office for long-term storage as per hospital policy.  

11. During the chart review process, the following indices were gathered: 

a. Patient demographic indices: 

i. ID number. 

ii. Date of birth. Age in days at time of CABG was calculated for statistical 

analysis. 

iii. Gender. 

iv. Weight in kilograms, height in centimeters, and BMI calculated as (weight 

in kg)/((height in cm)/100)^2). 

v. Pre-procedure blood pressure (SBP and diastolic blood pressure (DBP) in 

mmHg, measured in both arms). In the event of a difference between blood 

pressure in the left arm and blood pressure in the right arm, the higher of 
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the two was used considering that the lower pressure may be due to 

peripheral vascular disease. Analysis will be performed on the mean 

arterial pressure (MAP), which is estimated by combining DP and SP: 

MAP ≈ DBP + (SBP – DBP)/3. 

vi. Preoperative echocardiogram parameters: 

1. Date of echocardiogram. 

2. LA diameter in millimeters. 

3. LA volume and RA volume in milliliters per square meter. 

4. Left ventricular end-diastolic volume (LVEDV) and left ventricular 

end-systolic volume (LVESV) in milliliters per square meter. 

5. LVEF using Simpson’s rule. 

vii. Relevant comorbidities (history of AF, lipid disorders, hypertension, 

diabetes, thyroid disorders, heart failure, history of cardiac arrhythmia, 

smoking history, chronic obstructive pulmonary disease (COPD), valvular 

heart disease, OSA, MI, cerebrovascular accident (CVA) or transient 

ischemic attack (TIA), smoking, and alcohol and/or substance abuse). 

viii. Biological markers from blood samples: 

1. Troponin, a complex of regulatory proteins that can be used to 

diagnose myocardial infarction or death of heart cells. 

2. Creatine kinase (CK), a second useful marker of myocardial 

infarction. 

3. WCC, a measure associated with inflammatory response to disease. 

ix. Number of stents (if any). 

x. Date and type of previous cardiac surgery. 
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xi. CIED type, configuration, and mode of operation.  

xii. Medication list, with emphasis placed on documenting use of β-blockers, 

statins, anti-arrhythmics, and calcium (Ca) channel blocking agents. 

b. Operative indices: 

i. ID of the surgeon performing CABG. 

ii. Date and time of CABG. 

iii. Number of bypass grafts, location where each was harvested from, and 

location to which each was grafted. 

iv. Details of other procedures performed along with CABG, such as valve 

replacements and PVIs. Considering that mitral valve replacement is 

associated with extensive atrial damage, this could be an especially 

important risk factor for POAF. 

v. Duration in minutes of cross clamp and duration of cardiopulmonary 

bypass. Cases were ‘on-pump’ bypass was performed were given a cross 

clamp and bypass durations of 0 minutes. We hypothesized that off-pump 

bypass would be associated with less POAF than on-pump bypass. 

vi. Duration of post-procedure pacing in minutes. If the patient had a CIED 

that was activated for pacing following the standard postoperative pacing 

period, this was counted as continued postoperative pacing. Some patients 

were not paced following CABG, and were therefore marked as having 

been paced for 0 minutes. 

c. Inpatient indices: 

i. Medication type, time of administration, and amount administered pre-, 

peri-, and post-operatively. 
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ii. Any in-hospital occurrences of cardiac arrhythmia during the postoperative 

recovery period. If the patient exhibits cardiac arrhythmia, the type, 

duration in minutes, and time of occurrence was documented. 

iii. Discharge date. Length of post-operative recovery period in minutes was 

calculated for statistics. 

d. Pre-procedure ECG indices: 

i. Date and time of 10-minute pre-procedure ECG recording. 

ii. I analyzed the 10-minute ECG signal in order to obtain baseline heart rate 

in beats per minute.(346, 347) 

12. Statistical analysis was performed using MATLAB (2012a, The MathWorks, Nantick, 

Massachusetts USA) to compare the two groups; patients with POAF sustained for more 

than 30 seconds at any time after CABG and before hospital discharge were placed in the 

POAF group, and all other patients were placed in the NOAF group. I installed several 

MATLAB toolboxes for this research, including Bioinformatics (v4.1),(352) Neural 

Network (v7.0.3),(353) Optimization (6.2),(354) Signal Processing (v6.17),(355) and 

Statistics (v8.0),(356) and Symbolic Math (v5.8).(357) 

a. A priori sample size calculations were not undertaken, as this is an observational 

study that does not involve a specific intervention or effect size.  Rather, I set out 

to enrol a convenience sample of 200 patients over a year period. A sample size of 

50 is commonly considered a guideline as the minimum number of patients 

required for testing associations or drawing inferences.(358) Therefore, the current 

sample size of four times this amount was believed to be sufficient to support the 

use of inferential statistics. 
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b. Data was initially analyzed descriptively, including means and standard deviations 

for continuous data, and frequencies and percentages for categorical data. If data 

was not normally distributed according to an Anderson-Darling  (AD) test (P < 

0.05), the median and interquartile range were reported rather than mean and 

standard deviation. The underlying distribution for the continuous data was 

assessed. 

c. Each continuous (non-categorical) index was tested for normality, skewness, and 

kurtosis. 

d. Continuous variables for patients from the POAF group were compared to those of 

patients from the NOAF group using unpaired T-tests when data was normally 

distributed, and Mann-Whitney U tests when it was not. Categorical variables 

from POAF were compared to those of NOAF using Pearson’s chi square 

tests,(359) or Fisher’s exact tests if there were less than 5 patients in any test 

cell.(360) Indices for which less than 5% of the population was affected, such as 

relatively uncommon comorbidities in the CABG population, were avoided. 

e. A multivariate BLR model was generated. This included all variables that 

exhibited an association with POAF (P < 0.1). I reduced the dimensionality of the 

data set in this way considering that I measured many variables, some of which 

may not be useful predictors of POAF and may confound the predictions. Prior to 

this, associations between the independent variables were examined for colinearity 

using correlation analysis. In the event of significant colinearity, a decision to 

include or exclude a variable from the model was based both on the strength of the 

association with POAF and basic clinical judgement. If two variables were 

significantly correlated, only one was included in the BLR.  
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13. I applied the clinical decision support algorithm using MATLAB. 

a. I applied leave-one-out cross validation for all classifiers. 

b. For dimensionality reduction, I determined which variables reached statistical 

significance (P < 0.05) for prediction of POAF using BLR, and then used a second 

BLR model using only these variables. In contrast to the first BLR, the second 

BLR was prepared with leave-one-out cross validation. The same feature set was 

used for the other components of the clinical decision support algorithm. In the 

first case, the BLR was applied as a statistical measure, and in the second case 

BLR was applied as a classifier.  

c. To minimize bias, I scaled all continuous variables in the feature vector to 0 mean 

and unit variance. 

d. I prepared a k-NN classifier by experimenting with the following attributes using 

the labeled training data. 

i. The number of nearest neighbors, k. 

ii. The method for making predictions when there is a tie in the number of 

nearest neighbors. Ties were possible when the value of k were even. 

iii. The distance metric and weighting. 

e. I prepared an SVM classifier by experimenting with the following attributes using 

the labeled training data. 

i. Kernel function. The choice of kernel function depended on the 

distribution of the data. Initial testing was performed using a linear 

classifier. Polynomial and radial basis function kernels were also 

evaluated. 
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ii. The method used for finding the separating boundary. I started by applying 

the popular sequential minimal optimization (SMO) approach invented in 

1998 by John Platt, which breaks the quadratic programming (QP) 

optimization problem of the SVM into a series of smallest possible QP 

problems that may be solved analytically, greatly decreasing the 

computational requirements of the SVM algorithm.(361) However, I also 

experimented with the least squares SVM (LS-SVM) proposed by Suykens 

and Vandewalle in 1999, which finds the separating boundary by solving a 

set of linear equations rather than a QP problem.(362) 

f. I prepared a supervised feedforward ANN classifier by experimenting with the 

following parameters using the labeled training data. 

i. Network architecture. I began by following the notion that three layers, 

with one input, one hidden, and one output layer is sufficient for 

approximating any continuous function, and therefore was likely an 

appropriate starting point for the data set. The number of neurons in the 

hidden layer was proportional to the number of neurons in the input layer, 

but was also tested empirically. I aimed to find a minimal number of 

neurons in the hidden layer sufficient to model the data so as to avoid 

overfitting. 

ii. Learning function and stopping criterion. I experimented with learning 

functions such as gradient descent, and stopping criteria such as number of 

iterations and mean squared error. 
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g. I prepared a decision tree classifier by experimenting with approaches for finding 

the best split on predictors, such as the Gini index and entropy estimation. I 

pruned the tree to gauge the effect on performance. 

h. I combined the classifiers into a voting committee, where each of the five 

classifiers (BLR, k-NN, SVM, ANN, and decision tree) performs a classification 

of each patient and casts a vote as to their predicted outcome (POAF or NOAF). I 

removed classifiers from the committee if they were not beneficial to the 

performance of the committee. 

14. Evaluation 

a. I calculated Se, Sp, PPV, NPV, and C-statistic for POAF prediction for the final 

BLR model, for all components of the clinical decision support algorithm, and for 

the final committee of classifiers. Performance was on the unseen, unlabeled 

testing data. I performed leave-one-out cross validation in order to evaluate the 

ability of the algorithm to generalize. For a data set with n patients, leave-one-out 

cross validation would involve training the algorithm n times, each time training 

on n-1 patients and testing on 1 patient. The 1 patient for testing rotates through 

the entire data set, meaning that no patient acts as the ‘test’ patient twice; and all 

of the data set is tested in turn. 
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Chapter 4 

Results and Discussion 

 

Informed consent was obtained from 200 CABG recipients at KGH between March 2012 and 

April 2013. There were no exclusion criteria for enrolment; all patients attending for elective 

CABG were eligible for participation if they were able to provide informed consent. The clinical 

indices gathered from these patients are presented Appendix 1. There were 26 patients unable to 

provide informed consent (rejection rate of 11.5%). It was observed that patients’ reading glasses 

were stored prior to surgery in accordance with KGH protocol, leaving them unable to read, and 

therefore unable to provide informed consent to my study. It is considered ethical for a patient’s 

family member to read the consent form to the patient in such cases, with the patient ultimately 

making the decision whether or not to consent, but this was not always feasible due to patients 

often being alone prior to surgery. I excluded 27 of 200 patients either due to postoperative 

administration of amiodarone (n = 21), intraoperative AF ablation (n = 5), or both (n = 1). I then 

excluded patients with a history of AF (n = 8), patients with a CIED (n = 2), and 3 patients with 

no CABG (valve replacement only) (Table 4.1). There was some overlap, as all 5 patients with an 

intraoperative AF ablation also had a history of AF. However, there were 40 patients excluded in 
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total. In patients with POAF, I only made the exclusion if amiodarone was given prior to POAF 

onset. The rationale for this decision is that the aim was to provide a preoperative prediction as to 

whether or not the patient will have POAF. If the patient’s risk was diminished by administration 

of amiodarone during or shortly after the CABG for reasons other than AF, this could render the 

preoperative prediction invalid; a patient at high risk for POAF would likely become a patient at 

low risk for POAF, perhaps no longer requiring POAF prophylaxis. Retrospective consultation 

with the operators revealed that patients who received postoperative amiodarone may have been 

at risk for VT or VF in addition to AF. It is also conceivable that some patients exhibited 

undocumented AF in the operating room (OR), and had their AF resolved by amiodarone prior to 

CSU admission. In any case, postoperative use of amiodarone was not part of the predictive 

model, as I chose to predict cases of POAF based on data known prior to CABG.  

 

Table 4.1: Exclusion criteria for the study. 
 

 

It was determined that 106 of the 160 remaining patients did not develop POAF (66%), 

and that 54 patients did develop POAF (34%). I classified the POAF group as having POAF, 

meaning that if they exhibited other arrhythmias such as AFL, AT, VT, VF, or SVT, and did not 

exhibit AF, they were still placed in the NOAF group. This was in order to accurately target 

POAF specifically, and not all arrhythmias, which may represent different disease processes.  

In patients with POAF, the rhythm generally either resolved spontaneously, with a β-

blocker such as sotalol, or by resuming postoperative pacing. I defined statistical significance at P 

Exclusion Criterion Total Patients Excluded 
Intraoperative AF Ablation  

40 (20%) 
 

Postoperative Amiodarone Prior to POAF  
Prior AF History 
CIED with Permanent Pacing 
No CABG (Valve Replacement Only)  
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< 0.05, and a statistical trend at P < 0.1. The morning of surgery, patients had taken their usual 

medications, with the exception of anticoagulants, ACE inhibitors, oral hypoglycemics, and 

herbal medications, which were all held preoperatively. During the operation five patients had a 

pulmonary artery catheter, which is used to measure blood pressure in the RA, RV, and 

pulmonary artery. No patients underwent CABG ‘off-pump’, meaning that the operation would 

be performed with the heart beating and without a cardiopulmonary bypass machine. All patients 

received β-blocker therapy postoperatively. I speculate that systematic amiodarone 

administration, especially prior to CABG,(71) may merit further investigation due to its 

demonstrated efficacy in the general population.(363) When performing the ECG analysis, I 

rejected 19 recordings due to sustained rhythms other than NSR exhibited during the ECG, 

continuous pacing, or due to device errors in recording the ECG considering that these would 

confound HRV and SAPW results. In cases where the ECG was rejected, the patient was still 

included in the study. 

 I began the statistical analysis by calculating the mean and standard deviation for all 

continuous variables, and percentages for categorical variables (Appendix 1). I performed AD 

tests for all continuous variables to check for normality.(364) In cases where indices were not 

normally distributed I reported the median and interquartile range as opposed to mean and 

standard deviation. These results are presented in Appendix 1. 

 Following the AD tests, I calculated skewness and kurtosis for all continuous variables. I 

calculated the sample skewness, which is a measure of asymmetry of the data around the mean. 

In cases where skewness was negative the data were spread below the mean, and in cases where 

skewness was positive the data were spread above the mean. I obtained a skewness for each 

continuous variable using Equation 4.1, where µ is the mean of x, σ is the standard deviation of x, 

and E(t) represents the expected value of the quantity t.(365) These results are presented in 
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Appendix 1. I then calculated the sample kurtosis for all continuous variables, this being a 

measure of how prone variables are to outliers. The kurtosis of the standard normal distribution is 

3, distributions that are more outlier-prone have a kurtosis greater than 3, and distributions that 

are less outlier-prone have a kurtosis of less than 3. I obtained kurtosis values for all continuous 

variables using Equation 4.2, where µ is the mean of x, σ is the standard deviation of x, and E(t) 

represents the expected value of the quantity t.(366) 

 

s = E(x −µ)
3

σ 3  

Equation 4.1: The equation used in calculating skewness for continuous variables.(365)  

 

k = E(x −µ)
4

σ 4  

Equation 4.2: The equation used in calculating kurtosis for continuous variables.(366)  

 

 I continued the statistical analysis by performing T-tests (TT) and Wilcoxon Rank Sum 

(WRS) tests to compare each continuous index between POAF and NOAF groups. Unpaired T-

tests were used if continuous indices were normally distributed, and WRS tests were applied 

otherwise. The WRS test is equivalent to a Mann-Whitney U-test.(367)  

The last step of the descriptive statistical analysis was to compare categorical variables 

from the POAF group to those in the NOAF group using Pearson’s Chi Square (PCS) tests,(359) 

or Fisher’s Exact (FE) tests if there were less than 5 patients in any test cell.(360) An example of 

the data input to tests such as these may be found in the ‘CHF’ index from Appendix 1, which is 

presented in Table 4.2. In this case, I applied a PCS test because there were at least 5 patients in 
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each test cell. Had there been any test cells with less than 5 patients, I would have applied an FE 

test instead of a PCS test. 

 

Table 4.2: Table subjected to a categorical FE test to compare incidence of POAF among patients 
who did, and who did not, have a history of AF prior to CABG. 

 No CHF CHF Row Total 
NOAF 101 5 106 
POAF 47 7 54 
Column Total 148 12 160 

 

I observed several statistically significant differences between POAF and NOAF groups 

(P < 0.05), as well as some statistical trends (P < 0.1). Patients in NOAF had a significantly 

shorter recovery period between leaving the OR and being discharged from the hospital (4d 4h ± 

1d 4h vs 8d 9h ± 2d 17h, P < 0.01, WRS). Patients with POAF were significantly older at the 

time of CABG, compared to patients in NOAF (63 years ± 10 years vs 68 years ± 9 years, P < 

0.01, TT).  Patients in the NOAF group had a significantly smaller LA volume (27 mL/m2 ± 11.5 

mL/m2 vs 34 mL/m2 ± 15.5 mL/m2, P = 0.02, WRS). There were significantly more patients in 

the POAF group with documented history of valvular disease (8 (8%) vs 12 (22%), P<0.01, 

PCS). Patients in the NOAF group had a significantly higher WCC (8.1x103/µL ± 2.9x103/µL vs 

6.75x103/µL ± 2.3x103/µL, P < 0.01, WRS). There was a trend toward patients in the POAF 

group having CHF (7 (13%) vs 5 (5%), P = 0.06, PCS). There was a trend toward patients with 

POAF to have an AVR during their operation (7 (13%) vs 5 (5%), P = 0.06, PCS). I also found 

several differences between groups during the ECG analysis. There was a trend toward patients 

with POAF having a shorted SAQRS duration (125 ms ± 16 ms vs 116 ms ± 25.50 ms, P = 0.05, 

WRS) and a higher RMS20 (7.33 ms ± 11.71 ms vs 4.83 ms ± 8.10 ms, P = 0.08, WRS). Patients 

with POAF had significantly higher RMS30 (16.73 ms ± 25.25 ms vs 9.24 ms ± 16.82 ms, P = 

0.03, WRS), and significantly lower frequency power in the 30-150Hz and 40-150Hz frequency 
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bands (2,425 KµV2.sec ± 2,221 KµV2.sec vs 3,478 KµV2.sec ± 3,513 KµV2.sec, P = 0.02, WRS, 

827 KµV2.sec ± 927.25 KµV2.sec vs 1,068 KµV2.sec ± 1,203 KµV2.sec, P = 0.03, WRS). There 

were trends toward patients with POAF having lower frequency power in the 20-150Hz, 60-

150Hz, and 80-150Hz bands (7,113 KµV2.sec ± 5,732 KµV2.sec vs 9,260 KµV2.sec ± 7,319 

KµV2.sec, P = 0.07, WRS, 240 KµV2.sec ± 316.5 KµV2.sec vs 280 KµV2.sec ± 435.5 KµV2.sec, 

P = 0.05, WRS, and WRS, 102 KµV2.sec ± 167 KµV2.sec vs 146 KµV2.sec ± 235 KµV2.sec, P = 

0.08, WRS). 

Prior to proceeding with approaches to classification of patients into the POAF or NOAF 

groups, I assessed correlation between variables. This was carried out in order to determine 

whether certain variables could be excluded in the predictive models; I felt if two variables were 

significantly correlated (P < 0.05), I could consider excluding one of the two for the purposes of 

dimensionality reduction.(368) I selected variables for correlation analysis if they exhibited a 

statistically significant (P < 0.05) or trending (P < 0.1) difference between groups. However, 

some variables were included or excluded based on practicality and speculation on their utility in 

further enrolment. For example, the ECG measures were excluded from predictive models 

considering that they did not appear to show consistent results and exhibited large interquartile 

ranges among patients in the same groups.  

My null hypothesis was of no correlation between variables, with the alternative 

hypothesis of correlation. I obtained a matrix R of correlation coefficients (Table 4.2) using 

Equation 4.3, where C is the covariance matrix.(368) I found significant correlations for presence 

of valvular disease, number of bypass grafts, age, LA volume, RA volume, history AF, AVR, 

CIED use, CHF, CK, WCC, and duration of postoperative pacing (Tables 4.2-4.4). In cases 

where I obtained a positive correlation coefficient, the variables increase and decrease together. 

In cases where I obtained a negative correlation coefficient, one variable increases while the other 



CHAPTER 4. RESULTS AND DISCUSSION     73 

!

decreases, and vise versa. Correlation coefficients higher in number represent stronger correlation 

between variables. 

 

                                  

R(i, j) = C(i, j)
C(i, j)C( j, j)  

Equation 4.3: The equation used to obtain the correlation matrix, where C represents the 
covariance matrix.(368) 

 
Table 4.3: The correlation coefficients. 

 Age Valve Disease CHF AVR WCC 
Age 1.00 0.26 0.11 0.31 -0.20 
Valve Disease 0.26 1.00 0.32 0.75 -0.07 
CHF 0.11 0.32 1.00 0.19 0 
AVR 0.31 0.75 0.19 1.00 -0.09 
WCC -0.20 -0.07 0 -0.09 1.00 

 
Table 4.4: P-values for the correlation matrix. Significant correlations (P < 0.05) are in bold. 

 Age Valve Disease CHF AVR WCC 
Age 1.00 <0.01 0.17 <0.01 0.01 
Valve Disease <0.01 1.00 <0.01 <0.01 0.35 
CHF 0.17 <0.01 1.00 0.02 0.96 
AVR <0.01 <0.01 0.02 1.00 0.24 
WCC 0.01 0.35 0.96 0.24 1.00 

 
 

Table 4.5: A summary of significant correlations for each variable, ranked in order of number of 
correlations. Positive correlations are in green, and negative correlations are in red. 

Age Valve Disease AVR WCC 
Valve Disease Age CHF AVR 
AVR Age Valve Disease CHF 
CHF Valve Disease AVR  
WCC Age   

 

 Many of the trends reported in this chapter were expected; the aim of this research was to 

build on the results of previous investigators by improving the prediction of POAF using 

independent predictors reported in the literature. Increased duration of hospital recovery period in 

patients with POAF has been demonstrated by Zaman,(65) Maisel,(369) and Aranki,(29) among 

others. The association between advanced age and POAF has been reported by Mathew,(370) 
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Villareal,(68) and Crosby.(74) Osranek described LA volume as a predictor of POAF.(371) 

Increased incidence of POAF in patients with CHF, and in patients with a history of AF, was 

reported by Mathew.(370) There is less data on the incidence of POAF in patients with valvular 

disease, principally because patients undergoing valve replacements along with CABG are in 

some cases excluded from the analysis, but also because patients with valvular disease generally 

undergo valve replacements, thereby confounding the results. However, increased incidence of 

POAF has been reported in patients undergoing CABG and mitral valve replacement (MVR), as 

well as patients undergoing CABG and AVR.(372, 373) These results are generally consistent 

with ours, in that I observed a significant increase POAF for patients with valvular disease, as 

well as for patients with an AVR. My observations of patients with higher preoperative WCC 

being less likely to have POAF were in contrast to those reported in the literature.(374, 375) It is 

difficult to speculate on the reason for this, as the mean WCC for both groups was within the 

normal range of 3.5-10.5x103/µL.(376) This is in contrast to the results of Lamm and colleagues 

in a population of similar size, who found no difference in WCC before CABG.(377) My results 

are surprising considering that an elevated WCC is generally associated with a poorer prognosis 

in many populations.(378-382) There are some exceptions, however; low WCC occurs as a side 

effect of chemotherapy, placing cancer patients at risk for infection.(383) I suspect that WCC 

could be lower in the POAF population considering that they are older; I observed a significant 

negative correlation between age and WCC. This difference between groups may become less 

pronounced during further enrolment, however it may also be worth pursuing in further research. 

Nonetheless, this index is included at present considering that it appears to be an effective 

predictor of POAF in the current population. 

 My hypotheses for the surface ECG metrics, namely that I could predict cases of POAF 

using measures such as heart rate, HRV, SAPW, and SAQRS, were mostly negative. I suspect 
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that this may be due to the relatively short 10-minute signal duration, to the somewhat modest 

200-patient sample size of the study, or to the large subset of patients taking β-blocking agents. 

Other factors could be that patients are instructed not to eat prior to surgery, and that they may be 

apprehensive prior to surgery and withdrawn from their usual sleep cycle. Although HRV and 

SAPW are research tools and are not used in routine clinical care, SAQRS is better validated and 

is used in practice. Perhaps it could be beneficial to record the ECG during a clinic visit in the 

days leading up to surgery as opposed to directly before the surgery in order to minimize these 

effects. Despite this, a difference in SAPW duration between POAF and NOAF groups has been 

reported by Zaman in a similar population of 326 patients.(65) In this report, investigators 

prospectively tested SAPW duration > 155 ms as a predictor of AF with PPV of 49% and NPV of 

84%. However, I had only 2 patients that fit this criteria in the NOAF group and 2 patients in the 

POAF group; all others had SAPW duration ≤ 155 ms. The association between prolonged 

SAPW duration and POAF has also been reported by Aytemir, who suggested a cutoff of 122.3 

ms in a population of 53 patients.(384) However, this was not very effective in my population; 

the rule misclassified 54% of patients. Other investigators have predicted POAF with similar 

cutoffs in SAPW measures (385-388) and HRV indices.(29, 196, 334, 389, 390) Similarly, longer 

QRS duration has been associated with AF in patients with left ventricular dysfunction in the 

general population,(391) although this is a relatively recent finding that merits further 

investigation.(392) Approaches such as these are likely not an effective solution for the 

population considering that there was marked overlap in terms of standard deviation between the 

groups in all ECG measures. There were several statistically significant and trending results in 

the ECG metrics, although I believe that these occurred primarily due to the fact that I measured 

many indices; a subset of these 25 indices may have exhibited a significant difference between 

groups simply by chance. The standard deviation for most ECG metrics was so large and the 
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difference in means so small that I did not believe these finding to be worthy of further 

investigation; likely a type I error in the results. Although the surface ECG is essential for 

diagnosis of irregular heart rhythms, and for risk stratification for some events such as long QT 

for SCD,(203) it may be appropriate in certain cases to investigate new diagnostic techniques to 

complement those established in the literature. In terms of ECG metrics, the variability between 

individuals in this population is so great that reproducibility must be examined before 

considering application in clinical practice.    
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Chapter 5 

Predicting Postoperative AF 

5.1 Binary Logistic Regression 
 

My first approach to classification of the NOAF and POAF patient groups was binary logistic 

regression (BLR). BLR is a type of regression analysis, which refers to a group of techniques for 

predicting outcome of a categorical dependent variable based on one or more predictor variables. 

It is referred to as binary logistic regression in cases such as ours where there is a binary 

outcome. The ‘regression’ in its name is somewhat misleading, as the true purpose of this 

technique is classification rather than regression. In BLR, responses are generated as a function 

of the predictor variables using a logistic function, which returns values between zero and one 

(Figure 5.1). I used the MATLAB ‘glmfit’ function on patients in POAF (outcome ‘1’) and 

NOAF (outcome ‘0’) groups to generate a vector of coefficient estimates (one for each variable) 

along with a constant, leaving a BLR model with which to perform classification.(393) This also 

gave a list of P-values for the predictors, indicating which predictors are most effective in 

prediction of POAF in the population. Classification using ‘glmval’ was then performed to gauge 

the performance of the BLR model on the data.(394) 

 



CHAPTER 5. PREDICTING POSTOPERATIVE AF              78 

!

 

 
Figure 5.1: The logistic function, with the result of the logistic regression function on the x axis 

and f(x), which corresponds to the sigmoid function, on the y axis.(395)  
 

I began by preparing a BLR classifier that used all predictors that exhibited statistical 

significance (P < 0.05, n = 3) or a statistical trend (P < 0.1, n = 2) for POAF vs NOAF, as 

described in the descriptive statistics of Chapter 4. I decided to exclude the ECG metrics that 

showed statistically significant or trending differences between groups, as I believe that they are 

the result of artifact. I excluded the time from OR to hospital discharge as this cannot be used as a 

preoperative predictor, and I also excluded LA volume because this measure was not available in 

the majority of patients (100 of 160 patients did not have LA volume measured).  The aim of 

BLR was to perform dimensionality reduction by determining which features are most effective 

for prediction of POAF. I prepared a BLR model for outcomes of NOAF (n = 106) and POAF (n 

= 54), with an outcome of 1 = POAF or 0 = NOAF, with the patient variables scaled to 0 mean 

and unit variance. From the results of BLR, I determined that I could include age (P = 0.04) and 
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WCC (P < 0.01) as predictors. I elected to also include CHF (P = 0.28), valvular disease (P = 

0.13), and AVR (P = 0.50) as predictors considering that they may be important with further 

enrolment. I used the most recent WCC, in some cases this was from a blood sample taken in the 

days leading up to CABG. For all patients (n = 160), feature vectors containing CHF, valvular 

disease, age, WCC, and AVR were passed to the machine learning algorithm. I then prepared a 

MATLAB script to perform leave-one-out cross validation on these data. I then prepared the BLR 

model, this model being for classification rather than dimensionality reduction. Using the feature 

vector composed of CHF, valvular disease, age, WCC, and AVR based on the training set 

(n=159), and evaluated its ability to classify the testing set (n=1) in leave-one-out cross 

validation. This means that 160 rounds of training and testing were performed, so each sample is 

tested in turn. Using the BLR model to classify the testing data, I obtained Se = 71%, Sp = 57%, 

PPV = 89%, NPV = 30%, and C = 59% for prediction of POAF. These results are presented in 

Table 5.1. 

 

Table 5.1: Results of leave-one-out cross validation for BLR on the testing set. 
BLR 
Test 

Se Sp PPV NPV C 
71% 57% 89% 30% 59% 

 
 

5.2 k-Nearest Neighbors 

 

 I continued experimenting with approaches to classification of patients into the POAF or 

NOAF groups by applying the k-NN algorithm. This part of the analysis was performed in 

MATLAB using the ‘ClassificationKNN.fit’ function.(396) Once the k-NN algorithm was 

prepared, I evaluated its performance using the ‘predict’ function.(397) During cross validation, I 
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found that the k-NN algorithm performed reasonably well with a k of 3, meaning that that new 

examples are classified based on the class of their 3 closest neighbors in feature space. I 

experimented with values for k of 1 to 10 in order to balance the algorithm’s ability to find 

boundaries between classes using a smaller number of neighbors, and also to perform robust 

classification in an environment with outliers by using a larger number of neighbors. In cases 

where I experimented with an even value of k, such as 2 or 4, I broke tied votes by selecting the 

class of the nearest of the k neighbors. I used Euclidean distance to measure the distance of 

samples to their neighbors; this can be thought of as the ‘ordinary’ distance between points in 

space, as could be measured using a ruler. I weighed the votes of the k neighbors using an inverse 

distance metric (1/distance) in order to place greater emphasis on the closest neighbors. 

Considering that it is complex to visualize a five-dimensional feature space, I present a smaller 

three-dimensional example of the feature space used by the k-NN algorithm in Figure 5.2. 
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Figure 5.2: An example of the type of feature space used by the k-NN algorithm. 

 

Using k-NN to classify the testing data, I obtained Se = 71%, Sp = 44%, PPV = 74%, 

NPV = 41%, and C = 57% for prediction of POAF. The results for the k-NN classifier in leave-

one-out validation are summarized in Table 5.2. 

 

Table 5.2: Results of leave-one-out cross validation for k-NN on the testing set. 
k-NN 
Test 

Se Sp PPV NPV C 
71% 44% 74% 41% 57% 
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5.3 Support Vector Machine 

 

My third approach to classification of the data into POAF and NOAF groups was the SVM 

algorithm. In order to prepare an SVM model, I used the ‘svmtrain’ function in MATLAB,(398) 

and I subsequently used ‘svmclassify’ for classification with the model.(399) I experimented with 

a variety of kernel types, such as linear, quadratic, polynomial, and radial basis function. I found 

little difference in performance on the labeled training data with these approaches, however the 

radial basis function kernel was selected as it appeared to be slightly more accurate than the 

others. The training process involved expressing a separating boundary, and maximizing the 

margin on either side of this separating and the closest patients in space, referred to as the 

‘support vectors’, thereby maximizing the separation between POAF and NOAF groups (Figure 

5.3). This was accomplished by experimenting with three methods for finding the separating 

plane; quadratic programming, SMO, and least squares. I again found little difference in 

performance by substituting these approaches, and therefore chose the popular and 

computationally efficient SMO technique.  
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Figure 5.3: Two of the five dimensions and separating line. The ‘support vectors’ in the legend 
represent labeled training examples that touch separating margin. Also circled are points that 

violate the margin, which allows for some error. 
 

Using SVM to classify testing data on either side of the separating plane, Se = 77%, Sp = 

49%, PPV = 67%, NPV = 61%, and C = 64% was obtained during prediction of POAF. These 

results are summarized in Table 5.3. 

 

Table 5.3: Results of leave-one-out cross validation for SVM on the testing set. 
SVM 
Test 

Se Sp PPV NPV C 
77% 49% 67% 61% 64% 
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5.4 Artificial Neural Network 

 

I continued my experimentation into POAF prediction by applying the ANN algorithm. I used the 

Neural Network toolbox,(353) which provides a graphical user interface for preparation of 

ANNs. I applied an ANN with 5 input nodes, one hidden layer, one output node, and a sigmoid 

activation function for the binary classification problem. I used 5 input nodes for the 5 input 

indices, and 1 output node for binary output of POAF or NOAF (Figure 5.4). I varied the amount 

of nodes in the hidden layer from 4-20, numbers which I felt would be sufficient to capture the 

variance of the labeled training set as best as possible, and settled on 10. I used a standard 

approach with mean square error as the performance function, which compares the output of the 

ANN during training to the desired output from the labeled training data, and gradient descent 

backpropagation as the training algorithm, which determines how to adjust the weights in the 

ANN are varied in order to find a solution that performs accurate classification.  

 

          
Figure 5.4: The architecture of the ANN. 

 

Using ANN to classify the testing data, I obtained Se = 70%, Sp = 61%, PPV = 93%, 

NPV = 20%, and C = 57% for prediction of POAF. These results are summarized in Table 5.4. 
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Table 5.4: Results of leave-one-out cross validation for ANN on the testing set. 
ANN 
Test 

Se Sp PPV NPV C 
70% 61% 93% 20% 57% 

 
 

 

5.5 Decision Tree 
  

The final algorithm added to the committee of classifiers was the decision tree, for which I used 

the ClassificationTree.fit function in MATLAB for preparation of the decision tree,(400) and the 

predict function for predicting outcomes.(397) For each variable, I used Gini’s diversity index to 

determine how to find a splitting point. Equation 5.1 was used to obtain the Gini index at each 

child node, where the sum is over the classes i, and p(i) is the observed fraction of cases with 

class i.(400) A ‘pure’ child node with just one class has a Gini index of 0, and larger numbers 

indicate greater impurity. I aimed to minimize the Gini index for each child node, in turn 

maximizing the purity and therefore the effectiveness of the decision tree. A pruned example of a 

decision tree I obtained during cross validation is presented in Figure 5.5.  

 

 

1− p2
i
∑ (i)  

Equation 5.1: Equation used to obtain the Gini index.(400) 
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Figure 5.5: A pruned version of the decision tree I obtained during cross validation. 
 

Using the decision tree to classify the testing data, I obtained Se = 68%, Sp = 38%, PPV = 

71%, NPV = 35%, and C = 53% for prediction of POAF. These results are summarized in Table 

5.5. 

 

Table 5.5: Results of leave-one-out cross validation for decision trees on the testing set. 
 

DT 
Test 

Se Sp PPV NPV C 
68% 38% 71% 35% 53% 

 

 

5.6 Committee of Classifiers  

 

I examined the performance of the five classifiers in order to determine which I would keep in the 

committee (Section 5.1-5.5). I found that the performance offered by BLR, k-NN, and ANN 

provided the best PPV in testing (89%, 74%, and 93%). I excluded the SVM and decision tree 

algorithms considering they produced many false positives (35 and 31 patients respectively). 

These two omissions left me with a committee of three classifiers, which conveniently eliminates 
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the possibility of having tied votes. I considered it important to have a strong PPV since in the 

case of POAF prevention I would aim to minimize false positives; I would rather suggest 

treatment for a smaller number of patients who I am confident will develop POAF. This is 

because currently there is no routine risk stratification for POAF, and patients are selected for 

treatment of POAF only once it develops. I would only want the algorithm to improve on the 

current process, so my goal is to only provide prophylaxis for patients who I am confident will 

develop POAF so as not to expose patients destined for the NOAF group to unnecessary side 

effects of prophylactic measures. There is an emphasis in medical practice to focus on PPV and 

NPV considering that some contemporary interventions have been shown to do more harm than 

good.(401) However, there are certain interventions where NPV may be emphasized, such as 

mammography where patients that may or may not have breast cancer can be called back for 

further testing. This is an important discussion, as there may also be psychological effects 

resulting from false positive tests. To clarify the meaning of the performance metrics applied in 

this study, summaries are presented in Table 5.6 

 

Table 5.6: Description of performance metrics. 
 Meaning 

Sensitivity (Se) Probability that the algorithm will indicate POAF for those with 
POAF. 

Specificity (Sp) Fraction of those in NOAF who will have a NOAF prediction. 

Positive Predictive Value (PPV) What is the chance that a person with a POAF prediction test will 
truly have POAF without intervention? 

Negative Predictive Value (NPV) What is the chance that a person with a NOAF prediction test will 
truly have NOAF without intervention? 

C-Statistic (Area Under the 
Curve) Ratio of true positives to false positives. 

 

 I combined the BLR, k-NN, and ANN into a committee of classifiers in order to combine 

the strengths of these algorithms. To do this, each algorithm cast a prediction as to the outcome 

(POAF or NOAF) of each patient in the labeled training data and unlabeled testing data. Votes 
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were counted, and a classification was performed based on the majority opinion. Using a 

committee of classifiers composed of BLR, k-NN, and ANN, I obtained Se = 70%, Sp = 56%, 

PPV = 89%, NPV = 26%, and C = 58% in testing during leave-one-out cross validation. The 3 

algorithms generally agreed on classification of patients, with all algorithms voting for POAF or 

all voting for NOAF. Disagreements took place in 32% of testing cases during cross validation. 

These results are summarized in Table 5.7. 

 

Table 5.7: A comparison of the classifiers, ranked in order of PPV. 
 Se Sp PPV ▼ NPV  C 
ANN 70% 61% 93% 20% 57% 

BLR 71% 57% 89% 30% 59% 

Committee (BLR, k-NN, ANN) 70% 56% 89% 26% 58% 

k-NN 71% 44% 74% 41% 57% 

Decision Tree 68% 38% 71% 35% 53% 

SVM 77% 49% 67% 61% 64% 

 

It is difficult to compare the performance of the algorithm to standard of care, considering 

that no such test exists at present. Using the ‘perfcurve’ function in MATLAB,(402) I prepared 

an ROC curve based on the results obtained using the committee during testing, these results are 

presented in Figure 5.6. The area under the curve was 0.58 in leave-one-out cross validation, 

which in this case of binary outcome is equivalent to the C-statistic. 
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Figure 5.6: ROC curve for prediction of POAF during leave-one-out cross validation on testing 

data. 
 

 

5.7 Comparison of Methods 

 

The committee of classifiers described in this thesis is composed of a nonparametric group of 

supervised learning algorithms. Each algorithm searched through a hypothesis space during the 

training phase to find a hypothesis that would be effective for the problem, which in my case was 

the prediction of POAF. This hypothesis was then evaluated for each algorithm on unlabeled 

testing data during the subsequent testing phase. The best C-statistic was 64%, which was 

achieved using the SVM. The best PPV was achieved using the ANN (93%), although the 
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committee and BLR models were quite close with 89%. Considering the nature of this 

observational pilot study, I opted to present the committee of classifiers as the final solution, as I 

continue to believe that it will be more flexible than individual predictors and will continue to 

outperform with further patient enrolment, especially when robust predictions are to be made for 

new patients at external healthcare institutions with different protocols for patients undergoing 

CABG. I speculate that the diversity of algorithms in the committee will achieve reliable 

classification with further enrolment.  

Primary prevention, which refers to strategies of preemptive prevention of disease 

processes, is challenging. Perhaps as enrolment continues, I may discover further predictive 

features that prove useful for prediction of POAF, as based on the current feature vector many of 

the cases mislabeled by the algorithm are counterintuitive to the human observer as well. For 

example, one of the patients from the NOAF group had age of 81 years, and a history of valvular 

disease. It would appear that this patient, due to their age being above average in this population 

and the history of valvular disease, yet they had no POAF. As was the case for all patients 

included in the study, this patient did not receive postoperative amiodarone. Although the low 

WCC (4.1x103/µL) in this case was correct in suggesting that this patient would not exhibit 

POAF, these features were insufficient to make the correct classification due to the patient’s 

advanced age. A second example, this patient being from the POAF group, had an age of 63 

years, no CHF or valvular disease, and a WCC of 6.7x103/µL. As before, this patient did not 

receive postoperative amiodarone prior to POAF onset. None of the predictive indices were 

remarkable in this patient, and yet they developed POAF. Based on the features I hypothesized 

would be best for predicting POAF, cases such as these were difficult to accurately classify. I 

therefore feel that the next step in improving an algorithm such as ours is in determining better 
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predictors. It is noted that pursuing excellence in medical research is a continuous process due to 

the complexity of the human body.   

In this pilot study I aimed to maximize PPV for the classifiers while retaining reasonable 

NPV, thereby correctly opting against POAF prophylaxis in the maximum number patients 

destined for the NOAF group in case preventative measures are not well tolerated. This may 

change with further enrolment, however, as the algorithm must undergo further validation prior 

to being applied in clinical practice. 
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Chapter 6 

Limitations and Conclusion 

 

6.1 Limitations 

 

The first limitation to the study is one of missing data, a factor that is difficult to avoid in clinical 

research. Many patients either had not undergone a preoperative echocardiogram or did not have 

their echocardiogram results forwarded to KGH (n = 80, 50%). Others did not have LA volume 

measured during their echocardiogram (n = 20, 25% of patients with echocardiograms). The 

results suggest that LA volume is a predictor of POAF, yet it was not possible to include it due to 

sample size limitations. WCC data was missing for 6 patients (4% of the population); since this 

was a smaller subset I felt it appropriate to substitute the mean. However, I speculate that the 

predictive accuracy I attained may be reasonable with further enrolment. As for the subset of 

patients with WCC measured in my study, I found a significant difference between patients in the 

POAF and NOAF groups (P < 0.01, WRS, Appendix 2). No other indices had missing data, with 

the exception of the SAPW, HRV, and SAQRS measures for the 19 patients who either had 

irregular rhythms exhibited during the ECG or device errors in recording the ECG. I may 
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continue by targeting patients with indices such as LA volume measured, or by investigating new 

predictive indices. The preoperative echo required for LA volume measurement could also be 

useful for other purposes, such as inspecting structural abnormalities that could complicate 

surgery. 

The second limitation to my study is that a subset of patients free from in-hospital POAF 

will likely develop this condition subsequent to hospital discharge. However, I do not consider 

this to be a true limitation to the primary goals, which are to predict cases of in-hospital POAF so 

that the morbidity of mortality of patients in critical care may be reduced, and the associated costs 

to the healthcare system may be attenuated. Perhaps this point could encourage a research study 

that involves screening for AF in the CABG population during their clinic follow up visits after 

surgery. 

Finally, there is some bias due to the statistical approach I used for dimensionality 

reduction. I found that there were significant differences between POAF and NOAF groups for 

presence of CHF, presence of valvular disease, intraoperative AVR, age, and WCC, among 

others. Considering that I performed statistical analysis on all 160 patients, I found predictors of 

POAF based on all patients rather than on the training set only. Algorithm preparation was 

performed on training data only, yet the indices to be used for algorithm preparation were found 

by searching the entire data set. I suspect the effects of this on the results to be minimal, however, 

considering that the algorithms were blinded to the testing data during leave one out cross 

validation. In addition, other investigators at external healthcare institutions have previously 

reported the majority of these predictors; I would have chosen a similar feature vector based 

simply on my literature review. To this end, my methodology for POAF prediction appears 

sound, and I believe that predictive accuracy will continue to improve with continued learning 
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during further enrolment, as well as with discovery of new predictors. It must be emphasized, 

however, that further validation is necessary before deployment. 

 

6.2 Conclusion 

 

My research at the Queen’s School of Computing was performed in collaboration with the 

cardiac program at KGH, which is dedicated to conducting patient-oriented medical research, 

training healthcare professionals, and delivering acute and complex care to over 500,000 

residents of Southern Ontario.(403) The goal of this thesis is a first step toward providing 

healthcare professionals with new opportunities to predict whether patients will develop 

sustained POAF following CABG, thereby providing significant value to KGH. Following 

further validation, the algorithm has the potential to support the mission of KGH by improving 

patient outcomes through medical innovation. Additional development during multi-center 

clinical trials may result in an algorithm that is a cost-effective solution to the financial burden 

associated with POAF following CABG. These results suggest that employment of these methods 

in routine practice would allow the identification of patients at high risk for POAF with Se of 

70%, Sp of 56%, PPV of 89%, NPV of 26%, and C of 58%. Following further enrolment during 

multi-center clinical trials, it may be appropriate to target preventative techniques for patients at 

risk for POAF. Perhaps the principal contribution of this thesis has been the effort to bridge the 

gap between computer science and medicine; the aim was to perform research at the interface of 

two disciplines. I therefore present this thesis in order to encourage continued collaboration 

between investigators in these two fields so that we may gain further insight into disease 

processes, thereby improving care for patients. 
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6.3 Future Directions 

 

There are two future directions for this research. The first is to improve the current algorithm, and 

the second is to explore new applications. To improve the algorithm, I suggest seeking out new 

predictors for POAF, and for the algorithm to be evaluated during further enrolment at external 

healthcare institutions. I make the first suggestion since it would be difficult to make marked 

improvements on the present approach at this time considering the fundamental heterogeneity of 

the POAF and NOAF groups in terms of the feature vectors selected. Several of the patients in 

the NOAF group appear very likely to exhibit POAF, yet they do not. This trend is also present in 

the POAF group. As an example of an area in which predictors of POAF may be discovered, I 

speculate that genetic testing may continue to become more accessible, enabling the investigation 

of promising genetic risk factors for AF that have been discovered in the general 

population.(404-410) However, the mechanisms of POAF are likely different to the mechanisms 

of AF occurring in the general population, therefore the same risk stratification measures may not 

be applicable to both POAF and AF. In the general population, AF appears to be associated with 

these genetic markers, as well as long-term factors such as aging,(26) hypertension,(189) 

smoking,(411) and presence of comorbidities such as OSA.(412) I hypothesize that the 

mechanisms of POAF may be more due to acute factors such as inflammation. To this end, 

inflammatory markers such as c-reactive protein (CRP) may merit further investigation,(413) and 

it may be beneficial to investigate more accurate markers than WCC if possible. It remains 

unclear as to how this inflammation could be causally associated with POAF. In addition, I 

would encourage the evaluation of the algorithm at external healthcare institutions that may treat 

a significantly different population for CABG,(414, 415) or that may apply different operative 
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and medical techniques, such as routine off-pump CABG,(416-419) robotic assistance,(420-425) 

and different practices for postoperative pacing.(426)  

Depending on the performance of the algorithms composing the committee of classifiers, 

it may be appropriate to remove committee members, change their parameters, or perhaps add 

others. Other classifiers that merit consideration include naïve Bayes and random forests. It may 

also be possible to achieve greater performance by training each classifier on a subset of the 

feature vector, maximizing independence between members of the committee. There could also 

be an optimization process to determine committee members. In addition, with further enrolment, 

it would be beneficial to add new examples to the set of labeled training data and to recalibrate 

the algorithms accordingly. I may also experiment with other approaches to training; some 

performance improvement may be found by applying techniques such as ‘bootstrap aggregation’, 

where each algorithm is trained on a random subset of the training data in order to promote 

diversity, ‘boosting’, where each algorithm is trained to classify cases where other classifiers 

made mistakes, leave-one-out cross validation, which is similar to leave-one-out cross validation 

however the algorithm is trained on 90% of the data set 10 times and tested on the remaining 

10% rather than a single remaining sample rotated for each example in the data set. Another 

improvement might be achieved by changing the current classification type. Currently a binary 

classification is performed, ‘POAF’ or ‘NOAF’, however it may be more useful for clinicians to 

have a tiered classification system, for example ‘low risk’ ‘medium risk’ and ‘high risk’. There 

could alternatively be a gradient of POAF risk, for example a score from 0 to 10. Finally, I may 

remove elements of the feature vector if they are not effective in external populations, and I may 

add new elements as new predictors of POAF are discovered.  

If the performance of the committee is determined to be acceptable following multi-center 

clinical trials, I may begin to consider applying for regulatory approval for it to be used in routine 
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clinical care. During these trials, I would measure actual healthcare cost savings associated with 

implementation of the algorithm on hospital computers. It may be beneficial to consider a 

randomized control trial (RCT) during this process, where the predictions of the algorithm could 

be compared to predictions made by expert physicians, however this may be difficult considering 

that no concrete guidelines for the prediction of POAF by physicians have been proposed, and 

risk stratification for POAF is generally not performed despite the consequences that have been 

discussed. Although it is out of the scope of this research, I acknowledge that new prophylactic 

measures may emerge and may be applied to all patients if they are well-tolerated, such as new 

medications and new approaches to postoperative pacing. If this were to take place, the algorithm 

would need to be adjusted to target patients for whom this new prophylaxis was not effective.  

In the research described in this thesis, I trained an algorithm that emulates the decision-

making ability of a medical professional. The algorithm has been trained to predict cases of 

POAF based on multiple indices that have demonstrated correlation with its occurrence. There is 

a need for an algorithm such as this, considering that medical professionals do not currently 

predict which patients may develop POAF, and therefore stratified prophylactic measures that 

have demonstrated efficacy in this population are not yet applied. The encouraging results of this 

thesis suggest that continued application of machine learning algorithms to problems in medicine 

may be beneficial. Logical applications for this type of algorithm are situations where an 

uncertain diagnosis must be made, or where risk must be stratified in the prediction of future 

events. An example of the former is the detection by ICDs of arrhythmias that require application 

of defibrillation therapy using parameters such as QRS width (232, 233) and rhythm stability. 

(234-236) An example of the latter is the task of ventilator weaning where the input parameters 

are factors such as body temperature (324) and ECG features,(325) and the outcome is the 

success or failure of the patient’s removal from ventilator support. Considering that it is essential 
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for these tasks to be performed in real time, computational efficiency must be considered. 

However, I do not anticipate this to be a major concern considering that in all cases I was able to 

perform near-instantaneous POAF or NOAF classifications using a basic consumer machine (1.8 

GHz Intel Core i7 processor, 4 GB RAM, Mac OS X 10.8). Algorithm training was also efficient, 

with the process taking only a few minutes in MATLAB. In the event that the committee of 

classifiers is impractical in terms of computational requirements when training on large data sets 

following further enrolment, it would be possible to remove certain committee members, ideally 

retaining those that have excellent classification performance and minimal computational 

requirements.  

 During the process of improving the algorithm and finding new applications, the aim is 

not to seek to replace the judgment of physicians and other medical professionals. It may be 

intuitive to contemplate such a paradigm shift due to remarkable advances in artificial 

intelligence such as Watson and Deep Blue from IBM,(427, 428) however the current state of the 

field suggests that the true value of algorithms such as this is to assist physicians with their 

clinical workflow so that they may apply their expertise to a greater number of patients in need of 

care. This could be accomplished by allowing the prediction of POAF to be performed by less-

specialized individuals who are given access to decision support algorithms.(429) The principal 

challenge artificial intelligence faces in reaching acceptance in clinical care is that, like a human, 

it needs to have a deep understanding of the context of the problems relying on its judgment. 

Mitchell Kapor and Ray Kurzweil have registered a ‘Long Bet’ with the Long Now Foundation 

over the discussion of whether or not, by 2029, a machine will have passed the Turing Test, a test 

proposed by Alan Turing to evaluate a machine’s ability to exhibit intelligent behavior 

indistinguishable from that of an actual human.(430, 431) If Kurzweil’s prediction is correct, that 

a machine capable of passing this test will exist by 2029 due to the exponential growth of 
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technology, this machine could provide significant benefit to clinical care, and to the rest of the 

world. 
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In this appendix the clinical indices are presented for each patient group along with the results of 

the descriptive statistical analysis. 
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Appendix 2 

 

In this appendix the HRREB ethics approval is attached along with the yearly renewal notice. 

 

 

 

 

 

 

 

 

 

 

 



 
QUEEN'S UNIVERSITY HEALTH SCIENCES & AFFILIATED TEACHING 
HOSPITALS RESEARCH ETHICS BOARD-DELEGATED REVIEW 
January 04, 2012 
 
Mr. Geoffrey Seaborn 
School of Computing 
Goodwin Hall Room 557 
Queen’s University 
 
Dear Mr. Seaborn 
Study Title: SCOMP-008-11 Clinical Decision Support Software for Prediction of 
Postoperative Atrial Fibrillation Following Bypass Surgery 
File # 6006502 
Co-Investigators: Dr. S. Akl and Dr. D. Redfearn 
 
I am writing to acknowledge receipt of your recent ethics submission. We have examined the protocol and consent form for your project 
(as stated above) and consider it to be ethically acceptable. This approval is valid for one year from the date of the Chair's signature 
below. This approval will be reported to the Research Ethics Board. Please attend carefully to the following listing of ethics requirements 
you must fulfill over the course of your study: 
 
Reporting of Amendments: If there are any changes to your study (e.g. consent, protocol, study procedures, etc.), you must submit an 
amendment to the Research Ethics Board for approval. Please use event form: HSREB Multi-Use Amendment/Full Board Renewal Form 
associated with your post review file # 6006502 in your Researcher Portal (https://eservices.queensu.ca/romeo_researcher/) 
 
Reporting of Serious Adverse Events: Any unexpected serious adverse event occurring locally must be reported within 2 working days 
or earlier if required by the study sponsor. All other serious adverse events must be reported within 15 days after becoming aware of the 
information. Serious Adverse Event forms are located with your post-review file 6006502 in your Researcher Portal 
(https://eservices.queensu.ca/romeo_researcher/) 
 
Reporting of Complaints: Any complaints made by participants or persons acting on behalf of participants must be reported to the 
Research Ethics Board within 7 days of becoming aware of the complaint. Note: All documents supplied to participants must have the 
contact information for the Research Ethics Board.  
 
Annual Renewal: Prior to the expiration of your approval (which is one year from the date of the Chair's signature below), you will be 
reminded to submit your renewal form along with any new changes or amendments you wish to make to your study. If there have been 
no major changes to your protocol, your approval may be renewed for another year.  
 
Yours sincerely, 
 

 
 
Chair, Research Ethics Board 
January 04, 2012 
 

Investigators please note that if your trial is registered by the sponsor, you must take 
responsibility to ensure that the registration information is accurate and complete 
 



 

 
QUEEN'S UNIVERSITY HEALTH SCIENCES & AFFILIATED TEACHING 
HOSPITALS RESEARCH ETHICS BOARD 
 
The membership of this Research Ethics Board complies with the membership requirements for Research Ethics Boards as defined by 
the Tri-Council Policy Statement; Part C Division 5 of the Food and Drug Regulations, OHRP, and U.S DHHS Code of Federal 
Regulations Title 45, Part 46 and carries out its functions in a manner consistent with Good Clinical Practices.  
 
Federalwide Assurance Number: #FWA00004184, #IRB00001173 
 
Current 2011 membership of the Queen's University Health Sciences & Affiliated Teaching Hospitals Research 
Ethics Board:  
 
Dr. A.F. Clark, Emeritus Professor, Department of Biochemistry, Faculty of Health Sciences, Queen's University (Chair)  
 
Dr. H. Abdollah, Professor, Department of Medicine, Queen's University  
 
Dr. R. Brison, Professor, Department of Emergency Medicine, Queen's University 
 
Dr. M. Evans, Community Member  
 
Dr. S. Horgan, Manager, Program Evaluation & Health Services Development, Geriatric Psychiatry Service, Providence Care, Mental 
Health Services, Assistant Professor, Department of Psychiatry 
 
Ms. J. Hudacin, Community Member 
 
Dr. B. S. Kisilevsky, Professor, School of Nursing, Department of Psychology and Obstetrics & Gynaecology, Queen's University 
 
Ms. D. Morales, Community Member 
 
Ms. P. Newman, Pharmacist, Clinical Care Specialist and Clinical Lead, Quality and Safety, Pharmacy Services, Kingston General 
Hospital 
 
Dr. W. Racz, Emeritus Professor, Department of Pharmacology & Toxicology, Queen's University 
 
Ms. S. Rohland, Privacy Officer, ICES-Queen's Health Services Research Facility, Research Associate, Division of Cancer Care and 
Epidemiology, Queen's Cancer Research Institute 
 
Dr. B. Simchison, Assistant Professor, Department of Anesthesiology, Queen's University  
 
Dr. A.N. Singh, WHO Professor in Psychosomatic Medicine and Psychopharmacology  
Professor of Psychiatry and Pharmacology, Chair and Head, Division of Psychopharmacology, Queen's University, Director & Chief of 
Psychiatry, Academic Unit, Quinte Health Care, Belleville General Hospital  
 
Dr. E. Tsai, Associate Professor, Department of Paediatrics and Office of Bioethics, Queen's University  
 
 
 



 
QUEEN'S UNIVERSITY HEALTH SCIENCES AND AFFILIATED TEACHING HOSPITALS 
ANNUAL RENEWAL 

Queen's University, in accordance with the "Tri-Council Policy Statement, 1998" prepared by the Medical 
Research Council, Natural Sciences and Engineering Research Council of Canada and Social Sciences and 
Humanities Research Council of Canada requires that research projects involving human subjects be reviewed 
annually to determine their acceptability on ethical grounds. 

A Research Ethics Board composed of:  
 
Dr. A.F. Clark, Emeritus Professor, Department of Biochemistry, Faculty of Health Sciences, Queen's 
University (Chair)  
Dr. H. Abdollah, Professor, Department of Medicine, Queen's University  
Dr. C. Cline, Assistant Professor, Department of Medicine, Director, Office of Bioethics, Queen's University, 
Clinical Ethicist, Kingston General Hospital 
Dr. R. Brison, Professor, Department of Emergency Medicine, Queen's University  
Dr. M. Evans, Community Member  
Dr. S. Horgan, Manager, Program Evaluation & Health Services Development, Geriatric Psychiatry Service, 
Providence Care, Mental Health Services Assistant Professor, Department of Psychiatry  
Ms. J. Hudacin, Community Member 
Dr. B. Kisilevsky, Professor, School of Nursing, Departments of Psychology and Obstetrics and Gynaecology, 
Queen's University 
Dr. J. MacKenzie, Pediatric Geneticist, Department of Paediatrics, Queen's University 
Mr. D. McNaughton, Community Member 
Ms. P. Newman, Pharmacist, Clinical Care Specialist and Clinical Lead, Quality and Safety, Pharmacy 
Services, Kingston General Hospital 
Ms. S. Rohland, Privacy Officer, ICES-Queen's Health Services Research Facility, Research Associate, 
Division of Cancer Care and Epidemiology, Queen's Cancer Research Institute 
Dr. B. Simchison, Assistant Professor, Department of Anaesthesiology and Perioperative Medicine, Queen's 
University 
Dr. J. Tang, Medical Resident, Department of Emergency Medicine, Queen's University 
Ms. K. Weisbaum, LL.B. and Adjunct Instructor, Department of Family Medicine (Bioethics) 
 
 
 
has reviewed the request for renewal of Research Ethics Board approval for the project “Clinical Decision 
Support Software for Prediction of Postoperative Atrial Fibrillation Following Bypass Surgery” as 
proposed by Mr. G. Seaborn of the School of Computing, at Queen's University.  The approval is renewed 
for one year, effective January 04, 2013.  If there are any further amendments or changes to the protocol 
affecting the participants in this study, it is the responsibility of the principal investigator to notify the 
Research Ethics Board. Any unexpected serious adverse event occurring locally must be reported within 2 
working days or earlier if required by the study sponsor. All other adverse events must be reported within 15 
days after becoming aware of the information. 
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Chair, Research Ethics Board 
Renewal 1[x ] Renewal 2 [ ] Extension [ ] Code# SCOMP-008-11 Romeo file# 6006502


