
A
B
C
D
E
F
G

UNIVERS ITY OF OULU  P.O.B . 7500   F I -90014  UNIVERS ITY OF OULU F INLAND

A C T A  U N I V E R S I T A T I S  O U L U E N S I S

S E R I E S  E D I T O R S

SCIENTIAE RERUM NATURALIUM

HUMANIORA

TECHNICA

MEDICA

SCIENTIAE RERUM SOCIALIUM

SCRIPTA ACADEMICA

OECONOMICA

EDITOR IN CHIEF

PUBLICATIONS EDITOR

Senior Assistant Jorma Arhippainen

Lecturer Santeri Palviainen

Professor Hannu Heusala

Professor Olli Vuolteenaho

Senior Researcher Eila Estola

Director Sinikka Eskelinen

Professor Jari Juga

Professor Olli Vuolteenaho

Publications Editor Kirsti Nurkkala

ISBN 978-951-42-9607-9 (Paperback)
ISBN 978-951-42-9608-6 (PDF)
ISSN 0355-3213 (Print)
ISSN 1796-2226 (Online)

U N I V E R S I TAT I S  O U L U E N S I SACTA
C

TECHNICA

U N I V E R S I TAT I S  O U L U E N S I SACTA
C

TECHNICA

OULU 2011

C 397

Mari Karsikas

NEW METHODS FOR 
VECTORCARDIOGRAPHIC 
SIGNAL PROCESSING

UNIVERSITY OF OULU,
FACULTY OF TECHNOLOGY,
DEPARTMENT OF COMPUTER SCIENCE AND ENGINEERING;
 INFOTECH OULU

C
 397

AC
TA

M
ari K

arsikas

create_outer_cover-2.xsql  Page 1  Wednesday, October 19, 2011  4:27 PM





A C T A  U N I V E R S I T A T I S  O U L U E N S I S
C  Te c h n i c a  3 9 7

MARI KARSIKAS

NEW METHODS FOR 
VECTORCARDIOGRAPHIC SIGNAL 
PROCESSING

Academic dissertation to be presented, with the assent of
the Faculty of Technology of the University of Oulu, for
public defence in Auditorium IT115, Linnanmaa, on 25
November 2011, at 12 noon

UNIVERSITY OF OULU, OULU 2011



Copyright © 2011
Acta Univ. Oul. C 397, 2011

Supervised by
Professor Tapio Seppänen
Professor Heikki Huikuri

Reviewed by
Professor Tom Kuusela
Docent Mika Tarvainen

ISBN 978-951-42-9607-9 (Paperback)
ISBN 978-951-42-9608-6 (PDF)

ISSN 0355-3213 (Printed)
ISSN 1796-2226 (Online)

Cover Design
Raimo Ahonen

JUVENES PRINT
TAMPERE 2011



Karsikas, Mari, New methods for vectorcardiographic signal processing. 
University of Oulu, Faculty of Technology, Department of Computer Science and Engineering;
Infotech Oulu,  P.O. Box 4500, FI-90014 University of Oulu, Finland
Acta Univ. Oul. C 397, 2011
Oulu, Finland

Abstract
Vectorcardiography (VCG) determines the direction and magnitude of the heart’s electrical
forces. Interpretation of the digital three-dimensional vectorcardiography in clinical applications
requires robust methods and novel approaches for calculating the vectorcardiographic features. 

This dissertation aimed to develop new methods for vectorcardiographic signal processing.
The robustness of selected pre-processing and feature extraction algorithms was improved, novel
methods for detecting the injured myocardial tissue from electrocardiogram (ECG) were devised,
and dynamical behavior of vectorcardiographic features was determined. 

The main results of the dissertation are: (1) Digitizing process and proper filtering did not
produce significant distortions for dipolar Singular Value Decomposition -based ECG parameters
from a diagnostic viewpoint, whereas non-dipolar parameters were very sensitive to the pre-
processing operations. (2) A novel method for estimating the severity of the myocardial infarction
(MI) was developed by combining the action potential based computer model and 12-lead ECG
patient data.  Using the method it is possible to calculate an approximate estimate of the maximum
troponin value and therefore the severity of the MI.  In addition, the size and location of the
myocardial infarction was found to affect diagnostic significant Total-cosine-R-to-T parameter
(TCRT) - changes, both in the simulations and in the patient study. (3) Furthermore, the results
showed that carefully targeted improvements to the basic algorithm of the TCRT parameter can
evidently decrease the number of algorithm-based failures and therefore improve the diagnostic
value of TCRT in different patient data. (4) Finally, a method for calculating beat-to-beat
vectorcardiographic features during exercise was developed. It was observed that the breathing
affects the beat-to-beat variability of all the QRS/T angle measures and the trend of the TCRT
parameter during exercise was found to be negative.  Further, the results of the thesis clearly
showed that the QRS/T angle measures exhibit a strong correlation with the heart rate in individual
subjects. 

The results of the dissertation highlight the importance of robust algorithms in a VCG analysis.
The results should be taken into account in further studies, so that the vectorcardiography can be
utilized more effectively in clinical applications. 

Keywords: ECG, electrocardiography, myocardial infarction, Singular Value
Decomposition, Total-cosine-R-to-T





Karsikas, Mari, Uusia vektorikardiografisia signaalinkäsittelymenetelmiä. 
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Oulun yliopisto
Acta Univ. Oul. C 397, 2011
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Tiivistelmä
Vektorikardiorgafia (VKG) kuvaa sydämen sähköisen toiminnan suuntaa ja suuruutta sydämen-
lyönnin eri vaiheissa. Vektorikardiogrammin onnistunut tulkinta kliinisissä sovelluksissa edellyt-
tää luotettavia menetelmiä ja uusia lähestymistapoja vektorikardiografisten piirteiden lasken-
nassa.

Tämän väitöskirjan tavoitteena oli kehittää uusia vektorikardiografisia signaalinkäsittelyme-
netelmiä. Väitöstyössä parannettin tiettyjen elektrokardiorgafisen (EKG) -signaalin esikäsittely-
vaiheiden ja piirteentunnistusalgoritmien luotettavuutta, kehitettiin uusia menetelmiä vaurioitu-
neen sydänlihaskudoksen tunnistamiseen EKG-signaalista, sekä tutkittiin vektorikardiografisten
piirteiden dynaamista käyttäytymistä. 

Väitöskirjan päätulokset voidaan tiivistää seuraavasti: (1) Paperitallenteisten EKG-tallentei-
den digitointiprosessi ja EKG-signaalin asianmukainen suodatus ei aiheuta diagnostisesti merkit-
täviä vääristymiä ns. dipolaarisiin singulaariarvohajotelmaan (SVD) perustuviin EKG-paramet-
reihin. Kuitenkin ns. ei-dipolaariset herkemmät parametrit ovat sensitiivisiä näille esikäsittely-
vaiheille. (2) Väitöskirjatyössä kehitettiin uusi menetelmä sydäninfarktin vakavuuden arvioimi-
selle 12-kanavaisesta EKG-signaalista käyttäen aktiopotentiaaleihin perustuvaa tietokonemallia.
Väitöstyössä todettiin, että menetelmää käyttäen on mahdollista laskea karkea estimaatti kliini-
sessä käytössä olevalle maksimaaliselle troponiiniarvolle, joka kertoo vaurion määrästä sydänli-
haskudoksessa. Lisäksi sydäninfarktin koon ja sijainnin havaittiin vaikuttavan vektorikardiogra-
fiseen de- ja repolarisaation suhdetta kuvaavaan diagnostisesti merkittävään Total-cosine-R-to-
T- (TCRT) muuttujaan. (3) Tulokset osoittivat myös, että tekemällä muutamia pieniä parannuk-
sia alkuperäiseen TCRT-parametrin algoritmiin, voidaan merkittävästi vähentää parametrin las-
kennassa aiheutuvia vääristymiä ja täten parantaa TCRT-parametrin diagnostista arvoa erilaisis-
sa potilasaineistoissa. (4) Neljänneksi, työssä kehitettiin menetelmä, jolla vektorikardiografisia
piirteitä laskettiin dynaamisesti lyönti lyönniltä. Hengityksen havaittiin aiheuttavan rasitustestin
aikana merkittävää lyöntikohtaista vaihtelua. Työssä havaittiin myös, että niin TCRT-parametril-
la kuin myös muillakin de- ja repolarisaation välistä suhdetta kuvaavilla muuttujilla oli selvä
korrelaatio sydämen sykkeen kanssa. 

Väitöskirjan tulokset korostavat luotettavien algoritmien tärkeyttä vektorikardiografisessa
analyysissä. Tulosten huomioiminen jatkotutkimuksissa edesauttaa vektorikardiografian hyö-
dyntämistä kliinisissä sovelluksissa. 

Asiasanat: EKG, elektrokardiografia, singulaariarvohajotelma, sydäninfarkti, TCRT





When it beats 
take measurements. 

When it speaks 
take heed. 

-SV 
 
 

Life is suffering 
Dedicated to fellow-sufferers 
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Abbreviations 

AMI Acute myocardial infarction 

AP  Action potential 

APD  Action potential duration 

AT  Activation time 

A-TWR Absolute T wave residuum 

CAD Coronary artery disease 

ECG  Electrocardiogra/m, -phic, -phy 

EDL Equivalent double layer 

Ef Ejection fraction 

ESS  Equivalent surface source 

FFT Fast Fourier transform 

HR Heart rate 

HRV Heart rate variability 

LV  Left ventricle 

MI  Myocardial infarction 

NSTEMI  Non-ST elevation acute myocardial infarction 

PCA Principal Component analysis 

PCA3 A PCA-based VCG parameter 

QMI Q-wave myocardial infarction 

QRS/T angle Parameter representing the angle between QRS and T loops 

QRST/RR Parameter representing the ratio of QRS/T angle and RR 

RR  Duration from R wave to next R wave 

RSA  Respiratory sinus arythmia 

RT  Repolarization time 

R-TWR Relative T wave residuum 

STEMI ST elevation acute myocardial infarction 

SVD Singular Value Decomposition 

TCRT  Total-cosine-R-to-T 

TCRT/RR  Parameter representing the ratio of TCRT and RR 

TWR  T wave residuum 

VCG Vectorcardiogra/m, -phic, -phy 
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1 Introduction 

1.1 Background 

Electrocardiographic analysis is one of the first areas in medicine in which a 

computer processing has been introduced. An electrocardiogram (ECG) has been 

studied starting since the late 19th century. It studies the function of the heart by 

reviewing the electrical potentials measured on the body surface and it is the 

primary tool in clinical diagnosis of the heart. The diagnostic information of the 

spatial discrimination of the excitation process is possible by means of analysis 

with numerical methods and by use of background knowledge concerning 

electrophysiology of the heart, and at present, an automated, computer-based 

analysis is the topic of the research area (Sachse 2004). 

Various signal processing algorithms for ECG analysis have been generated, 

e.g. for rest ECG interpretation, stress testing, ambulatory ECG monitoring, and 

intensive care monitoring. Common to all these systems is a set of algorithms 

which remove different types of noise, compress the data, and extract various 

ECG parameters.  

A number of lead systems exist today with standardized electrode positions, 

but the standard 12-lead ECG and orthogonal lead system producing a 

vectorcardiogram have received most attention. Although the information 

contained in vectorcardiographic (VCG) leads has been found useful in many 

applications, the 12-lead ECG has remained the preferred lead system in the 

clinical environments due to the existence of well-established criteria for its 

interpretation. However, lately the synthesizing of VCG from standard 12-lead 

ECG has been implemented with success, and synthesized VCG has contributed 

to improved detection of certain electrocardiographic abnormalities. 

The outcome of the computer interpretation is critically dependent on the 

accuracy of the measurements, and therefore, the role of signal processing has 

become increasingly important in producing accurate measurements, especially 

when analyzing ECGs recorded under ambulatory or demanding conditions 

(Sörnmo & Laguna 2005). Since retrospective clinical studies require ECG data 

measured during several decades, the digitizing of the paper ECG prints is still a 

valid problem, especially when novel diagnostic parameters require data with a 

good quality. 
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Multiple clinical methods for detecting cardiac diseases are utilized in the 

hospital in day-to-day work but there is uncertainty about their diagnostic 

accuracy. Unreliable and less robust techniques and algorithms lead to 

misinterpretation with the risk of potentially serious consequences for the patient. 

Because of this, automatic diagnosis embedded in ECG devices are often not paid 

attention to. However, novel electrocardiographic information with a clinical 

impact is mostly not possible to detect visually or manually, and therefore, the 

importance of the robust and reliable automatic methods has been increased 

during the last years. 

Fig. 1. The synthesizing of VCG from the standard 12-lead ECG has been applied to 

the novel ECG features, which have shown to improve the detection of certain 

electrocardiographic abnormalities. 

1.2 Main objectives 

The objective of this thesis is to develop new methods and applications of 

vectorcardiographic signal processing. It can be divided into the following four 

sub-objectives: 

1. determine how digitizing process, noise and filtering influence singular value 

decomposition (SVD) -based ECG parameters,  

2. estimate the relationship between ECG/VCG morphology parameters and the 

severity of myocardial infarction (MI), 

3. improve robustness of vectorcardiographic features, and  

4. determine the beat-to-beat variability of vectorcardiographic QRS/T angle -

measures. 
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1.3 Research scope and approach 

This thesis focuses on developing novel and robust analysis methods for 

electrocardiographic research. It belongs to the field of biomedical engineering, 

especially to bioelectrical signal processing and modeling. The field of research 

integrates the areas of signal processing and cardiology. From the signal 

processing point of view, the dissertation deals with removing of artifacts, event 

detection, pattern classification, and modeling of the biomedical systems. From 

the cardiological point of view, the topic relates to diagnostics. The approach of 

the thesis is constructive and experimental and original publications are based on 

several patient materials from Finnish hospitals.  

1.4 Contributions of original publications 

In this chapter, the author’s contributions in the original publications are shortly 

described. The computer software MUHEWA, implemented by the author, has 

been used as an analysis tool with all the Papers I-VIII for processing and 

analyzing multi-channel electrogardiographic waveforms. MUHEWA gives out 

information on the electrical condition of the heart by calculating dozens ECG 

and vectorcardiographic parameters from standard 12 lead ECG or three 

dimensional xyz-data, see Fig. 1. MUHEWA has been implemented using both 

Matlab and Borland C++ environments and it been used as a research tool in a 

University Hospital of Oulu since 2005. 

Paper I determines how accurately commonly used Singular value 

decomposition (SVD) -based electrocardiographic loop parameters and non-

dipolar parameters can be calculated from the digitized paper ECGs. The author 

was responsible for the development of the method and implementation of the 

analysis. M.Sc. Lea Lehtola helped with preprosessing of data, Dr. Perkiömäki 

and Prof. Huikuri participated in the creation of the study, and Prof. Tapio 

Seppänen was the supervisor and also participated in the finalization of the 

manuscript.  

The main goal of paper II was to systematically assess the effects of noise on 

the SVD-based morphological parameters of the ECG during the T wave. The 

author was responsible for the development of morphology analysis. The author 

also participated in the writing process of the method part of the paper. Prof. 

Heikki Huikuri offered a cardiological viewpoint, Dr. Miika Koskinen helped 
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with the finalization of the paper, and prof. Tapio Seppänen was the supervisor 

and also participated in the finalization of the manuscript. 

Paper III aimed to determine, by using the equivalent double layer (EDL) 

model, which cell-level physiological events contribute to the Total-Cosine-R-to-

T (TCRT) –parameter during and after an acute myocardial infarct (AMI), and to 

study how the size and the location of the myocardial infarction affect TCRT. The 

paper was designed and carried out mainly by the author. Prof. Heikki Huikuri 

and Dr. Juha S Perkiömäki offered a cardiological viewpoint and Prof. Tapio 

Seppänen was the supervisor and also participated in the finalization of the 

manuscript.  

In paper IV a method for estimating the severity of the MI from real ECG 

data by using the EDL model was developed and the severity estimators produced 

by the method were tested to correlate with common clinical severity estimators 

of MI. The paper was designed and carried out mainly by the author. Prof. Heikki 

Huikuri offered a cardiological viewpoint and prof. Tapio Seppänen was the 

supervisor and also participated in the finalization of the manuscript.  

In order to use TCRT parameter as a diagnostic value, it should also function 

with an abnormal ECG. In paper V, we investigated how the TCRT maintains its 

reliability as a diagnostic value in patients with ECG distortions due to AMI. Also 

this paper was designed and carried out mainly by the author. Prof. Heikki 

Huikuri offered a cardiological viewpoint and Prof. Tapio Seppänen was the 

supervisor and also participated in the finalization of the manuscript.  

The aims of the paper VI were to introduce a more robust technique to 

determine the non-planarity of VCG loop structures and to investigate how the 

non-planarity of the T wave loop constructed by our new method works as a 

diagnostic value between a healthy subjects and patients with anterior and inferior 

MI compared to the PCA3 parameter. The author was responsible for designing, 

implementation and finalization of the study. M. Sc. Kai Noponen participated in 

the development of the non-planarity measure and the production of algorithms. 

Prof. Heikki Huikuri and Prof. Tapio Seppänen were the supervisors of the study.  

In paper VII, we developed an automatic beat-to-beat method for calculating 

the QRS/T angle measures from the standard 12 lead ECG, to specify the 

variability of three QRS/T angle measures during an incremental exercise and 

recovery protocol, both for healthy subjects and coronary artery disease (CAD) 

patients, and to explain potential differences between the three QRS/T angle 

measures during exercise. The author was responsible for designing, 

implementation, and writing process of the study. M. Sc. Kai Noponen 
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participated with the author in the development of the new QRS-T angle measures 

and the production of the algorithms. Dr. Mikko Tulppo offered the exercise data 

and helped to find the study approach. Prof. Heikki Huikuri and Prof. Tapio 

Seppänen were the supervisors of the study and also participated in the 

finalization of the manuscript.  

The purpose of paper VIII was to investigate the dynamics and rate-

dependence of the QRS/T angle and TCRT during exercise ECG in healthy 

subjects. The individual patterns of TCRT/RR and QRST/RR were found to be 

affected by the heart rate and this relation is non-linear by nature; the slope 

becomes steeper at higher heart rates. The author was responsible for the 

development of the method and implementation of the analysis along with the 

corresponding author Mr. Tuomas Kenttä, who also implemented the data analysis 

and writing process of the paper. Dr. Antti Kiviniemi and Dr. Mikko Tulppo 

offered their physiological viewpoint and Prof. Huikuri and Prof. Tapio Seppänen 

were the supervisors and also participated in the finalization of the manuscript. 
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2 Literature review 

This chapter provides an overview of the literature related to vectorcardiographic 

signal processing. The chapter is divided into three parts. Section 2.1. describes 

the background of the electrogradiography both in healthy and infracted heart 

tissues. Secondly, Section 2.2. briefly represents the viewpoint of the macro level 

modeling of the electrical function of the heart. In Section 2.3., the background of 

the vectorcardiographic features is described from the history and signal 

measuring to the clinical applications. 

2.1 Cardiac electrophysiology of healthy and infracted tissue 

“Those who suffer from frequent and strong faints without any manifest cause 

die suddenly” 

Hippocrates (circa 466–377 BC) 

2.1.1 A brief history of electrocardiography 

Electrocardiography has been used for the examination of the heart for 100 years. 

The research of the function of the heart by examining the electrical potentials 

measured on the body surface started in 1887, when A. Waller pointed out the 

dipolar nature of the cardiac electric generator and published the first human 

electrocardiogram (ECG) (Waller 1887). A few years later, the Dutch physiologist 

W. Einthoven improved the electrometer by distinguishing five deflections which 

he named P, Q, R, S and T. (Einthoven 1895). In 1908, Einthoven published a 

description of the first clinically important ECG measuring system (Einthoven, 

1908). Other remarkable landmarks in the history of the electrocardiography are, 

among others, the year 1934, when Frank Wilson invented unipolar leads by 

defining the 'Wilson Central Terminal' (Wilson 1934) and the year 1942, when 

Emanuel Goldberger created the augmented limb leads aVR, aVL and aVF. When 

added to Einthoven's three limb leads and the six chest leads present-day, the 12-

lead ECG was arrived (Jenkis 1996). Computer-aided 12-lead ECG recording has 

become a standard during the last few decades. In the 1960s, computerized 

acquisition and interpretation of the ECG were introduced, and are today 

incorporated in almost all modern ECG-recording devices. Digital 

electrocardiography has made it possible to analyze more complex ECG 
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parameters, such as the descriptors of QRS and T-wave morphology and three-

dimensional vectorcardiographic features (Acar 1999, Priori 1997). 

2.1.2 Genesis of electrocardiographic waveforms 

Each beat of the heart can be observed as a series of deflections away from the 

baseline on the ECG signal. These deflections reflect the changes in the electrical 

activity in the heart, which initiates muscle contraction and relaxation. The 

normal waveforms are represented in Fig. 2.  

The ECG can be divided into the following sections. 1) The initial evident 

wave for each cardiac cycle is the P wave, which represents the spread of the 

activation through the atria. 2) Ventricular depolarization appears in the QRS 

complex, which may appear as one, two, or three individual waveforms. The QRS 

complex is the largest-amplitude portion of the ECG, caused by currents 

generated when the ventricles depolarize prior to their contraction. 3) The T wave 

represents ventricular repolarization, whereby the cardiac muscle is prepared for 

the next cycle of the ECG. 4) T wave is sometimes followed by a small deflection, 

the U wave. 5) The ST segment is the interval between the end of ventricular 

activation and the beginning of ventricular recovery. 6) J point is the point where 

the QRS ends and the ST segment begins. 7) The QT interval measures the time 

from ventricular depolarization on set to the end of ventricular repolarization. 

(Topol 2007) 

Fig. 2. The schematic representation of the waveforms and the intervals of 

electrocardiogram. 
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2.1.3 ECG changes of acute myocardial infarction 

An acute myocardial infarction (AMI) is caused by necrosis of myocardial tissue 

due to an ischemia, i.e. restriction in blood supply. Serological biomarkers, the 

patient’s history, symptoms, and ECG, are important tools for diagnosing acute 

MI. The aim of the treatment of possible MI is to reduce the pain, to limit the 

development of MI, and to reduce the risk for serious complications.  

From the electrocardiographic perspective, the acute MI can be divided into 

two categories: ST segment elevation MI (STEMI), with typical ECG patterns 

involving the elevation of the ST segment, and non-ST segment elevation MI 

(NSTEMI), which has more nonspecific ECG patterns. Acute chest pain which 

appears concurrently with ST segment elevation indicates acute ischemia through 

the entire cardiac wall and incipient MI, in most cases, caused by a total occlusion 

of a coronary artery. Acute MI without ST elevation is typically a consequence of 

reduced myocardial perfusion caused by thrombosis that only partly occludes a 

coronary artery. (Braunwald 2000, Welinder 2009) 

The development of MI is usually classified in three phases by ECG patterns 

(De Luna 1993). The early phase is an ischemia, which is characterized by the T 

wave changes, especially the increase of the amplitude and the changes in the 

symmetry properties. Next, an injury occurs, which is characterized by the ST 

segment changes like an elevation and a reducing (Wei 2004, Hartikainen 2004). 

A severe or prolonged injury leads to the fully evolved phase of the myocardial 

infarction. This is reflected by abnormalities in the myocardial depolarization, the 

QRS complex, as a reduction of the R wave amplitude and the development of 

pathological Q waves. The changes in the QRS complex occur within a couple of 

hours after the occlusion of the coronary artery. In addition, the changes in the 

depolarisation abnormalities are associated with abnormalities in the 

repolarisation; elevated ST segments, and inverted, symmetrical T waves 

(Hartikainen 2004).  

The fully evolved phase of the MI is followed by the development of the 

chronic phase of the MI. During this progression, there is a gradual resolution of 

the repolarisation changes - the ST segment and T wave - toward normal 

(Hartikainen 2004).  

When an acute infarction changes into a remodelling phase, the ECG pattern 

of chronic MI can include unspecific patterns. ECG can vary from normal 

appearance to reduced R-wave amplitudes and permanent Q waves. ECGs with 

prior MI can be divided into Q wave and non-Q wave MI on the basis of Q wave 
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in the respective leads in the electrocardiogram. Much controversy continues to 

surround the issue of whether or not acute MI should be classified as Q wave or 

non-Q wave infarction for prognostic purposes (Savage 1977). In Fig. 3., the ECG 

chances during the evolution of Q wave myocardial infarction are characterized 

by six phases from ischemia to fibrosis. Normally, all of the following patterns 

cannot be seen. In addition, the time from the onset of MI to the final pattern is 

quite variable and related to the size of MI, the fastness of reperfusion, and the 

location of the MI. (Yanowitz 2011) 

Fig. 3. Evolution of Q wave myocardial infarction A) Normal ECG, B) T wave changes, 

ischemia, C) ST elevation, injury, D) Q waves, T wave inversion, necrosis, E) Q waves, 

T wave inversion, necrosis and fibrosis, F) Q waves, upright T waves, fibrosis.  

2.1.4  Action potential changes during acute myocardial infarction 

The action potential changes of the ischemic tissue are the direct cause of the 

changes in the ECG. During the early phase of the infarction, the action potential 

duration (APD) gradients in the heart change dynamically due to the dynamic 

APD changes in the ischemic/injured area. The ischemia induces APD shortening 

during the period of the acute infarct. (Shaw 1994, Downar 1977). The simulation 

in Fig. 4a demonstrates how the change of the APD incurs the ECG changes of 

the ischemia.  
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The second classical characterization of the ischemic myocytes in the 

incipient infarction, along with APD, is the decreasing of the AP amplitude (Dube 

1996, Divaka 2004). In Fig. 4b., the AP amplitude was decreased from normal 

state (100%) to full necrosis (0%) at 20% intervals, which causes ST segment 

elevation in ECG. 

AP changes in the fully evolved phase of the myocardial infarction are not 

completely understood in the literature. In Fig. 4c., the fully evolved infarction is 

generated by the activation delay in the damaged tissue, shortened APD, and 

decreased AP amplitude.  
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Fig. 4. The AP parameters and the corresponding ECG examples during the acute 

myocardial infarction in the simulation study (Karsikas 2007), where a) the ischemia 

phase b) the acute phase and c) the fully evolved phase of the myocardioal infarction 

was simulated by changing the AP duration, the AP amplitude, and the depolarization 

time. 
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2.1.5 Size measures of myocardial infarction 

Prognosis after acute myocardial infarction depends on the size of myocardial 

damage and the capacity of the left ventricular. Measurement of infarct size is an 

important element in the overall care of patients with STEMI. The extent of 

infarction has a direct relationship to prognosis. The knowledge of the infarct size 

assists in establishing the efficacy of reperfusion therapy and guides both short 

and long-term therapeutic decision making (Antman 2004).  

The two major modalities that can be applied to sizing MI are cardiac 

biomarkers and echogardiography (Antman 2004). The widely accepted cardiac 

biomarker methods for quantifying infarction are conventional CK-MB 

isoenzyme and troponin. The highly sensitive cardiac troponins (I or T) have 

greater myocardial tissue specificity and higher sensitivity than conventional 

biomarkers. Measurement of cardiac troponin at 72 hours provides an estimate of 

infarct size in patients with STEMI (Antman 2004, Ohlmann 2003). Secondly, 

global and regional left ventricle (LV) function provides an assessment of the 

functional consequences of STEMI and ischemia. The most common measure of 

the LV function is an ejection fraction (Ef), which is defined from the 

echocardiogram (Berne 2001). Ef is the fraction of blood pumped out of a 

ventricle with each heart beat.  

However, both of these modalities are relatively laborious clinical tests and it 

may be difficult to perform them in the emergency setting before the initiation of 

reperfusion therapy. The standard 12-lead electrocardiography is far less 

expensive and is performed routinely, either before or immediately after patient 

arrival at the hospital emergency department. Accordingly, among others, some 

ECG-based code systems for estimating the severity of the myocardial infarction 

are generated for estimating the size or severity of myocardial infarction, e.g. the 

Minnesota code, the Selvester score, Cardiac Infarction Injury score, and the 

Novacode (Vesterinen 2007). A quantitative comparison of initial ECG findings 

and final ECG-determined MI size has been reported to be useful in estimating 

the myocardial severity and salvage of the MI (Sevilla 1992, Clemmensen 1992, 

Bar 1996). 
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2.2 Modeling of electrical function of heart by equivalent double 
layer 

In general, the biophysical models in a cardiac study can be divided into the 

source models and the volume conductor models. Basic models of the volume 

source are dipole, moving dipole, multiple dipole, and multipole models. Volume 

conductor models can be, depending on the complexity of the model, infinite or 

finite models and homogenous or inhomogenous models (Malmivuo 1995).  

The problem, in which the source and the conducting medium are known but 

the field is unknown and has to be determined, is called the forward problem 

(Malmivuo 1995). The forward problem of electrocardiography involves the 

calculation of the body-surface potentials since the potentials on epicardium are 

known. The forward problem can also base on known equivalent current dipoles 

that represent the heart’s electrical activity (Gulrajani 1998). In proportion, the 

problem, in which the field and the conductor are known but the source is 

unknown, is called the inverse problem. The aim of the inverse problem of 

electrocardiography is to restore the heart activity from a given set of body-

surface potentials. This problem is ill-posed and its solution is instable. (Gulrajani 

1998) 

Equivalent double layer (EDL) is one of the source models used in the ECG 

simulations. The EDL is a particular variant of the so called equivalent surface 

source (ESS) models. In such models all myocardial electric activity is 

represented by equivalent sources on a surface encompassing the myocardium, 

the epicardial potential source model (Colli-Franzone 1985, Oster 1997) being 

another one of these. The EDL model expresses the entire electrical activity 

within the ventricles by means of a double layer source situated on the closed 

surface bounding the myocardium. For any position on the surface the time 

course of the local source strength is taken to be proportional to the 

transmembrane potential, of the cells near the surface (Geselowitz 1989, 1992). 

The model is based on the solid angle theory (Wilson 1933, Holland 1977). The 

EDL model has proved to be very effective in linking ventricular electrical 

activity to body surface potentials (Huiskamp 1988, Oosterom 2001, Modre 2003, 

Oosterom 2004). 

ECGSIM is a Dutch interactive simulation program, which is based on the 

EDL model and offers one way to solve the biophysical forward problem in the 

heart, see Fig. 5. ECGSIM does not solve the inverse problem, but the diagnostic 

applications of the software are only indirect and it has been mainly used as an 
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educational tool. However, ECGSIM also help researchers to understand the 

relationship between the electric current sources of the heart and the resulting 

electrocardiographic signals on the body surface as well as those on the surface of 

the heart (Oosterom 2011). A major feature of ECGSIM is its potential to study 

the effect of acute ischemia on the ECG (Oosterom 2011) and ECG has been used 

as a research tool among others the following publications: Arthur (2011), Kesek 

(2009), Galeotti (2009), and Erem (2009).  

ECGSIM simulates ECG signals by specifying the distribution of the electric 

source strength over the surface bounding the myocardium of either the atria or 

ventricles. ECGSIM is distributed under the terms of the GNU license. 

Fig. 5. The main window of ECGSIM. 
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2.3 Vectorcardiographic features 

The electric generator of the heart can be described as an equivalent dipole, called 

the electric heart vector. The measurement and display of the electric heart vector 

is called vectorcardiography (VCG) (Burch 1985). 

2.3.1 A brief history of vectorcardiography 

The history of the vectorcardiography went a long time hand in hand with the 

history of electrocardiogram. Einthoven et al. (1913) indicated that a vector 

quantity could define the electric forces from the heart recorded on the surface of 

the body and already Waller (1889) introduced the concept of the mean electric 

potential of the heart as a single dipole, see Fig. 6. Lewis (1916) for their part 

indicated the local spread of the waves of electric activation of the ventricles by 

small local vectors and Williams (1914) constructed a temporal series of vectors 

from the standard limb leads of the electrocardiogram. In 1920, the construct of 

the loop was first time found to represent a continuous series of vectors to display 

as vector quantities the electric forces of depolarization and repolarization (Mann 

1920). The construct of ventricular gradient was introduced in 1934 by Wilson et 

al.  

Many lead systems for measuring the VCG were developed. The orthogonal 

Frank lead system is one of the most common ways to measure VCG. It was 

introduced in 1954 and is based on the torso model and theoretical mathematic 

considerations (Frank 1954, Frank 1956). More details about VCG measuring are 

given in Section 2.3.2. 

The ventricular gradient has been defined as the sum of the QRS complex and 

T wave areas over the systolic electrical cardiac cycle (Geselowitz 1983). 

Geselowitz also found that action potentials must vary spatially in order to remain 

the evident ventricular gradient. A few years later, the ventricular gradient was 

defined to be the degree to which depolarization and repolarization does not 

cancel each other out in a certain body surface location (Flowers 1995, Vesterinen 

2007).  

The vectorcardiogram in normal people and in ischemic heart disease, 

myocardial infarction, ventricular hypertrophy, and right and left bundle branch 

block, Wolff-Parkinson-White syndrome, congenital heart disease, and in many 

other cardiac states has been described throughout the years subsequent to 1930’s 

(Mann 1938). Before digital recording devices, the vectorcardiogram showed 
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rarely to have any aspect of the electric potential from the heart which was not 

already clearly evident from the electrocardiogram. This was one reason for its 

slow development in clinical cardiology (Burch 1985). However, the digital 

electrocardiography has made it possible to analyze more complex three-

dimensional vectorcardiography features (Acar 1999), and the interest into the 

vectorcardiography as a diagnostic tool has again increased during the last 

decades.  

Fig. 6. Waller introduced the concept of the mean electric potential of the heart as a 

single dipole on the grounds of the isopotential lines mapped on the surface of the 

body (Waller 1889, Burch 1985). 

2.3.2 Measuring of vectorcardiogram 

Vectorcardiogram can be measured by using a VCG lead system or it can be 

derived from the standard 12-lead ECG. VCG measuring systems can be divided 

into corrected and uncorrected lead systems. The uncorrected VCG systems do 

not consider the distortions caused by the boundary and internal inhomogeneities 

of the body and they are no longer in clinical use. The goal of the corrected lead 

system is to perform an orthonormal measurement of the electric heart vector 

(Malmivuo 1995).  

The orthogonal lead systems are based on the principle that electric activity in 

the three-dimensional heart at one particular instant can be summed to one 

resultant vector. The most commonly used orthogonal lead system is Frank lead 

system (Frank 1956, Malmivuo 1995). Frank leads are derived from seven 
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electrodes: four leads on the chest, one lead on the back, one on the neck, and one 

on the left foot. The three leads derived from the system are called X, Y, and Z. 

The X and Y directions determine a frontal plane, X and Z directions determine a 

horizontal plane, and Z and Y directions determine a sagital plane, see Fig. 7  

Because the standard 12 lead ECG is the most common way to measure 

electrical function of the heart, the essential question is: is it possible to convert 

VCG from ECG enough accurately. When standard 12 lead ECG is measured, all 

the chest leads are on the front side of the body, compared to Frank lead system, 

where one of the chest lead locates on the back. Therefore the measurement by 

Frank lead system is more three dimensional than the standard 12 lead ECG.  

Different methods for synthesizing the VCG from the 12 lead ECG have been 

described, for example Inverse Dower matrix method, a multivariate regression 

method and the method used a quasi-orthogonal set of ECG leads (i.e. Levkov 

1987, Kors 1990, Dower 1988, Dower 1980, Edenbrandt 1988). Two of them: 

Dower Transform and Levkov Transform, although based on different theoretical 

background, are recently clinically accepted and commonly believed to be 

“lossless” (Augustyniak 2001). 

During last decade, Principal Component analysis has been increasingly used 

for reducing the standard 12 ECG leads to three orthogonal VCG leads, see 

Section 2.3.3.  

Fig. 7. a) The horizontal, frontal, and sagital planes. b) A vectorcardiographic loops of 

the QRS complex and T wave projected on the sagital, vertical and horizontal planes. 
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2.3.3 Principal component analysis in ECG signal processing 

Principal component analysis (PCA) has become an important tool for 

successfully addressing many issues in ECG analysis such as data compression, 

beat detection and classification, noise reduction, signal separation, and feature 

extraction. (Castells 2006) Noise reduction and classification of waveform 

morphologies in arrhythmia monitoring are early application areas of PCA in 

ECG analysis. Robust feature extraction of various waveform properties for the 

purpose of tracking temporal changes due to myocardial ischemia and signal 

separation during atrial fibrillation are examples about the recent applications. 

The latter ECG applications include SVD-based techniques for ECG noise 

reduction and extraction of the fetal ECG, measurement of repolarization 

heterogeneity in terms of T wave loop morphology, and dynamical beat-to-beat 

applications (i.e. Callaerts 1990, Acar 1999, Paul 2000, Piori 1997, Okin 2002, 

Langley 2009, Kenttä 2011). 

PCA is a statistical technique, which purposes to compress the information of 

a large set of correlated variables into a few variables, i.e. principal components, 

while not discard the variability present in the data (Joliffe 2002). The principal 

components are derived as a linear combination of the variables of the data set, 

with weights chosen so that the principal components become mutually 

uncorrelated. Each component contains new information about the data set, and is 

ordered so that the first few components account for most of the variability.  

Fig. 8. Eigenvectors ψ1 and ψ2 representing the directions to which the data should be 

projected (transformed) in order to produce the principal components of the original 

data set. 
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Considering a vector of n random zero-mean variables x for which the covariance 

matrix is Σ, the principal components (PCs) can be defined by z = Ax, where z is 

the vector of N PCs and A is the N × N orthogonal matrix with rows that are the 

eigenvectors ψ of Σ (Joliffe 1986). The eigenvalues λ of Σ are proportional to the 

fraction of the total variance accounted for by the corresponding eigenvectors ψ, 

so the PCs explaining most of the variance in the original variables can be 

identified, see Fig. 8.  

If, as is usually the case, some of the original variables are correlated, a small 

subset of the PCs describes a large proportion of the variance of the original data. 

More detailed description for PCA technique is represented for example by 

Shlens (2003) or Jolliffe (2002). 

In ECG signal processing applications, PCA is performed on a set of time 

samples rather than on a data set of variables. Since the ECG signal is repeated by 

nature, the analysis is often based on samples extracted from the same segment 

location of different periods of the signal. In that case, the eigenvectors Ψ 

associated with PCA can also be determined directly from the data matrix using 

SVD rather than from the covariance matrix as described above. The SVD states 

that an N × M matrix can be decomposed as X = UΣVT, where U contains left 

singular vectors, and V right singular vectors. The matrix Σ contains the singular 

values σ. To compare the PCA, the eigenvectors Ψ associated with PCA are 

obtained as the singular vectors of U, that is, Ψ = U, and the eigenvalues λ as 

σ2 /M. 

The non-dipolar content of the ECG signal can be quantified by the principal 

component analysis. The dipolar concept describes the electrical field as 

originating from a single vector source in a three-dimensional space. The 

magnitude and direction of the vector can in each moment be characterized by 

three orthogonal components. When the ECG-signal is processed by PCA, the 

resulting three largest principal components (S1-S3 in Fig. 9.) will be a description 

of this single vector in three dimensional space. All the components of higher 

order, i.e. nondipolar components (S4-S8 in Fig. 9.), describe the part of the signal 

that cannot be explained by the single vector of the model. 96–99.9% of all 

information in the QRS-complex has been retrieved in the first three factors 

(Scher 1960). 
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Fig. 9. An ECG beat has been processed by SVD, which can be used to reduce the 8-

dimensional standard ECG to a 3-dimensional VCG. 

2.3.4 Three dimensional angle measures 

The relationship between the QRS complex and the T wave, expressed as an 

angle in three dimensional space (see Fig. 9), has been a subject of interest during 

the last decade. The spatial QRS/T angle is defined as the angle between the 

directions of ventricular depolarization and repolarization, and it has been shown 

to be a strong and independent marker of cardiovascular mortality in general 

populations and cardiac patients (Kardys 2003, Yamazaki 2005, De Torbal 2004, 

Rautaharju 2006).  

One of the most often used parameter for measuring the QRS-T angle was 

developed by Acar et al. in 1999. That parameter is the averaged cosine of the 

QRS-T angle, ‘total cosine R-to-T’ (TCRT). For TCRT, the 12 lead standard ECG 

is firstly converted to a minimum dimensional space within the optimized SVD. 

The TCRT parameter is calculated as the averaged measure of the angles between 

the threshold vectors of QRS (all the vectors upside a threshold value around the 

R-spike) and the maximum of the unit vector, which reflects the orientation of the 

T wave loop. A more detailed description of the algorithm can be found in the 

original article (Acar 1999). 

If X is an 8 × N matrix, where each row corresponds to an ∈ECG lead and 

each column (N) represents a sample, then there are two orthogonal matrices: U 

and V so that the X = UTΣV, where N 8
1 2 8( ,   , )  diag σ σ σ ×Σ = … ∈ℜ , where 

σ1≥σ2≥ … ≥σ8≥ 0. Columns U and V are the left and right singular vectors, 

respectively, and σs are the singular values of X. The three-dimensional minimum 
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subspace is spanned by the columns of UN×3, and P is the projection of matrix X 

onto U, P = UΣ. PQRS and PT represent the projections of QRS and T-wave loops 

in the three-dimensional subspace, respectively. The unit vector UT represents the 

main orientation of the T-wave loop (PT) in this space. As stated in Equation 1, 

TCRT is the average of the cosines of the angles between the UT and each vector, 

PQRS(i), of the QRS complex whose resultant exceeds, e.g. 50% of the maximum 

value of the resultant: 

 
1

cos[ ( , ( ))]
n

T QRS

i n

TCRT ang U P i
n =

=  . (1) 

TCRT has often been paralleled to spatial QRS/T angle as a measure of the 

deviation between QRS and T loops (Acar 1999, Malik 2004). The three-

dimensional QRS/T angle is mostly defined as an angle between maximum 

vectors of the QRS and T waves calculated from the magnitude vector of the three 

most powerful SVD components. As shown in Equation 2, the QRS/T angle is the 

three-dimensional angle between the largest vector of the QRS complex (PQRS max) 

and the main vector of the T wave loop (UT):  

 max/ cos[ ( , )]T QRSQRS T ang U P∝ = . (2) 

The purpose of the cosine, in Equation 2, is to make QRS/T angle values 

comparable with the TCRT values (i.e. to produce QRS/T values in the range of 

−1 and 1). 

A third angle measure is a planar angle, which is measured in three-

dimensional SVD space and it is defined as an angle between the normal vectors 

of the QRS and T loop planes and it can vary only between 0 and π/2. The planar 

angle is based on algorithms implemented by M.Sc. Kai Noponen in 2010.  

The preceding three angle measures are illustrated in Fig. 10.  
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Fig. 10. Three vectorcardiographic 3-dimensional angle measures: a) TCRT, b) QRS/T 

angle, and c) planar angle. 

2.3.5 Dynamics of vectorcardiograpic features 

Dynamical behavior of the vectorcardiographic features in general is largely 

unknown, and in most of the studies, the VCG features have been calculated only 

for one single, even averaged, beat. 

Circadian rhythm of some VCG features has been studied in few papers 

(Batchvarov 2004). In the papers the features have often been defined e.g. at 10-

minute intervals, not beat-to-beat. Postural changes and respiration (Batchvarov 

2002), heart rate and autonomic effects were all likely to influence TCRT 

(Batchvarov 2002) and T Wave Residuum (TWR) (Batchvarov 2004). The 

nondipolar ECG content is not constant throughout ECG beat (Harumi 1986), and 

therefore, it is not clear whether they should be over the separate windows 

(Batchvarov 2004).  

On average, women have shown to have a predominantly higher cosine of the 

QRS/T angle and TCRT-parameters regardless of the heart rate (Smetana 2004, 

2002, Rautaharju 2006, Zhang 2007).  

The rate dependence of TCRT has been previously reported by Smetana et al. 

(2004). Their study indicated that TCRT achieves lower values at a higher heart 

rate, HR.  
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2.3.6 Clinical applications 

One reason for the slow development of the vectorcardiography in clinical 

cardiology may be that the three-dimensional vectorcardiography was developed 

too early without any comparable methods to understand its meaning or powerful 

computers available (Carson 1999). However, VCG analysis offered an additional 

help in the diagnosis already before digital recordings. Specific advantages of the 

vectorcardiogram were the recognition of undetected atrial and ventricular 

hypertrophy, greater sensitivity in identification of myocardial infarction, and 

superior capability for diagnosis of multiple infarctions in the presence of 

fascicular and bundle branch blocks. (Benchimol & Desser 1975).  

The lack of the time intervals was considered as weakness of the 

vectorcardiogram compared to the electrocardiogram. As an answer to that, the 

timed biplane vectorcardiogram was implemented and used for the analysis of 

complex arrhythmias and beat-to-beat changes in intraventricular conduction 

(Benchimol & Desser 1975). Especially vectorcardiography has shown its 

possibilities during the last decade because of digital ECG signal. It has been 

shown to offer potential among others in the diagnosis of right ventricular 

hypertrophy, combined left and right ventricular hypertrophy, right bundle branch 

block and myocardial infarction in various locations with the exception of lateral 

or high anterior infarcts. (Heckert 1961, Chou 1986, Hurd 1981, Brisse 1987, 

Hoffman 1965, Benchimol & Desser 1975, Tranchesi 1979, Nakaya 1981, Inoue 

1983). Furthermore, VCG had a greater sensitivity than ECG in detecting atrial 

enlargements (Chou 1986), a greater accuracy in the diagnosis of inferior 

infarction (Hurd 1981) and a greater diagnostic sensitivity to determine the 

severity of aortic valve stenosis (Ellison 1972). 

With the use of computerized VCG, obtaining and processing graphs is easier, 

and the problems of measuring the loops are eliminated. Therefore, many novel 

vectorcardiographic parameters have been implemented and applied in clinical 

studies during the last decade. Few commonly used parameters are described in 

detail below.  

The ventricular gradient or its equivalents has been shown to have a value as 

prognostic risk factors in post MI patients. Several parameters or features describe 

substantially the same phenomenon: spatial divergence of the main directions of 

the depolarization and repolarization wavefronts, QRS/T angle measures among 

others (Vesterinen 2007).  
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The most used QRS/T angle measure TCRT, see Section 2.3.4., is considered 

to reflect increased repolarization heterogeneity (Batchvarov 2004, Vesterinen 

2007). This parameter holds much promise and has been shown, in several 

studies, to be of a prognostic value (Zabel 2000, Zabel 2002, Kardys 2003, Okin 

2005, Batcvarov 2004, Malik 2004, Perkiömäki 2006, Kenttä 2011). Studies have 

shown the association of this divergence with adverse cardiac events, mainly 

arrhythmias, and death (Zabel et al. 2000, Malik et al. 2004, Perkiömäki 2006, 

Kenttä 2011). The association remains even in the presence of conduction 

disturbances (Zabel et al. 2000). TCRT has been shown to be capable of 

separating the patients with hypertrophic cardiomyopathy and normal subjects 

(Acar et al. 1999). The spatial QRS/T angle projected on a frontal plane can 

categorize the planar angles as normal, borderline, or abnormal (de Torbal et al. 

2004, Rautaharju 2006). Spatial QRS/T angle holds similar diagnostic and 

prognostic information to the TCRT. Spatial QRS/T angle has been shown to be a 

strong and independent predictor of cardiac mortality, sudden death, and total 

mortality (Kardys et al. 2003, de Torbal et al. 2004). For the QRS-T angle, 

conduction abnormalities had no effect on the prognostic value of the variable.  
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3 Research contributions 

In this chapter, the research contributions described in detail in the original 

publications I-VIII are given. Additionally, it discusses how the original 

publications answer the research problems. Eight publications of the thesis are 

divided into four chapters on the grounds of the main objectives of the study. In 

Papers I and II, the influence of the fundamental non-robust factors, as noise, 

filtering and the digitizing process of the paper ECG’s, on vectorcardiographic 

morphology parameters are determined. Next, Papers III and IV determine the 

interdependence between morphological VCG features and the severity, size, and 

location of myocardial infarction. In Papers V and VI, a novel and more robust 

VCG-based calculation have been developed. Finally, in Papers VII and VIII, the 

method to calculate the morphological VCG features dynamically from beat to 

beat has been developed.  

3.1 Influence of digitizing, noise, and filtering on Singular value 

decomposition –based ECG parameters 

This section describes how the digitizing process of the paper ECG’s (Paper I) 

and noise and filtering (Paper II) influence on electrocardiographic morphology 

parameters. 

All of the currently available commercial equipments provide 

electrocardiographic signals in a digital form and allow their registration in a local 

archive. The recovery of past ECGs from graph paper is still needed, however, 

since ECGs are a valuable source of information in many retrospective databases. 

Dozens of digitizing methods for paper ECGs have been developed for this 

purpose. Many morphological parameters of ECG can be calculated from a digital 

ECG and paper prints of ECG after digitizing. However, the digitizing process, 

including printing, scanning, ECG contour extraction, and alignment can produce 

changes to the signals, reducing the reliability of some sensitive parameters of 

QRS complex and T wave. In Fig. 11, an example of the signal distortion between 

digital and digitized signal has been illustrated.  

Paper I determines how accurately the commonly used SVD-based 

electrocardiographic loop parameters and non-dipolar parameters can be 

calculated from the digitized paper ECGs. The robustness of the digitizing 

process and the discriminating power of the parameters between the study groups 

were studied by comparing the parameters analyzed from digital ECGs and from 
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the paper ECGs which were produced from the same digital ECGs. The 

robustness of the parameters to the digitizing process and their discrimination 

ability between healthy subjects and post-infarction patients were investigated. 

The study groups consist of healthy subjects (n = 15, age 44 ± 10 [mean ± SD] 
years) and patients who were recovering from myocardial infarction (n = 15, age 

63±15 [mean ± SD] years). 

The standard T wave parameters, amplitude and area, and 

vectorcardiographic loop-parameters retained their robustness and discrimination 

ability during the digitizing process of the paper ECGs. The parameters that 

originally had discriminating power between the healthy and the patient groups 

retained it after the digitizing process. Especially, the non-dipolar parameters of 

the QRS complex were vulnerable to large changes. Despite the distortion, the T 

wave based non-dipolar parameters retained their discrimination ability during the 

digitizing process. However, analysis of these parameters from the paper ECGs 

can be risky. For example, combining of sample sets should be performed with 

caution if they are derived from different scanning protocols.  

Fig. 11. Digital, digitized and difference signal from channel V4. The x-axis is the time 

in millivolts and the y-axis is the voltage in millivolts. 

As various types of noise contaminate the ECG signal and create a bias for the 

morphological analyses, Paper II was designed to estimate the effects of noise on 

the SVD method in an experimental setup. Ideal signals were generated by 

filtering real ECG signals several times with the Savitzky-Golay filter. Random 

and real noise samples were superimposed on the ideal signals. The noisy signals 

were filtered with a power line interference filter combined with the Savitzky-

Golay or the wavelet filter. The results show that noise increased both the dipolar 
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and non-dipolar components significantly unless filtering was applied. R-TWR 

(relative T wave residuum) and A-TWR (absolute T wave residuum) were four to 

eight times higher in noisy signals. The experiments with patient data 

demonstrated that certain types of noise may even lead to erroneous classification 

of patients. Filtering brings the median values closer to the correct ones and 

decreases significantly the variance of the values of parameters.  

Fig. 12. The main window of MUHEWA 1.2. (2008). 

The computer software MUHEWA, Multi-channel ECG Wave Morphology 

Software has been used as an analysis tool in all the Papers I-VIII for processing 

and analyzing multi-channel electrogardiographic waveforms, see Fig. 12. 

MUHEWA gives out information on the electrical condition of the heart by 

calculating dozens of ECG and vectorcardiographic parameters. MUHEWA has 

been used as a research tool in a University Hospital of Oulu since 2005.  
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3.2 Estimating relationship between ECG/VCG morphology 
parameters and severity of MI 

Vectorcardiographical parameters represent the electrical function of the heart in a 

more comprehensive manner than the features of the position-spesific standard 

12-lead ECG. Next, two papers III and IV, aim to apply the ECG and VCG 

parameters for estimating the severity of myocardial infarction with a 

mathematical model. 

In Paper III, an equivalent double layer (EDL) model was used to find action 

potential based causes to explain the observed diminution of the TCRT after 

myocardial infarction (MI). The aims of Paper III were to solve, by using the EDL 

model, which cell-level physiological events expound the diminution of TCRT 

during and after acute myocardial infarct, and to study how the size and location 

of the myocardial infarction affect TCRT. The study was divided into two phases. 

The first one was a simulation study to vary model parameters systematically to 

see the effect on TCRT. The second one was a patient study to confirm the results 

of the simulation.  

The model parameters affected the characteristics of QRS complex, ST 

segment and T wave. The used AP parameters and the corresponding ECG 

examples are illustrated in Fig. 4. In the simulations the ischemia phase (Fig. 4a), 

the acute phase (Fig. 4b), and the fully evolved phase (Fig. 4c) of the myocardioal 

infarction was simulated by changing the AP duration, the AP amplitude, and the 

depolarization time. 

The size and the location of the MI were included in the model. The 

simulation results indicate that the location of the infarction affects TCRT 

significantly. The trend, constituted by TCRT as function of the severity of the 

damage, however, differed significantly between the anterior and the inferior MI 

models. The values of the TCRT were lower in the case of anterior MI. Patient 

data (n = 53) were used to confirm the results of the simulation: TCRT separated 

the anterior MI and inferior MI clearly (p < 0.001). The results indicated that the 

location of the MI should be considered when interpreting changes of TCRT 

values with MI patients.  

The severity of MI is commonly estimated by cardiac biomarker methods and 

echocardiography. However, both of these modalities are relatively laborious 

clinical tests and may be difficult to perform in the emergency setting before the 

initiation of reperfusion therapy. The standard 12-lead electrocardiography is 

much less expensive and is performed routinely, either before or immediately 
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after patient arrival at the hospital emergency department. In Paper IV, we 

developed a method for estimating the severity of the MI by combining the action 

potential based computer model, described in Paper III, and 12 lead ECG patient 

data. The aims of this study were to develop a method for estimating the severity 

of MI from real ECG data by using the EDL model and to test how the severity 

estimators produced by the method correlate with common clinical severity 

estimators of MI. 

As the source activity cannot be determined uniquely from the measured 

surface potentials, a source model was required. The estimators of the severity of 

the anterior and inferior MI were developed by using an EDL model. The 

interactive computer program ECGSIM was used as a mathematical modelling 

tool for studying electrocardiological QRST waveform genesis.  

The method for estimating the severity of MI from ECG data is represented in 

Figure 13. The procedure consisted of three parts. Firstly, the injury degree of the 

infarction (S) was defined by varying the action potential parameters as in Fig. 

14. Parameter S was directly scaled from the amplitude, duration, and timing of 

the action potential. The injury degree S represented the severity of the infarction 

in the scale from 0% (severe injury in the myocardium) to 100% (healthy tissue) 

and it was determined for inferior and anterior myocardium separately. The fully 

evolved infarction features were generated by the shortening of the action 

potential duration and the decreasing of the action potential amplitude (the values 

ΔAPD = −60 ms and AP amplitude 66% was used as default values => S = 0%). 

Furthermore, a few ECG parameters were calculated from simulated 12 lead ECG 

data and a vector A was solved for each ECG parameter. In the second part, the 

same ECG parameters were calculated from patient data. The point of the study 

was that the vector A was supposed to be valid also in patient data. Consequently, 

the patient- and parameter-spesific estimators of the injury degree (Sest(R)) were 

solved. Thirdly, for final estimators, the best combinations of the single 

parameters were found by using a multiple linear regression analysis. The 

correlations between the final estimators and the two clinical estimators of the 

severity of the MI were calculated. 
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Fig. 13. The method for estimating the severity of the MI from ECG data. 
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The correlations between the final estimators and two clinical estimators of the 

severity of the MI were calculated, see Fig. 15. The severity estimators correlated 

to the maximum troponin value with r value 0.615 and to the ejection fraction 

with r value 0.428. On the grounds of the results, it is possible to calculate a 

coarse estimate for the maximum troponin value, and therefore, the severity of the 

MI, from the standard 12 lead ECG by using the simulation model based method. 

The estimated troponin value can be used to yield a fast assessment of the tissue 

damage of an ambulatory cardiac patient that is suspected to have an infarction. 

Fig. 14. a) The AP parameters and the corresponding ECG examples during the fully 

evolved myocardial infarction in the simulation study. b) The ST segment elevations 

were simulated separately by decreasing AP amplitude. 
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Fig. 15. The correlations between the estimators of the severity of MI (Sest) produced 

by the simulation model and the logarithm of maximum troponin value. 

3.3 Improving robustness of vectorcardiographic features 

Although the TCRT parameter is established in the field of ECG research as a 

remarkable prognostic marker, the algorithm has not been tested with diverse 

ECG materials. For instance, during acute myocardial infarction, ECG evidently 

differs from a healthy ECG. The changes in ECG waves depend, among others, on 

the size, location, and development step of the myocardial infarction. Typical 

changes of the myocardial infarction are inverted and symmetrical T waves, ST 

elevations, wide QRS complex, Q waves and reduction of the R wave. 

 In order to use TCRT parameter in diagnostics, it should also function with an  

abnormal ECG. In this study, we investigated how the TCRT maintains its 

reliability as a diagnostic value in patients with ECG distortions due to acute 

myocardial infarction. The computing problems of the TCRT are divided into four 

groups and proposals for improvement are presented and tested. 

In Paper V, the reliability of the TCRT algorithm was tested with the ECG 

data of healthy group (n = 25) and the AMI group (n = 45). Typical ECG changes 
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such as inverted and symmetrical T waves, ST elevations, wide QRS complex, 

and reduction of the R wave occurred in the AMI group. Calculation of TCRT 

failed in several AMI cases due to severe segmentation problems with the ECG 

waves. Typical problems occurred in the detection of the maximum of the T 

vector (9% of patients), the bounding of the R wave (18%), a comprehensive 

segmentation (11%), and finally, a decreased congruence between TCRT and the 

spatial QRS-T angle (33%). The results showed that small improvements to the 

basic algorithm can decrease the number of failures up to 82% in AMI data. The 

improvements obtained included: resetting of threshold values, better detection of 

the T peak, and finally, a more accurate model of the de-/repolarization sequence. 

It is concluded that segmentation properties should be improved in the basic 

TCRT algorithm in order to maintain the diagnostic value of TCRT in patients 

with acute myocardial infarction. 

Paper V proved that the planarity of vectorcardiographical loops is the 

assumption, which is required in order to calculate TCRT robustly. However, the 

assumption is not realistic for ECG data with heart disorders. In Paper VI, the 

non-planarity of the T wave is paid attention to. The PCA ratio is an old 

vectocardiographic (VCG) parameter that describes the T wave loop roundness 

and it can be visualized by analogy as the long and short axes of the three-

dimensional plane-like T wave loop. In fact, the shape of the T wave loop is not 

fully plane-like, but it also includes energy in the third orthogonal direction. 

However, the significance of the non-planarity has been paid only a little attention 

in previous studies. This may partly be due to historical reasons: the degree of 

non-planarity, contrary to PCA ratio, was not possible to calculate from the 

traditional two-dimensional projections of VCG loops in the time before digital 

signals. Specifically, the parameter PCA3 by Acar quantifies the projection of T 

wave loop on a two dimensional plane spanned by the first and the third 

component. However, the published measures are sensitive to segmentation of T 

wave from the ECG and to noise and other external influences such as movement 

artifacts. The aims of Paper VI were to introduce a more robust technique to 

determine the non-planarity of VCG loop structures; and to investigate how the 

non-planarity of the T wave loop constructed by our new method works as a 

diagnostic value between healthy group and patients with anterior and inferior MI 

compared to PCA3.  

The proposed new method for estimating the three dimensionality of the loop 

structure is comprised of the following stages: first, the VCG is resampled with 

respect to the arc-length to obtain equidistantly placed points on both the QRS 
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and T wave loop structures. Second, a total least squares plane fit is made to yield 

global information on the orientation of the loop structures. Third, the fitted axes 

are indentified and reordered based on behavior in time to correspond with the 

natural interpretation. Then, an optimal rotation matrix relating the two axis 

systems is estimated. Finally, the optimal rotation matrix is decomposed into 

Euler angles, and features describing the shape of the loop structure are 

calculated.  

The results showed that the non-planarity of T wave loop increased 

significantly in patients with myocardial infarction compared to the healthy 

group. The new method separated healthy and patient groups with p-value 0.002 

while PCA3 only with p-value 0.075. The new method was superior to PCA3 in 

separating the healthy patients from both infarction types.  

3.4 Beat-to-beat variation of vectorcardiographic QRS/T angle -
measures 

Dynamic beat-to-beat behavior of the QRS/T angle features is largely unknown, 

and in most of the studies, the angle features have been calculated only for one 

single beat. Furthermore, TCRT has been often paralleled to spatial QRS/T angle 

as a measure of the deviation between QRS and T loops, but the similarity of the 

measures is not sufficiently studied. The aims of the study were to develop an 

automatic beat-to-beat method to calculate the QRS/T angle measures from the 

standard 12-lead ECG, to specify the variability of three QRS/T angle measures 

during an incremental exercise and recovery protocol in both healthy people and 

CAD patients, and to explain potential differences between the three QRS/T angle 

measures during exercise.  

The automated 12 lead ECG beat-to-beat analysis to calculate three-

dimensional QRS-T angle measures is based on digital filters, an R detector, the 

removal of the extrasystoles, and the heart-rate normalized segmentation of the 

QRS and T waveforms. Dynamic analysis is shortly described as follows step by 

step: first, R-peaks were detected automatically from the ECG based on 

thresholds for amplitude and the first derivative and extrasystoles were removed. 

Then, the beats were segmented and each beat was defined from ‘R-peak minus a’ 

to ‘next R-peak minus b’, where a and b were time-constants and the waveforms 

were segmented as a heart-rate normalized segmentation using the PCA-based 

resultant vector . Finally, a proper feature analysis for each QRS-complex and T-

wave was calculated. 
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The three vectorcardiographic angle measures used in the study were the 

TCRT parameter, the cosine of the three-dimensional QRS/T angle (cos(QRST-

angle)), and the cosine of the angle between the normal vectors of the spatial QRS 

and T planes (cos(PlaneAngle)). Cosine-values of the angles were used for better 

comparability with TCRT, which already is a cosine value.  

Fig. 16. RSA-like modulation with TCRT parameter. 

The trend of the TCRT during exercise was negative, see Fig 17, and it was more 

negative in healthy subjects compared to coronary artery disease (CAD) patients. 

However, all the QRS-T angle measures did not appear to behave similarly during 

the exercise test or the recovery, and therefore, they should not be paralleled with 

each other. In addition, the breathing significantly affects the beat-to-beat 

variability of all the QRS/T-angle measures, which should be taken into account 

when considering the reliability of one-beat analyses of the angle measures. A 

beat-to-beat analysis would be much more informative than a single beat analysis, 

and it would increase the reliability of the QRS/T angle as a diagnostic or 

prognostic value. 

The preceding angle measures represent apparently the same phenomena: the 

relationship of the depolarization and repolarization. However, due to different 

algorithms the differences between the measures are remarkable.  

As Paper VII, also Paper VIII described the dynamical behavior of the 

vectorcardiographical QRS/T angle -measures. Paper VIII assessed a possible 

heart rate dependence of these variables during exercise ECG in healthy subjects. 

The relationship between TCRT and RR intervals as well as between the QRS/T 

angle and RR intervals were studied separately for the exercise and recovery 

periods in each subject. The individual beat-to-beat TCRT/RR and QRST/RR 

patterns were fitted with seven different regression models. The correlation 
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coefficient and average regression residual were also calculated for each fit. The 

average regression residual describes the quality of the fit; it is the root-mean-

square of the differences between the observed and regression-generated TCRT 

(QRS/T) values.  

Fig. 17. Individual TCRT-RR patterns from three different test subjects are shown on 

the top row. Corresponding QRST-RR patterns are shown on the bottom row. The first 

two patterns from the left represent the most typical patterns. 

TCRT and QRS/T angle showed to have a significant rate dependence, with 

decreased values at higher heart rates (HR). In individual subjects, the second-

degree polynomic model was the best regression model for TCRT/RR and 

QRST/RR slopes. It provided the best fit for both exercise and recovery. The 

overall TCRT/RR and QRST/RR slopes were similar between men and women 

during exercise and recovery, see Fig. 17. However, women had predominantly 

higher TCRT and QRS/T values. With respect to time, the dynamics of TCRT 

differed significantly between men and women, with a steeper exercise slope in 

women (women, −0.04/min vs −0.02/min in men, P < 0.0001). In addition, 

evident hysteresis was observed in the TCRT/RR slopes; with higher TCRT 

values during exercise. 
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4 Discussion and conclusions 

The objective of the thesis was to develop new methods and applications of 

vectorcardiographic signal processing. The objective was divided into four main 

sub-objectives. 

1. Firstly, the thesis concentrated on determining how digitizing process, noise 

and filtering influence on Singular Value Decomposition -based ECG 

parameters.  

TCRT, one of the most common SVD-based ECG parameters, quantifies the 

relation between the main axes of the QRS loop and the T wave loop. The 

TCRT appears to be robust to alignment and scanning noise. Also other SVD-

based vectorcardiographic loop parameters retained their robustness and 

discrimination ability during the digitizing process of the paper ECGs. 

However, the non-dipolar parameters distorted strongly during the digitizing 

process. Especially, the non-dipolar parameters of the QRS complex were 

vulnerable to large changes. Despite the distortion, the T wave based non-

dipolar parameters retained their discrimination ability during the digitizing 

process and analysis of these parameters from the paper ECGs can be risky. 

For example, the combining of sample sets should be performed with caution 

if they are derived from different scanning protocols. Generally, the 

parameters that originally had discriminating power between the healthy and 

the patient groups retained it after the digitizing process. 

The paper ECGs in this study were produced with a laser printer 

producing clean and sharp curves, but in practice, paper prints are not always 

as optimal. Fading of the prints is a severe problem with older ECG papers. 

We tested the thickening of the paper ECG curve with a pen and the 

parameter values increased even to ten-fold. Thus, the usual procedure of 

manual thickening is not recommended when calculating these parameters. 

Other factors that cause additional noise are the background grid of ECG 

papers, extra markings on the papers, photocopying, and low-quality plotters 

of older ECG recorders.  

The loop structure of QRS complex changes radically with infarction. 

The QRS loop is quite planar for healthy subjects, while it possesses a strong 

3-dimensional geometry for patients with myocardial infarction. The change 

in the loop geometry is likely due to a different path of the activation wave 

front when it passes the infracted myocardium. Alignment and scanning 
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introduce noise to all dimensions and affect more those dimensions with less 

energy initially.  

Since its application to the ECG signal, the SVD method has been widely 

used in ECG morphology analysis. However, the effect of noise for measured 

parameters has not been systematically evaluated and tested. The main 

finding of Paper II was that noise contaminates both dipolar and non-dipolar 

components in significant proportions by increasing the median values and 

variances of the parameters. Especially, the non-dipolar components are 

sensitive to noise. The percentage of non-dipolar energy is small (less than1% 

of the total energy) and the SNR is poor. As a result, added noise directly 

increases the mean value and distribution width of non-dipolar components. 

Filtering the data before using SVD decreases both medians and variances 

significantly, and makes them much closer to their correct values without 

sacrificing their discriminatory power. The main significance of the results 

emerges from the need to create high-quality patient datasets. The amount of 

noise varies between different persons and measurement trials, which makes 

direct comparison of parameter values an error prone task that can lead to 

incorrect conclusions. By filtering data, random disturbances can be 

decreased, and estimates of relevant physiological functioning can be 

achieved.  

The results of Papers I and II have been applied to several clinical studies 

of the research group, for example to Paper ”Effects of controlled 

hypoglycemia on cardiac repolarization in type I diabetes” (Koivikko & 

Karsikas et al. 2008), which assesses the effects of the controlled 

hypoglycaemia on cardiac repolarisation using electrocardiographic 

descriptors of T-wave and QRS complex morphology. In the study, paper 

ECGs were digitized and filtered as described in Papers I and II, and only 

robust parameters were used as results. The study proved, that the 

morphology of the T-wave changed significantly during hypoglycaemia and 

TCRT (p < 0.05) and the height and the width of the T-wave loop (p < 0.05 

and p < 0.01, respectively) were reduced in the diabetic patients. As a 

conclusion, hypoglycaemia results in distinct alterations in cardiac 

repolarisation, which may increase the vulnerability to arrhythmic events. 

As a conclusion, the analysis of the SVD-based ECG parameters from 

the paper ECGs can be risky, especially in the case of the non-dipolar 

parameters, which are sensitive to both digitizing and noise. Instead, 

digitizing process and filtering does not produce significant distortions for 
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dipolar SVD-based ECG parameters. Proper filtering is recommended when 

estimating SVD-based parameters from the ECG data.  

2. The second objective of the thesis was to estimate the relationship between 

the ECG/VCG morphology parameters and the severity of MI.  

In Paper III, the relationship was considered from the viewpoint of the TCRT. 

In the literature, TCRT was shown to have a remarkable prognostic value as a 

predictor of the outcomes of the heart illnesses. However, 60% of all 

myocardial infarctions can be classified as the anterior and 30% as the 

inferior MI. The results showed that the location and the severity of the acute 

myocardial infarction affected to TCRT values. The trend, constituted by 

TCRT as a function of the severity of the damage, differed between the 

anterior and the inferior MI. The trend was more negative in the case of 

anterior MI in all simulations. The same effect was repeated in the patient 

data: TCRT separated the anterior and inferior MI significantly. 

TCRT as a relation of two loops is dependent on changes in both QRS 

and T waves. The third element is the ST segment between the waves. In 

acute infarction, the changes may occur in all these elements. T wave 

(generated by APD shortening) and ST segment (generated by AP amplitude) 

changes were not able to explain the negativity of TCRT in this study. When 

these parameters were combined with QRS changes (generated by the 

dispersion of depolarisation time), the negative TCRT values in anterior MI 

were incurred. The same effect was repeated in the patient data. The 

negativity of the TCRT value required several ECG changes: not only the 

typical ischemia changes as T wave and ST segment changes, but also the 

later depolarisation changes affecting QRS complex changes. 

In Paper IV, the relationship between the ECG/VCG morphology 

parameters and the severity of MI was studied by estimating the severity by 

combining the action potential based computer model and the 12 lead ECG 

measured from MI patients. The correlation between the final ECG-based 

estimator produced by the model and Ef was clearly more insignificant than 

in the case of the troponin. On the grounds of this difference between R-

values, our method to estimate the severity of the MI expresses more the 

amount of the cardiac proteins released from injured myocardium than the 

heart's ability to eject blood. This can be expected, because the simulation 

model is based on the changes in the action potential level, not the power of 

the blood pumping.  
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The action potential models used in Papers III and IV include limitations, 

however. For example, the electrical and ionic changes in acute myocardial 

ischemia are assumed simplistically as homogenous. The changes in action 

potential, electrical uncoupling, and the related propagation disorders vary in 

a more complex way from the centre to the border of the ischemic zone than 

assumed in this study. In addition, the timing of the electrophysiological 

events was not fully matched to the patient data. The simulations represent 

slightly earlier events than the used patient data. Despite of these 

simplifications, the results of the simulations produced satisfactory 

explanations for the patient data. 

As a conclusion, the results of Paper III indicated that the location of the 

infarction should also be considered when interpreting TCRT values from the 

patients suffering acute myocardial infarction. In addition, on the grounds of 

the results, it is possible to roughly estimate the maximum troponin value, 

and therefore the severity of MI, from the standard 12 lead ECG using the 

simulation based method developed in Paper IV.  

3. The third objective of the thesis was to improve robustness of 

vectorcardiographic features. 

In Paper V, the reliability of the TCRT algorithm was tested with the ECG 

data of the healthy and AMI group and calculation of TCRT failed in several 

AMI cases due to severe segmentation problems with the ECG waves. 

Problems in the computing the TCRT value were supposed to be caused by 

atypical ECG changes. Since many kinds of changes in ECG are occurred 

during acute myocardial infarction, the problems were divided into four 

groups. In addition, proposals for improvements were described for each 

problem separately and the occurrences of each problem, both in a healthy 

group and in the patients with acute myocardial infarction, were calculated as 

well. A ST elevation is a typical change in the ECG during acute myocardial 

infarction. In a severe hypoxia, T wave apex may not exist at all, but the wave 

goes downward from the start of the T wave to the end of it. This causes an 

incorrect detection of the T wave apex, and therefore, the maximum of the 

unit vector of the T wave. Furthermore, in patients with a wide QRS complex, 

the T wave apex can be computed incorrectly as a part of the QRS complex, 

which causes the total error in the computing of the TCRT.  

The planarity of vectorcardiographical loops is the assumption, which is 

also required in order to calculate TCRT robustly. However, the assumption is 
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not realistic for ECG data with heart disorders. In paper VI, the robustness of 

vectorcardiographic features was improved by introducing a new method for 

estimating the non-planarity of the VCG loop structures.  

In the new method, the roundness of the loop did not affect to the 

planarity of the loop. For instance, during dynamic ECG recordings, the total 

energy and the planarity of the loop may remain, but the roundness of the 

loop varies due to movements and breathing. In that case, the value of the 

PCA3 also changes, because it is not related to the total energy, but only to 

the first eigenvalue of the PCA. This risk has been eliminated in our method. 

The benefits include the robustness against external artefacts and inaccuracy 

of loop segmentation. 

The reason for that the GF performed so differently between anterior and 

inferior MI may be that patients with inferior MI have in general smaller 

functional and regional damages caused by infarction compared to anterior 

MI, and therefore, the changes in ECG and VCG loops are also smaller and 

“healthier” with inferior MI patients. 

As a conclusion, segmentation properties of the basic TCRT algorithm 

should be improved in order to maintain the diagnostic value of TCRT in 

patients with acute myocardial infarction Such improvements as resetting of 

threshold values, better detection of the T peak, and finally, a more accurate 

model of the de-/repolarization sequence increase the robustness of TCRT 

parameter. In addition, the new method for estimating the non-planarity of the 

VCG loop structures improves the determining of the three-dimensionality of 

loops. The benefits include the robustness against external artefacts and 

inaccuracy of loop segmentation. 

4. The fourth and last objective of the thesis was to determine the beat-to-beat 

variability of vectorcardiographic QRS-T angle measures. 

Both Paper VII and Paper VIII studied the dynamics of the spatial angle 

between ventricular depolarization and repolarization wave fronts during 

exercise ECG. 

For estimating the trends of the beat-to-beat angle measures during the 

exercise test, the changes of the measures were supposed to be line-like in 

Paper VII. With healthy people, the slopes of the linear trend line of the 

TCRT were more negative, compared to CAD patients. This may partly be 

due to lower starting values with CAD patients. The results show that a 

respiratory sinus arythmia (RSA) -like modulation in the frequency band of 
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the breathing occurs in all three angle measures during exercise. In the rest, 

the modulation was about 10% of the range of the cosine values, but during 

exercise, even 50–60% of the range. ECG changes, due to RSA, naturally 

reflect to loop-parameters, but the varying-scale seems to be so extensive that 

one-beat analysis should dissect carefully because of the potential low 

repeatability.  

The angle between spatial QRS and T planes (measured by 

cos(PlaneAngle)) seemed to “lead a life of their own”. Because of that, the 

dissimilarity between TCRT and cos(QRS/T angle) only was studied. Two 

factors were found to explain the differing behavior of the TCRT and 

cos(QRS/T angle). Firstly, very wide and three-dimensional curved QRS 

loops are frequent, making any representation by a single vector clearly 

problematic. For this reason, the approach of measuring the vectoral 

deviation between QRS complex and T wave by integrating the dominant 

parts of both loops has been proposed and found to provide a stable 

expression of the spatial difference. Secondly, the sensitivity of the TCRT 

algorithm to the asymmetry of the QRS also seemed to be a reason for a 

difference between TCRT and cos(QRS/T angle). Averaging operation 

included in TCRT algorithm may result an unrealistic value, which decrease 

the exactness of the TCRT. Therefore, the TCRT is not a complete QRS-T 

angle measure, either. 

The dynamics of the TCRT differed between men and women during 

exercise; that is, women exhibited steeper exercise slopes. This might be 

attributable to the fact that women achieved higher HR earlier than men, and 

therefore, received lower TCRT values earlier in the exercise period. This 

theory is supported by the fact that the pooled TCRT/RR patterns did not 

differ between men and women. 

The TCRT values measured prior to exercise were lower than previously 

reported in the literature for healthy subjects. (Acar 1999) However, this can 

be explained with posture, as supine TCRT values are larger than TCRT 

values measured while sitting or standing (Batchvarov 2002). During the 

course of exercise, the TCRT and QRS/T values decreased toward the 

exercise peak, reaching negative values.  

The physiological basis for the decrease in the QRS/T angle and TCRT at 

elevated HR is not well known. It is suggested that the rate dependence of the 

TCRT partly derives from the differences between action potential durations 

(APD), generated by differences within the repolarizing ionic currents, with a 
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trend toward reduced global APD dispersion at higher HR (Smetana 2004). 

On the waveform level, the reason for the decrease in the TCRT and QRS/T 

values at higher HR can be speculated in a more straightforward manner. 

Previous studies on healthy subjects have shown specific, gradual changes in 

the ECG waveforms during and after exercise. Gradually decreasing R waves 

and increasing S wave magnitudes during exercise was reported in (Wolthuis 

et al. 1979). We suggest that these changes in the QRS complex combined 

with the changes in the T-wave amplitude and symmetry contribute largely to 

the behavior of QRS/T angle and TCRT during and after exercise. The 

decrease in the R wave and the corresponding increase in the S wave at 

higher HR alter the QRS loop morphology so that the contribution of S-wave 

vectors in the QRS loop increase. As the S wave generally has the opposite 

polarity to that of the T wave, the overall angle described by the TCRT 

decreases as more S-wave vectors exceed the threshold for the calculation of 

TCRT.  

The methods developed in Papers VII and VIII are applied for predicting 

a sudden cardiac death in the clinical study: ”QRS/T morphology measured 

from exercise electrocardiogram as a predictor of cardiac mortality” (Kenttä 

and Karsikas et al. 2011). The study hypothesis that the measurement of 

TCRT or QRS/T angle from exercise ECG gives even more powerful 

prognostic information than arrant TCRT value was tested. A loss of rate-

dependence of depolarization and repolarization wavefronts was shown to be 

a strong predictor of cardiac death, especially of a sudden cardiac death.  

In conclusion, the trend of the TCRT during exercise was negative, and it 

was more negative in healthy subjects compared to coronary artery disease 

(CAD) patients. In addition, breathing significantly affects the beat-to-beat 

variability of all the QRS-T-angle measures, which should be taken into 

account when considering the reliability of one-beat analyses of the angle 

measures. Finally, the individual patterns of TCRT and QRS/T angle are 

affected by HR and gender. A beat-to-beat analysis would be much more 

informative than a single beat analysis, and it would increase the reliability of 

the QRS/T angle as a diagnostic or prognostic tool. 
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5 Summary 

The interest in vectorcardiography as a diagnostic tool has increased during the 

last decade. However, the interpretation of the VCG features in clinical 

applications requires robust methods and novel approaches for calculating the 

VCG features. 

The main objective of the thesis was to develop new methods for 

vectorcardiographic signal processing. The robustness of selected pre-processing 

and feature extraction algorithms was improved, novel methods for detecting the 

injured myocardial tissue from ECG were devised, and dynamical behavior of 

vectorcardiographic features was determined.  

The following main contributions were achieved in the work: 1) Digitizing 

process and proper filtering did not produce significant distortions for dipolar 

SVD-based ECG parameters from a diagnostic viewpoint, whereas non-dipolar 

parameters were very sensitive to the pre-processing operations. 2) A novel 

method for estimating the severity of the myocardial infarction by combining the 

action potential based computer model and 12 lead ECG patient data was 

developed. Using the method it is possible to calculate an approximate estimate of 

the maximum troponin value and therefore of the severity of MI. In addition, the 

size and location of the myocardial infarction was found to affect TCRT changes 

both in the simulations and in the patient study. 3) Furthermore, the results 

showed that small improvements to the basic algorithm of the TCRT parameter 

can evidently decrease the number of segmentation failures and therefore improve 

the diagnostic value of TCRT in different patient data. In addition, the novel 

method to estimate the non-planarity of the VCG loop structures improved the 

analysis of the three-dimensional morphology of the loops. 4) A method for 

calculating beat-to-beat vectorcardiographic features during exercise was 

developed. It was observed that breathing affects the beat-to-beat variability of all 

the QRS/T-angle measures and the trend of the TCRT parameter during exercise 

was negative. Further, the results of the thesis clearly showed that the QRS/T 

angle measures exhibit a strong correlation with the heart rate in individual 

subjects. Therefore, the heart rate should be taken into account when studying the 

beat-to-beat variation of the QRS/T angle measures. 
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